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A B S T R A C T

Multiscale CFD simulations can provide insights into the coupling of the surface catalytic mechanism and reactor 
scale transport phenomena. To address the high computational cost of detailed micro-kinetic models, we have 
applied for the first time artificial neural networks (NNs) as surrogate models for micro-kinetic rate evaluations, 
with the aim of accelerating particle-resolved CFD simulations of a catalytic reactor. To evaluate the efficacy of 
the proposed strategy, a methane steam reforming packed bed reactor was selected as a benchmark case. A global 
reaction neural network with embedded thermodynamic and stoichiometric information has been implemented 
as a surrogate for a UBI-QEP micro-kinetic model available in literature. Two distinct test cases have been 
employed. The first targets a lab scale reactor, enabling either the full evaluation of the micro-kinetic scheme or 
the novel NN accelerated approach in the CFD simulations. The comparison between the two strategies showed 
deviations in the computed mole fractions of less than 1 % across a wide range of operating conditions along with 
a 19-fold total simulation and 63-fold chemistry speed-up. Consequently, the total simulation time of the 
benchmark was reduced from 114 h to 6 h, with only 29.2 % or 1.75 h of the computational cost being allocated 
to the chemistry sub-step of the solver. Therefore, source term evaluations are no longer the bottleneck of 
reactive CFD. Given the obtained excellent accuracy and speed-up, we applied the NN-accelerated micro-kinetics 
to the CFD simulation of an industrial scale packed-bed reactor, discretized with 44 M cells (54 % solid phase). 
To the best of our knowledge, this represents the largest reactive simulation with micro-kinetic level of detail. 
Overall, these results pave the way for the scale-up of multiscale simulations to industrially relevant scales.

1. Introduction

Heterogeneous catalysis plays a central role in the current trans
formation of the chemical industry, e.g. for the chemical valorization of 
CO2. Both the investigation of novel processes, and the optimization of 
existing reactor designs, require an increasingly detailed comprehension 
of the catalytic system [1–4]. In particular, it is not only sufficient to 
understand the reactive mechanism acting on the catalyst, but it is 
equally important to predict how the chemistry is affected by transport 
phenomena.

To achieve this level of comprehension, it is essential to be able to 
investigate the coupled physical and chemical mechanisms in the actual 

geometry of interest. In this context, multiscale numerical simulations 
have gained more and more importance [1,4–6]. However, this 
approach requires the coupling between the detailed modeling of fluid 
dynamics through the catalytic bed, the intraparticle diffusion within 
the catalytically active pellets of the bed and the catalyst kinetics. The 
fluid flow is usually described by means of Computational Fluid Dy
namics (CFD). The detailed description of the chemical reactions 
evolving on the catalytic sites of the pellets is typically the origin of most 
of the computational cost. In particular, the computational effort de
pends on the complexity of the reaction network and the required detail 
in the kinetic model. Micro-kinetic models are usually stiff systems of 
ordinary differential (ODE) equations that require a high percentage of 
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the overall computational resources [7,8] in catalytic CFD simulations. 
Moreover, more detailed kinetic modeling techniques, e.g. kinetic 
Monte Carlo, cannot be directly included in CFD but require specific 
methodologies to achieve an effective coupling [7,9]. Hence, an exten
sive effort is ongoing in the last years to properly manage the inevitable 
complexity of the catalytic models, enabling their application in CFD 
simulations of relevant reactor geometries and operating conditions [7].

Two primary approaches have been employed in the treatment of 
catalytic kinetics: in-situ (during runtime) and ex-situ (before runtime). 
In-situ approaches include in-situ adaptive tabulation [1,8,10–12] and 
cell agglomeration [1,13] occasionally applied even at the same time 
[12,14]. They reduce the number of integrations of the kinetic model, 
but their optimal setting is system dependent, hampering the effortless 
application of these speed-up techniques to arbitrarily complex systems. 
Ex-situ approaches consisted initially in the simplification/reduction of 
the catalytic mechanism, which is performed mainly through time scale 
analysis [15–20] or error based strategies [21–23]. A commonly 
employed strategy is deriving a global reaction mechanism from a 
detailed micro-kinetic mechanism [24–26]. This approach requires a 
specific analysis for each investigated mechanism, and presents a system 
dependent accuracy [27]. Furthermore, the derivation of global reaction 
models relies on assuming a rate determining step, and for the same 
mechanism different rate determining steps can be observed as a func
tion of operating conditions. Therefore, the ex-situ approach has evolved 
towards replacing the catalytic kinetics with surrogated models, which 
predict effective source terms under steady state surface coverages. This 
approach is generally justified, because surface species are immobile on 
the reactor length scale [28,29]. Initially, multi-variate spline interpo
lation was used for predicting the source terms [28,30–32]. This 
approach was extended to predict the solution of the lower scale reac
tion–diffusion problem [33], or even the solution of a complete volume 
element [34]. Despite a good accuracy, splines proved to be unsuitable 
for surrogate models with more than about 6 relevant input dimensions 
[35]. The application range of the spline surrogates could be extended to 
about 8 dimensions by the introduction of Hermite splines [35].

Consequently, in the last years, machine learning (ML) algorithms 
have gained increasing attention to effectively and efficiently bridge the 
scales in multiscale simulations, as discussed in reviews by Bruix et al. 
[5] and Bracconi [36] and considered as one of the “urgent” research 
needs of chemical reaction engineering. Indeed, ML techniques are 
significantly less affected by the curse of dimensionality and are thus 
applicable for more complex reactive systems. For instance, Döppel & 
Votsmeier [37] showed that artificial neural networks (NNs) outperform 
spline interpolation by orders of magnitude with respect to the predic
tion time and the storage space [37]. Additionally, ML algorithms allow 
for the development of adaptive sampling techniques, which reduces the 
amount of required training data [7,38].

Initially, the potential of random forests [7,39] for catalytic rate 
predictions was examined, and they were subsequently integrated into a 
catalytic CFD simulation. The first successful implementation was re
ported by Partopour et al. [39]. They employed a surrogate model to 
describe catalytic ethylene oxidation in a fixed-bed reactor and 
demonstrated that the random forests are capable of outperforming 
multivariate spline interpolation. Moreover, Bracconi & Maestri [7] 
applied random forests to predict steady-state coverages of a first- 
principle kinetic Monte Carlo model for CO oxidation on RuO2(110)
[40]. Further interpolation and machine learning algorithms applied as 
surrogate models are kernel methods [38] and sparse grids [41].

Recently, an increasing number of works have been published, 
focusing on the application of NNs to the prediction of surface reaction 
rates [37,42–46]. In contrast to random forests, the average time for a 
single rate-prediction in NN only correlates weakly with its number of 
parameters [43]. Indeed, the number of nodes and layers, constituting 
the NN, can be increased without significant impact on the prediction 
time, which is a crucial parameter due to the millions of cells typically 
present in a simulation. Additionally, analytical derivatives of NNs are 

easily computed, e.g., contributing to a fast linearization of the chemical 
source term in steady-state catalytic simulations.

One further advantage of NNs is due to the utilization of back
propagation during training and the availability of efficient automatic 
differentiation frameworks, physical constraints can be easily imple
mented in the network architecture, greatly improving their accuracy 
and data efficiency. For example, atom conservation can be imple
mented in the NN, so that the learned solutions are stoichiometrically 
consistent by design [47–51]. Recently, also thermodynamic constraints 
have been implemented [45,46,52]. In this work we apply our recently 
developed Global Reaction Neural Networks (GRNN) [46,53,54], which 
embed a priori thermodynamic and stoichiometric information. By 
embedding physical information, the computational cost is reduced, and 
the extrapolation behavior of the surrogate model is improved, signifi
cantly reducing at the same time the amount of training data. Despite 
the advantages discussed along with their accuracy in chemical source 
term predictions, a catalytic CFD model accelerated by NNs is still not 
available.

In this work, we enable the efficient coupling of fluid dynamics 
reactor models with arbitrarily complex detailed micro-kinetic models 
via the adoption of NN surrogates in CFD simulations. To achieve this 
goal, we extend the catalyticFOAM framework [55], targeted to the CFD 
simulation of 3D catalytic domains, with a new interface, enabling the 
integration of surrogate neural network kinetic models with arbitrary 
network architectures. The new interface is demonstrated by imple
menting our previously developed GRNN. Methane steam reforming 
(MSR) is used as a benchmark to assess the performance of the so ob
tained NN-enhanced framework. In particular, the surface chemistry 
was described by a UBI-QEP [56] based surface kinetic model proposed 
by Maestri et al. [14]. In the following we demonstrate our approach by 
implementing two models for a lab scale (2.54 cm in diameter) as well as 
an industrial scale (10.28 cm in diameter) cylindrical packed bed tube 
reactor.

The lab scale reactor was simulated by means of both micro-kinetic 
and NN-accelerated CFD approaches to directly compare the two ap
proaches. To assess the applicability of the GRNN model, the inlet ve
locity was varied to cover a wide conversion range. The relative error 
was obtained for all the NN-accelerated simulations with respect to their 
reference micro-kinetic ones. Furthermore, an average speed-up of the 
chemistry sub-step and a total simulation speed-up was evaluated.

Finally, to demonstrate the potential of the proposed approach, the 
GRNN-accelerated solver has been applied to a packed bed reactor with 
industrially relevant diameter. To the best knowledge of the authors, 
this represents the largest particle-resolved CFD model with full micro- 
kinetic details that has been published to date. In the context of cata
lytically active computational cells, its size is comparable to the overall 
largest particle-resolved CFD case, which was published by Kut
scherauer [24,26] and simulated with global kinetics.

The proposed methodology is applicable to any heterogeneous sys
tem and is not limited to packed bed reactors or methane steam 
reforming. We therefore believe that this work facilitates the transition 
from particle-resolved CFD simulations to the industrial scale while 
preserving the chemical information, thanks to the drastic reduction of 
the computational cost associated with the detailed chemistry via 
physics enhanced neural networks. The proposed methodology paves 
the way for an increased application of particle-resolved CFD micro- 
kinetic models to relevant scales, enabling a better reactor design and 
optimization.

2. Methods

This section first introduces the solver that has been employed for the 
catalytic CFD simulations of the packed bed reactors considered in this 
work. Subsequently, the focus shifts to the discussion of the CFD solver 
accelerated by neural networks (NNs). Then, the Global Reaction Neural 
Network (GRNN) surrogate model used in this work and metrics to 
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assess its performances are introduced. Finally, the adopted benchmark 
cases are illustrated.

2.1. Heterogeneous chemistry in CFD

The steady-state multi-region solver, part of the catalyticFOAM 
framework [57] has been employed. Based on the OpenFOAM [58] 
environment, this solver enables the modeling of fluid flow based on the 
solution of the momentum, mass and energy balances in arbitrarily 
complex 3D domains coupled with the description of the intraparticle 
diffusion and reaction in the catalyst. The catalyticFOAM library is used 
to solve the chemistry and to evaluate thermodynamic and transport 
properties of the species. Additional details can be found in Maffei et al. 
[59] and Micale et al. [57].

Fig. 1 sketches the flowchart of the solver. At each solver iteration, 
the solid and gas phases are solved sequentially, starting with the fluid 
phase. The two phases communicate by imposing equivalence of the 
mass- and energy fluxes and of the mass fraction (Eq. (1)) and temper
ature (Eq. (2)) value at the gas–solid interface [59]. 

ωk
i,fluid =

ρfluidΓi,fluidω(k− 1)
i,fluid

Δfluid
+

ρsolidΓi,eff ω(k− 1)
i,solid

Δsolid
ρfluidΓi,fluid

Δfluid
+

ρsolidΓi,eff
Δsolid

; i = 1,⋯,NG (1) 

Tk
fluid =

λfluidT(k− 1)
fluid

Δfluid
+

λsolidT(k− 1)
solid

Δsolid
λfluid
Δfluid

+
λsolid
Δsolid

(2) 

Where ωk
i is the mass fraction of species i and Tk is the temperature at the 

fluid/solid interface at iteration k, ρ is the density, Γi is the mass diffu
sion coefficient, Γi,eff is the effective mass diffusion coefficient embed
ding the porosity and tortuosity of the pore network, Δfluid/solid are the 
characteristic dimensions of the fluid and the solid interface cells and λ is 
the mixture averaged thermal conductivity.

In a steady state solver, this procedure is iterated until the residuals 
of the balance equations have reached an acceptable level of conver
gence. During each timestep, first the species and energy convective 
transport are solved in the gas phase together with homogeneous re
actions occurring in the system. Then, the mass and energy transport are 
solved together with catalytic reactions in the solid phase.

The catalytic pellets, typically composing the solid phase, are 
considered isotropic and modeled according to a 3D pseudo- 
homogeneous approach, which avoids the detailed description of the 
pore network inside the catalyst. Within this domain, the gaseous re
actants diffuse into the porous system, adsorb, and react on the catalytic 
site. The steady-state species balance is described by Eq. (3) and energy 
balance by Eq. (4). 

− ∇
(
ρΓeff,i ∇ωi

)
= ṡiMi (3) 

− ∇(λ∇T) = Q̇ (4) 

where Mi and ṡi are the molar mass and the chemical source term of gas 
phase species i, λ is the mixture averaged thermal conductivity and Q̇ is 
the reaction heat source term.

In order to solve the fields numerically and avoid unbounded solu
tions, the catalytic contributions in the species mass balance (Eq. (3)) 

Fig. 1. Simplified flowchart of the solution algorithm of the employed reactive CFD solver (more details can be found in Maffei et al. [59] and Micale et al. [57]), part 
of the catalyticFOAM framework [55]. The catalytic source terms are included in terms of chemical source terms ṡi, which are, in this work, evaluated directly via the 
micro-kinetic model (“Direct solution MK”) or via a NN surrogate (“NN surrogate”).
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and the energy balance (Eq.(4)) are linearized by a first-order Taylor 
expansion [57]. In the species balance, the series is developed around 
ωi,0 (Eq. (5)) and in the energy balance around T0 (Eq. (6)). Ji is the 
derivative of ṡi to ωi (main diagonal Jacobians) and JT is the derivative 
of Q̇ to T (Eq. (7)). 

− ∇
(
ρΓeff ∇ωi

)
= ṡiMi + Ji

(
ωi − ωi,0

)
(5) 

− ∇(λ∇T) = Q̇+ JT(T − T0) (6) 

Ji =
∂ṡi

∂ωi
; JT =

∂Q̇
∂T

(7) 

In this work, ṡi, Ji and JT are evaluated either via solving the micro- 
kinetic scheme in-situ (“Direct solution MK”) or by employing a NN 
surrogate for catalytic rate predictions (“NN surrogate”). Both ap
proaches are introduced in the following sections.

2.2. Evaluation of the catalytic source term: direct solution of micro- 
kinetic model

To incorporate the effects of catalytic conversion into the solution 
algorithm, Eq. (5) and Eq. (6) are solved in every iteration and each 
computational cell within a catalytically active domain. The catalytic 
source terms ṡi are evaluated by means of the traditional micro-kinetic 
modeling approach. In particular, the UBI-QEP [56] based mechanism 
proposed by Maestri et al. [14], capable of describing the methane steam 
reforming on a Rhodium catalyst, has been selected. The original 
mechanism was adapted according to Kircher et al. [46], to ensure 
thermodynamic consistency with the tabulated gas phase thermody
namics from Burcat et al. [60]. More details are provided in the sup
plementary information in section S2.

In order to properly compute the source term with the micro-kinetic 
model, the following strategy, illustrated in Fig. 1 − “Direct solution 
MK”, is adopted [57]. In the first step, the employed micro-kinetic model 
is integrated numerically until a steady state solution of the surface 
species coverages θ

→ is found. This is achieved by freezing temperature 
and the gas-phase composition. In the second step, the gas-phase source 
terms ṡi are evaluated using the corresponding θ

→. The heat source term 
Q̇ is calculated via formation enthalpies and ṡi.

In the third step, the Jacobians Ji and JT are evaluated numerically 
according to Eq. (7). The computed steady-state coverages θ

→ are kept 
constant, thus neglecting partial derivatives of the gas source terms with 
respect to the adsorbed species coverages. This solution strategy has 

been adopted to promote the stability of the segregated solution of 
gaseous species. However, it can slow down the solution convergence 
rate. Therefore, each Jacobian element has been scaled via a numerical 
Jacobian Factor (Eq. (8)), whose order of magnitude has been chosen 
equal to the one of the catalytic load αcat. 

Ji =
Ji

Jacobian Factor
(8) 

In view of the Jacobian related computations, additional NG +2 source 
terms evaluations are required per computational cell.

Once ṡi, Q̇, Ji and JT are obtained, they are then applied to species 
and energy balance (Eq. (5) and (6)).

2.3. Evaluation of the catalytic source term: neural network acceleration

The acceleration of the source term evaluation via neural networks 
proposed in this work consists of the application of NNs for catalytic rate 
predictions under steady state surface conditions. The surface integra
tion step is completed ex-situ for a number of selected conditions to 
generate training data. Hence, it is omitted during the CFD simulation, 
thus saving the most computationally expensive step in the traditional 
procedure, depicted in Fig. 1 and the “Direct solution MK” (step 1).

The “NN surrogate” scheme in Fig. 1 shows the proposed NN accel
erated solution strategy, to be applied in each catalytic computational 
cell (catalyst domain) at each iteration. In the first step, temperatures T 
and the gas phase compositions pi of numerous computational cells are 
iteratively gathered in mini batches and passed to the NN as input/ 
features. The NN then predicts the catalytic source terms ṡi under steady- 
state surface conditions and returns the values as output/targets to 
catalyticFOAM. The whole procedure continues until ṡi is evaluated for 
all the catalytically active fields. In step two, the heat source term Q̇i is 
evaluated using ṡi and the formation enthalpies.

It is worth noting that the implementation via mini-batches enables 
the adoption of optimized matrix operations, thus enhancing perfor
mance and allowing for a future more efficient application of the NN- 
accelerated approach on GPUs.

In the third step, the Jacobians Ji and JT (Eq. (7)) are evaluated 
numerically, thus requiring additional NG +2 source term evaluations. 
In contrast to the last section and the “Direct solution of MK” approach, 
due to the design of the NN surrogate described here, the evaluated 
Jacobians are always under steady-state surface conditions. The influ
ence on the convergence behavior of the solver will be examined in more 
detail in a subsequent study. Further, it is worth noting that NNs are 
continuous and fully differentiable functions. Therefore, Ji could be 
evaluated even more efficiently and accurately using analytical 

Fig. 2. Global Reaction Neural Network (GRNN) architecture with embedded stoichiometric and thermodynamic layers, as well as Arrhenius transformation [46].
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derivatives of the neural network in the future.
To employ NNs of arbitrary architecture in catalyticFOAM, an API to 

ONNX runtime [61] has been developed. The API is embedded into 
catalyticFOAM and accepts settings in the traditional OpenFOAM dic
tionary format. It can load and run any NN model, such as the GRNN 
architecture, with the Open Neural Network Exchange (ONNX) format. 
Thus, a machine learning model can be developed in most of the pro
gramming environments and frameworks, as they commonly provide an 
export function. Extrapolation strategies, for example when predicting 
rates outside the training space, can be implemented and exported to the 
surrogate model as well. However, no extrapolation strategy has been 
implemented in this work. Furthermore, the number of ML models 
employed in one simulation/region is not limited, offering high flexi
bility for research and production.

2.4. Global reaction neural network (GRNN)

In this work, a single GRNN [46] is employed as surrogate model for 
catalytic rate prediction for the kinetic mechanism over the entire range 
of conditions present in CFD simulations for a wide range of inlet 
conditions.

The architecture design is illustrated in Fig. 2. It is comprised of three 
sections. The first section, designated as “Forward Global Reaction Rate”, 
is a feed-forward neural network with trainable parameters w (weights) 
and b (biases). Its objective is to provide a latent description of all global 
forward rates r→G,j of a system. Furthermore, it incorporates chemical 
knowledge regarding the Arrhenius law by scaling the input parameters 
accordingly (ln(pi), 1/T). The second section, designated as “Thermo
dynamics”, evaluates the global net-rates rnet

G,j via the De Donder Equation 
[62] (Eq. (9)). In the final section, “Stoichiometry”, ṡi is calculated via the 
stoichiometric matrix (Eq. (10)) and thus ensures mass conservation. 

rnet
G,j = r→G,j

(

1 −
Πi(pi/p0)

νi,j

Kj

)

(9) 

ṡi =
∑

j
νi,jrj = GRNN(pi,T) (10) 

By design, a set of global reactions must be selected for a given system. 
In the context of steam reforming, the global reactions are:

CH4 + H2O⇌3H2 + CO R1: Steam Reforming
H2 + CO2 ⇌H2O + CO R2: Water-Gas Shift

CH4 + 2 H2O⇌4 H2 + CO2 R3: Direct-Reforming

The GRNN employed in this work is trained to predict gas phase source 
terms ṡi (Eq. (10)) under steady state surface conditions for the gas re
actants in MSR (H2, H2O, CO, CO2, CH4).

For ex-situ training and validation of the GRNN, a dataset for source 
term prediction is generated. A set of conditions is sampled uniformly in 
their respective scaled space: reciprocal or logarithmic. We sample the 
temperature T, conversion XCH4 , the selectivity SCO, the steam-to-carbon 
ratio and the total pressure within ranges present in the MSR regime. By 
using these values and a simple PFR model with the original micro- 
kinetics, a dataset of gas phase compositions is obtained. By doing so, 
all sampled data points are ensured to be representative of the condi
tions in the studied process. Furthermore, to account for eventual de
viations from such ideal compositions, e.g., due to diffusion effects, 10 % 
of gaussian noise is applied to the finally sampled partial pressures. For 
each set of partial pressures and temperature, ṡi are evaluated under 
steady state θ

→, as described in Section 2.2. For the evaluation of the 
corresponding source terms, we have used the OpenSMOKE++ frame
work [63], the same that is implemented in the employed CFD solver, to 
solve for the corresponding source terms. The dataset is then split into a 
training dataset (25 %), a validation dataset (25 %) and a test dataset 
(50 %). The model is optimized on the training dataset. During the 
training process, the validation dataset is utilized after every ten 

iterations to assess the model’s ability to generalize on the task at hand. 
Finally, the test dataset is employed for evaluating and comparing fully 
trained models. The ranges are provided in Table 1.

The GRNN training procedure is adopted from the work of Kircher et 
al. [46] and it is implemented in Pytorch v2.1. Weights are initialized by 
Xavier [64] initialization, a common strategy that aims for exploding or 
vanishing gradients in the beginning of the training. Features are scaled 
by min–max scaling between − 1 and 1. The model is trained using the 
LBFGS optimizer to minimize the root-mean squared relative error of 
predicted chemical source terms. During the training, the performance is 
continuously evaluated on the validation dataset and the model with the 
best performance on the validation set is saved. The results of the 
training procedure are discussed in Section 3.1.

The implemetation for training of GRNN surrogates for a detailed 
micro-kinetic model can be found on our github page: https://github. 
com/VotsmeierGroup/GlobalReactionNeuralNetwork.

2.5. Packed-bed reactor models

A lab- and an industrial 3D-reactor case have been selected to 
showcase the applications of GRNNs in catalytic CFD simulations. In 
both, the flow is assumed to be laminar. The packed bed geometries 
were created with the software Blender 2.79, following the methodology 
proposed by Partopour & Dixon [65].

The lab (scale) reactor, is presented in Fig. 3.a. It has a diameter of 
2.54 cm. The industrial (scale) reactor is shown in Fig. 3.b and has a 
diameter of 10.28 cm, which is based on the work of Plehiers & Froment 
[66]. Both reactors models were meshed with snappyHexMesh [67]. The 
algorithm of the meshing software snaps a base mesh to fit the di
mensions of any provided boundaries. For multi-region meshes, this 
strategy ensures conformation for the interface cells of the meshes but it 
may lead to coarser representation of surfaces. Regardless, the proposed 
methodology is independent of the mesh. For both, a refinement across 
the surface of minimum level two and maximum level three with three 
cells between levels was applied. The lab reactor consists of a total of 
2.34 million computational cells (min. volume = 4.4e-12 m3), of which 
41 % represent the solid reactive phase. The industrial reactor has been 
meshed with a total of 44.75 million cells (min. volume = 7.1e-13 m3), 
of which 54 % constitutes the reactive phase. Information regarding the 
reactor geometry and catalyst properties is listed in Table 2.

Gas phase reactions are not considered, neither in the fluid region 
nor within the porous pellets. At the inlet, a Dirichlet boundary condition 
is applied for species, inlet flow and fluid temperature. The values are in 
Table 3 together with the reactor operating conditions. At the outlet, 
Neumann conditions (zero gradient) are applied for all variables, besides 
pressure.

At the interface between the fluid phase and the pellets, equal fluxes 
and values are ensured, as discussed in the work of Maffei et al. [59]. At 
the wall, a similar approach for equal heat fluxes is chosen with the only 
difference, that a constant temperature Twall is assumed at the outside of 
the reactor tube. The boundary temperature TB at the tube interface is 
calculated as: 

TB =
hwallTwall +

λfluidTfluid
Δfluid

hwall +
λfluid
Δfluid

(11) 

Table 1 
Range of sampled temperature, conversion, selectivity, steam-to-carbon ratio 
and total pressure for MSR.

Inlet conditions Unit Minimum Maximum Scaling

T K 780 1120 reciprocal
XCH4 − 0.02 0.99 logarithmic
SCO − 0.05 0.50 logarithmic
rsteam to carbon − 3.0 4.0 logarithmic
p bara 6.0 8.0 logarithmic
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with the thermal heat-transfer coefficient hwall (Eq. (12)) of the tube, the 
thermal conductivity λfluid of the fluid and the cell-center-to-interface 
distance Δfluid [66]. 

hwall = 10.738+ 0.0242⋅
Twall − Tfluid

2dwall
(12) 

To ensure the optimal utilization of computational resources, a scal
ability study was conducted with both reactor models. The objective was 
to identify the maximum number of CPUs that could be utilized while 
maintaining a parallelization efficiency of over 85 %. For the industrial 
reactor, the optimal utilization is achieved through the employment of 
16 CPUs and the decomposition of the computational mesh using the 
“scotch” method. It should be noted, however, that the lab reactor is 
operated with either the “Direct solution MK” approach or the GRNN 
surrogate (see Section 2.1). The scalability study demonstrated that the 
parallelization efficiency declines more rapidly with the GRNN surro
gate than with the in-situ full evaluation of the micro-kinetic scheme. 
Consequently, the resource allocation strategy that exhibited the least 
discrepancy in efficiencies was selected, namely the employment of nine 
CPUs and the “simple” decomposition strategy. Dynamic load balancing, 
as proposed by Micale et al. [68], may represent a potential strategy to 
further enhance the parallelization efficiency. More details on the scal
ability study are provided in the supplementary information section S1.

Fig. 3. Geometry and the boundary names of both 3D-reactor cases employed in this work. The lab reactor in a) and the industrial reactor in b). Details of both 
geometries and catalyst properties are listed in Table 2.

Table 2 
Reactor geometries and catalyst properties of MSR on Rh.

lab reactor industrial reactor Unit

Reactor geometry
Reactor diameter 2.54 10.28 cm
Reactor length 110 cm
Reactor wall diameter [66] 3.1 cm
Catalytic bed length 50 cm
Pellet diameter 1.27 cm
Number of pellets ~ 110 ~ 2400 −

Catalyst properties
Catalytic load αcat 1000 m2

cat/m3
cat

Porosity ∊p 0.5 −

Tortuosity τp 5 −

Conductivity λsolid 2.5 W/(m⋅K)

Table 3 
Inlet boundary and operating conditions.

Inlet Composition

H2O [mole/mole] 0.5 H2 [mole/mole] 0.004
CH4 [mole/mole] 0.15 CO2 [mole/mole] 0.0025
N2 [mole/mole] 0.3439 CO [mole/mole] 0.0006
Operating conditions
Twall [K] 1100 p [bara] 10
Tin [K] 793 uin [m/s] 0.05–1
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2.6. Neural network performance metrics

This section introduces metrics to evaluate the accuracy and speed- 
up provided by the GRNN accelerated approach for the catalytic 
source term evaluation. Depending on the metrics, they have been 
applied either to the CFD simulations or during the NN training phase.

The accuracy of a prediction of the GRNN (denoted by "̂ ") is either 
evaluated by the deviations of the mole fractions χi of the converged 
solutions ∊MF or deviations of chemical source terms ∊ṡ against the 
corresponding reference. ∊MF is adopted only in the case of CFD simu
lations and is calculated via Eq. (13), where Ncells is the total amount of 
computational cells in the pellet domain. Cells with χi smaller than the 
threshold of 1⋅10− 6 are neglected to suppress the influence of numerical 
fluctuations. 

∊MF =
1

2⋅Ncells
⋅
∑Ncells

j

∑{CH4 ,CO}

i

(
χi − χ̂ i

χi

)

(13) 

∊ṡ is used both for evaluation during training and to evaluate the ac
curacy of a CFD simulation run with the GRNN model and is calculated 
via Eq. (14). In the latter case, the amount of datapoints N becomes 
Ncells. 

∊ṡ =
1

n⋅N
⋅
∑N

j=1

∑n

I=1

⎛

⎝
ṡi,j − ̂̇si,j

ṡi,j

⎞

⎠ (14) 

Finally, ∊MF and ∊ṡ has been also computed for each catalytic compu
tational cell, leading to their local forms, ∊MF,loc and ∊ṡ,loc, whose 
expression is reported in Eq. (15) and Eq. (16). In the local representa
tion, no threshold is applied. 

∊MF,loc =
1
2

⋅
∑{CH4 ,CO}

i

(
χi − χ̂ i

χi

)

(15) 

∊ṡ,loc =
1
n

⋅
∑n

i=1

⎛

⎝ṡi − ̂̇si

ṡi

⎞

⎠ (16) 

For a complete comparison, the selectivities, SCO and SCO2, resulting 
from the MSR reaction network are discussed in terms of Mmodule, which 
can be used to specify the stoichiometry of the produced syngas: 

Mmodule =
H2 − CO2

CO + CO2
(17) 

The speed-up is assessed with two measurements. Firstly, by the total 
simulation speed-up (Eq. (18)) and secondly, for a more detailed inves
tigation, by the chemistry speed-up of the related sub-solution step of the 
algorithm (Eq. (19)). 

total speed − up =
total simulation time − reference

total simulation time
(18) 

chemistry speed − up =
chemistry step evaluation time − reference

chemistry step evaluation time
(19) 

With full evaluation of the micro-kinetic scheme, the chemistry sub- 
solution includes accessing all relevant data, e.g. gas phase composi
tion and temperature, of every computational cell, solving the ODE 
equations and the evaluation of ṡi for the gas phase species. In the case of 
the use of an NN surrogate, the ODE integration step is omitted.

The total speed-up provides valuable information for the individual 
application. It includes all sub steps of the CFD solver, e.g. solving the 
fluid temperature field. Its value is strongly dependent on the reactor 
case and the chosen conditions. For the sake of clarity, all computational 
overheads, such as mesh decomposition for parallelization or memory 
allocation for the individual fields are excluded in the evaluation of the 

total speed-up. The benchmark starts with the iteration loop of the solver.
The chemistry speed-up, however, provides insight into the actual 

impact of employing NNs in reactive CFD, while excluding all parts of 
the algorithm that are unrelated to the evaluation of the catalytic source 
terms. However, it is worth noting that, if the amount of gas phase 
species can be reduced due to an applied NN surrogate, it would also 
increase the total speed-up due to omitting solving the transport of them 
in each region and thus, would not be measured in the chemistry speed- 
up.

3. Results and discussion

The following section discusses the Global Reaction Neural Network 
(GRNN) training and examines the application of GRNNs as surrogate 
models in reactive CFD on the lab and the industrial reactor. The lab 
reactor is run both with full evaluation of the micro-kinetic scheme and a 
GRNN surrogate. The results obtained from the full evaluation of the 
micro-kinetic scheme are presented here as a reference for assessing 
accuracy and speed-up. Furthermore, the application range of a single 
GRNN surrogate model is examined. Subsequently, the industrial reactor 
model is employed and studied accordingly. Finally, to showcase the 
benefits of the proposed methodology and the provided speed-up, both 
reactors are compared at the same mass-based space-velocity GHSV 
(related to standard conditions 273.15 K/ 1 atm).

The simulations were carried out on the high-performance computer 
Lichtenberg at the NHR Centers NHR4CES at TU Darmstadt. The base 
CPU frequency is 2.1 GHz. All simulations were run until convergence 
was reached in all properties (residuals < 1⋅10− 5). Unless otherwise 
stated, the catalyst was always initialized as empty and the velocity field 
in the fluid domain was always initialized with zero for all directions. All 
the other fields were initialized according to the inlet conditions. For 
more information about initializing the surface coverages, see supple
mentary information section S2.1.

3.1. GRNN training

The training procedure is described in Section 2.4, mostly following 
the work of Kircher. et al. [46]. The target for the model was a relative 
error in predicted source terms ∊ṡ ≈ 0.1% on the training dataset. In 
preliminary studies, the amount of required trainings data and the ar
chitecture was studied rigorously. We found that between 2,000–10,000 
data points were sufficient to reach the target accuracy. The final 
training, validation and test datasets in this work contain 10,000, 
10,000 and 20,000 data points, respectively. Combined, approximately 
15 s were required for the evaluation of the 40,000 steady state source 
terms.

In this study, an architecture with 3 layers with 60 nodes per layer 
with hyperbolic tangent activation functions in the hidden layers was 
found to be optimal. The optimal architecture is determined by 
providing a sufficient number of trainable parameters to the model, to 
reach the required accuracy, while avoiding an increase in training and 
in-production prediction times. Finding the optimal architecture or 
rather hyperparameters is a case-specific optimization procedure [69]. 
The entire training process for the GRNN surrogate took 22 h on three 
CPUs on our cluster. For clarity, the training time is highly dependent on 
the size of the training dataset and the number of tunable parameters. 
However, no methods or functions were compiled, which could be used 
to further decrease the computational time.

Fig. 4a shows the loss ∊ṡ (Eq. (14)) of the GRNN on the training and 
the validation data against the epochs/iterations during the training 
procedure. Both the training and validation errors decline steadily. Since 
∊ṡ on the validation dataset has not yet reached its minimum, the 
number of epochs can be extended. However, after about 10,000 epochs, 
the GRNN reaches a value for ∊ṡ of 0.08 % on the training data and 0.21 
% on the validation data, which was considered sufficient for the 
application purpose.
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Fig. 4b shows the parity plot of the GRNN predictions on the test 
dataset against the corresponding ground truth chemical source terms. 
The predictions match their corresponding reference in all orders of 
magnitude well. However, a few outliers can be found for |ṡ| smaller 
than 1⋅10− 8 kmol m− 2 s− 1. Fig. 4.c shows ∊ṡ on the test dataset as a 
histogram. For the majority of datapoints, ∊ṡ is below 0.1 %, only 
showing a few outliers ∊ṡ. On average, ∊ṡ on the test dataset is 0.11 %.

3.2. Lab reactor

The lab reactor was always simulated twice under the conditions 
listed in Table 3 and the respective inlet velocity Uin. Once with the full 
evaluation of the micro-kinetic scheme, the reference in this work, and 
once using the GRNN surrogate model. All simulations with full evalu
ation of the micro-kinetic scheme represented in this section use empty 
catalytic sites as initial surface state (see supplementary information
section S2.1). Fig. 5 compares both solutions of the lab reactor at an inlet 

velocity Uin = 0.1 m s− 1 as plots of the cup-mix average temperature T in 
a) and the conversion XCH4 and the M module Mmodule (Eq. (17)) in b) 
against z. Slices of the respective fluid fields together with the pellets at 
the beginning of the packed bed (0 < z < 0.1 m) are visualized as well.

The solid lines in Fig. 5 are evaluated from the reference solution. 
The symbols show the solution obtained by the GRNN-accelerated 
model. Axial temperature, XCH4 and Mmodule profiles obtained with the 
GRNN exhibit a high degree of qualitative alignment with the reference 
data. The XCH4 profile indicates that the reactive system has not reached 
its equilibrium yet, as it is steadily increasing.

It is also interesting to note that the selected operating conditions 
correspond to a reactor operated in partial mass transfer limited regimes 
(averaged bed efficiency ηbed [59] = 0.53), thus, highlighting the 
effectiveness of the coupling between the transport phenomena and the 
rates evaluated via the GRNN. For a more quantitative analysis, in Fig. 6
local deviations between the reference solution and the solution with the 
GRNN are shown. In Fig. 6.a radial profiles of three selected pellets in 

Fig. 4. Training of the GRNN: relative error ∊ṡ in the source term predicted by the GRNN on the training and validation datasets (a), parity of the GRNN predictions 
on the test dataset against the corresponding ground truth chemical source terms (b), histogram of ∊ṡ on the test dataset (c).

Fig. 5. Result of the lab reactor run with conditions listed in Table 3 and Uin = 0.1 m s− 1. In the center: In a) the cup-mix of T, in b) the cup-mix of XCH4 and the 
Mmodule (Eq. (17)). On top and on the bottom are parts (z > 0, z < 0.1 m) of the respective fields visualized from the solution with employed GRNN. The solid line 
belongs to the reference, the cross markings the solution with the GRNN model as surrogate.
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different locations in the reactor are plotted. In the upper plot, the 
average mole fraction χCH4 

normalized with the surface mole fraction 
χCH4, surf and on the bottom, the Mmodule is plotted against the radius r of 
the respective pellet. The radial profiles of the selected pellets and both 
solutions visually align well. For a quantification of deviations between 
both entire simulations, the catalytic source terms ∊ṡ,loc (Eq. (16)) and 
the local deviation of the mole fractions ∊MF, loc (Eq. (15)) are shown in 
Fig. 6 in b) and c), respectively.

The pellet domain is shown as an axial slice in Fig. 6.b, while Fig. 6.c 
depicts an axial slice of the fluid domain along with the three- 
dimensional pellet domain. In general, the rates deviate the most in 
the center of the tube and around the second third of the reactor axis 
with a maximum value of ∊ṡ,loc is 1.68 %. Interestingly, the deviations in 
the first and third sections are significantly smaller (< 1.0 %). The local 
maxima cannot therefore be attributed to error propagation alone. The 
compositions in these areas are also always within the training ranges of 
the GRNN (see Table 1). Extrapolation can therefore be ruled out as a 
source of error. In the second third of the bed, the temperature in the 
center of the bed has risen close to the heated wall temperature (see 
Fig. 5.a), but a significant amount of the reactants have not been con
verted yet. A plausible explanation for the increased prediction error 
could be the design of the training dataset. It was created by sampling 
along PFR-like trajectories and applying Gaussian noise to account for 

Fig. 6. The normalized mole fraction χCH4
/χCH4,surf (top) and the Mmodule (bottom) against the radius r in three selected pellets in a). The solid line belongs to the 

reference, the cross markings the solution with the GRNN model as surrogate. The local deviation ∊ṡ,loc (Eq. (16)) in b) and ∊MF, loc (Eq. (15)) in c) of the converged 
simulation with applied GRNN surrogate against its reference with the lab reactor run with the conditions listed in Table 3 and with Uin = 0.1 m s− 1.

Fig. 7. Total speed-up (Eq. (18)) and chemistry speed-up (Eq. (19)) of the solver 
against the iteration. Compared are simulations with the lab reactor run under 
reference conditions (see Table 3) with Uin = 0.1 m s− 1.
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diffusion in CFD simulations. It is therefore likely that areas with low 
conversion but high temperature in the multi-dimensional space are 
under-represented in the training dataset and hence, that predictions 
with the GRNN are slightly less accurate there. A higher representation 
of such a regime in the training dataset can potentially improve the 
accuracy. Another approach to avoid decreased local accuracies can be 
to employ a machine learning mode that can estimate the prediction 
error and be retrained on-the-fly [38,41]. Nevertheless, the average 
deviation ∊ṡ is 0.49 %, resulting in a negligible overall effect on the 
reactor behavior. Not surprisingly, high ∊MF, loc can be found at areas 
with relatively high ∊ṡ,loc. The highest ∊MF, loc is however 1.16 %. On 
average, the deviation of the mole fraction fields ∊MF is 0.23 %. The 
simulation with the GRNN thus replicates the chemical evolution of the 
system well.

Fig. 7 illustrates the total speed-up (Eq. (18)) and the chemistry speed- 
up (Eq. (19)) observed when employing the GRNN surrogate over the full 
evaluation of the micro-kinetic scheme for the lab reactor with Uin =

0.1 m s− 1.
In the initial iteration, the largest total speed-up and the largest 

chemistry speed-up are 28.2 and 373.1, respectively. Thereafter, both 
trends decline rapidly at the beginning and then very slowly reach a total 
speed-up of approximately 17 and a chemistry speed-up around 55. The 
computational cost for the source term evaluation can be assumed to be 
constant in both approaches. The initial large speed-up can be attributed 
to the initial guess of the surface composition, which in this case was an 
empty catalyst, making the ODE solution in the first step more compu
tationally expensive. As the simulation progresses and the previous so
lutions for the surface coverages θ

→ provide increasingly better values 
for the current iteration, the computational time for a single iteration 
step decreases for the reference case. An average chemistry speed-up of 
63.1 and an average total-speed-up of 19.2 are obtained.

In absolute terms, with full evaluation of the micro-kinetic scheme, 
(287.11 ± 51.64) μs were required on average to obtain steady state 
source terms for each computational cell. The computational time for 
the entire simulation was approximately 114 h on four CPUs on our 
cluster, with 96.3 % of the computational cost allocated to the chemistry 
sub-step. With employed GRNN, the average prediction time for source 
terms per computational cell was reduced to 4.55 μs. The total simula
tion time was 6 h on the same number of CPUs. The chemistry sub-step 
accounted for 29.2 % of the total computational cost. Consequently, 
approximately 1.75 h of the full 6 h were allocated to evaluate catalytic 
source terms. It can be concluded that with the proposed methodology 
the primary bottleneck of the simulation is no longer the source term 
evaluation. In order to increase the speed-up significantly, solving the 
transport has to be optimized. Employing machine learning models for 
this task might be an option [70–72].

It should be noted that the observed speed-up depends on the 

conversion achieved in the reactor and on the complexity/stiffness of the 
micro-kinetic scheme. The higher the reactivity/conversion, the more 
computational time is required to solve the full micro-kinetic scheme, 
and more iterations are required to reach a convergence. The total 
simulation time of the “Direct solution MK” approach is thus proportional 
to the mass-based space-velocity GHSV. However, the prediction time of 
the GRNN model remains constant. Therefore, total speed-up increases as 
the GHSV increases.

To demonstrate the versatility of a single GRNN model, a series of 
simulations was conducted with varying inlet velocities (Uin =

{0.05, 0.1, 0.25, 0.5, 1}m s− 1). This approach allowed for the varia
tion of the residence time, temperature field, and conversion within the 
reactor model. In Fig. 8, the cup-mix profiles of XCH4 (left) and Mmodule 
(right) are represented against the axial position z. The solid lines 
represent the converged results of the reference cases, and the cross 
marking of the solutions with the applied GRNN surrogate.

In Table 4, XCH4 ,out, ηbed, ∊MF, ∊ṡ and the space-velocity GHSV are 
listed together with the corresponding Uin. While the operating condi
tions and thus the conversion differ (XCH4 ,out reaches values between 7.5 
and 58.7 %), the accuracy of the NN-enhanced simulations with the 
GRNN surrogate is such that ∊MF << 1% and ∊MF,loc, max 1%, as well as 
∊ṡ < 1% and ∊ṡ, loc, max 2%. Thus, the GRNN model generalizes well over 
the investigated range of operating conditions. Due to the observed total 
speed-up, it represents a valuable enhancement for particle resolved 
CFD.

3.3. Simulation of an industrial scale reactor

In the following the solution of the industrial reactor, obtained under 
conditions listed in Table 3 and with an inlet velocity Uin = 0.1 m s− 1 is 
analyzed and discussed. Due to the dimensions of the reactor model, a 
converged solution with full evaluation of the micro-kinetic scheme is 
not viable. Therefore, the following illustrations from the converged 
fields are from the employed GRNN.

The converged solution is shown in Fig. 9. The figure depicts the cup- 

Fig. 8. Cup-mix of XCH4 in a) and Mmodule (Eq. (17)) in b) plotted against the axial position z from converged solution of the lab reactor run under the conditions listed 
in Table 3 and Uin = {0.05, 0.1, 0.25, 0.5, 1}m s− 1. The solid line belongs to the reference, the cross markings to the solution with the GRNN model as surrogate.

Table 4 
Results and accuracy, measured as ∊MF (13) and ∊ṡ (14), obtained with the lab 
reactor under reference conditions (see Table 3) and for different inlet velocities 
Uin.

Uin[m/s]

1.00 0.50 0.25 0.10 0.05

GHSV
[
m3

gaskg− 1
cath

− 1
]

101.6 50.8 25.4 10.2 5.1

XCH4 ,out [%] 7.5 13.5 22.3 40.1 58.7
∊MF [%] 0.18 0.13 0.08 0.23 0.35
∊ṡ [%] 0.38 0.30 0.25 0.49 0.78
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mix profiles of the conversion XCH4, the M module Mmodule (Eq. (17)) and 
the temperature T in the center. Moreover, maps of the 3D inlet region 
(z ≤ 0.1 m) of the corresponding fields are also included in the figures. 
They consist of a two-dimensional slice of the fluid field along z together 
with a clip of the pellet region slightly above the fluid slice. In the sliced 
view of the conversion in the fluid field, the mass fraction ωCH4 is shown 
for the pellet fields. Fig. 9a shows the cup-mix temperature profiles 

along the bed. The average bed efficiency ηbed is 0.55 and radial tem
perature gradients are present throughout the reactor; the temperature 
difference ΔT between the center of the bed and the wall is 132 K. Thus, 
under the chosen operating conditions, the system is mass and heat 
transport limited. The conversion steadily increases to a value of XCH4 =

22.50 %, while the Mmodule reaches a value of 2.79 at the outlet of the 
reactor.

Fig. 9. Cup-mix of the temperature against z in a) and the cup-mix of Mmodule (Eq. (17)) and XCH4 against z in b). For each cup-mix a zoomed and sliced view of the 
corresponding fields (0 m > z > 0.1 m) is added. In the sliced view in the bottom right, in the fields of the pellets, the mass fraction ωCH4 is color-coded. The results 
are from the solution of the industrial reactor with employed GRNN under conditions listed in Table 3 with Uin = 0.1 m s− 1.

Fig. 10. In a) the parity plot of true and predicted |ṡ| is shown. The rates were evaluated for a randomly selected subset of compositions found in the pellet domain of 
the converged solution. Both ∊ṡ and ∊ṡ,max are evaluated with a threshold of ṡi < 1⋅10− 8 kmol⋅m− 2 s− 1. In b), the discrete total speed-up and the chemistry speed-up are 
shown in a bar diagram.
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In contrast to the lab reactor model discussed in the last section, it is 
not possible to obtain a solution with full evaluation of the micro-kinetic 
scheme due to the large computational cost required. As a work-around 
and to evaluate the relative deviation of the predicted catalytic source 
terms against the corresponding reference ∊ṡ, 50,000 randomly selected 
gas compositions within the pellet domain were extracted from the so
lution. From this subset of conditions, the catalytic source terms ṡi were 
evaluated with the full micro-kinetic mechanism and an initial guess for 
the surface coverages (see supplementary information section S2.1). 
Fig. 10.a shows a parity plot, to compare the micro-kinetic solutions 
against the GRNN predictions. The GRNN performs well on the condi
tions that occur in the reactor simulation. However, in this subset, ∊ṡ is 
1.82 %, higher than in any of the simulations with the lab reactor pre
sented in the last section (see Table 4). This is due to deviations resulting 
from irrelevant conditions (ṡi < 1⋅10− 8 kmol⋅m− 2s− 1), mainly in ṡCO and 
ṡCO2. Those conditions are likely under-represented in the training 
dataset (see Section 2.4). As discussed in the last section, full uniform 
sampling across all variables or an adaptive dataset design could 
potentially improve accuracy. Nevertheless, the small rates have a 
negligible influence on the overall conversion observed in the reactor. 
Neglecting them (ṡi < 1⋅10− 8 kmol m− 2 s− 1), results in a ∊ṡ of 0.71 %.

Similarly to the accuracy, the speed-up was not evaluated like in the 
last section. Instead, the speed-up was determined for individual 
selected timesteps. In the first step, the industrial reactor was run until 
convergence, saving all fields at different iteration steps ({0, 100, 500,
1000, 2000}). In the second step, the saved fields were used as initial 
conditions for simulations with full evaluation of the micro-kinetic 
scheme and with employed GRNN. Each simulation ran for eleven 
steps. The average of the last ten steps were used for the evaluation of 
the total speed-up (Eq. (18)) and the chemistry speed-up (Eq. (19)). The 
first iteration was neglected, as it may show initialization overheads that 
may alter the comparison. The results are reported in Fig. 9.b.

The bar chart shows a similar trend to the speed-up evaluated for the 
lab reactor (see Fig. 7). At the beginning of the simulation, both the 
chemistry speed-up and the total speed-up are at their maximum. In the 
first set of iterations the chemistry speed-up averages 88.0 and the total 
speed-up averages 39.5. From there, both values decrease rapidly and 
then remain on roughly the same plateau for the rest of the simulation, 
averaging 45.0 and 21.1, respectively. The lower observed speed-up in 
the beginning of the simulation compared to the last section can be 
accounted to neglecting the initial iteration, which is the most 
demanding.

With the employed GRNN, the solver required about 20 h on 32 CPUs 
to obtain a converged solution, with close to no loss of information. 
Reducing the number of CPUs is of course an option. Assuming linear 
scaling of computational time with CPUs, a converged result could be 
obtained in about three days on a computer with eight CPUs. The pro
posed methodology, thus, makes simulations of this scale feasible for a 
broader range of users.

3.4. Case study: Is the lab reactor a representative model for an industrial 
scale reactor?

It is widely acknowledged that the coupling of transport with kinetics 
in the actual geometry of interest is pivotal for the comprehension and 
optimization of heterogenous processes. Moreover, particle-resolved 
CFD can provide valuable insights [5,36]. The deployment of NNs for 
catalytic rate prediction has notably reduced the computational burden. 
This approach permits the simulation of considerably larger and more 
complex reactor geometries with minimal loss of accuracy. It is now 
feasible to conduct simulations at scales that were previously deemed 
impractical, including industrially relevant packed-bed reactors. This 
development allows for a more comprehensive representation of reactor 
behavior, encompassing finer details and more extensive spatial do
mains. Furthermore, an increase in model size facilitates the 

development of hierarchical models, whereby insights gained from 
detailed, high-resolution simulations can be used to inform and improve 
lower-fidelity models for faster, system-wide analysis [73–75]. This 
multiscale approach can facilitate to more effective optimization, 
design, and scale-up of catalytic reactors, ultimately accelerating the 
development of new catalytic processes and technologies.

The previous section introduces the industrial reactor model but 
focuses on the assessment of the employed GRNN. Here, the differences 
in the behavior of both reactor models are discussed to highlight the 
benefits of the proposed methodology and the larger feasible scales that 
can now be simulated. In contrast to the presented results of the previous 
sections, the external heating of the reactor tubes is adjusted so that only 
the section from the beginning of the packed bed is heated. The two 
reactors are operated under the conditions listed in Table 3. However, 
due to the different particle-to-tube-diameters, the catalyst loadings 
differ between both reactors. In the lab reactor and in the industrial 
reactor, pellets occupy approximately 47 % and 62 % of the volume of 
the empty tube, respectively. In order to account for the different cata
lyst loadings, both reactors are operated at the same mass based space- 

velocity GHSV, 7.74 m3
gas kg− 1

cat hr
− 1

; the industrial reactor with inlet 
velocity Uin = 0.1 m s− 1 and the lab reactor with Uin = 0.0762 m s− 1.

Fig. 11 and Fig. 12 illustrate the temperature field T in a), the con
version of methane field XCH4 in b) and the M module field Mmodule (Eq. 
(17)) in c) of the converged simulation of the lab reactor and of the 
industrial, respectively. The fluid domain is represented as an axial slice, 
and the pellets are visualized in three dimensions. In Fig. 12, after 20 cm, 
the packed bed is intersected by a 90◦-cylinder cut-out, allowing a view 
of the bed interior. Additionally, a zoomed-in view of a single clipped 
pellet is provided to highlight the local effect of the coupling between 
transport and chemistry.

As expected, due to the different tube diameters, the cup-mix tem

Fig. 11. Fields of the converged solution of the lab reactor with employed 
GRNN surrogate under the conditions listed in Table 3 and Uin = 0.0762 m s− 1: 
In a) the T-field, in b) the XCH4-field and the Mmodule-field in c).
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perature in the lab reactor rises more quickly. In the lab reactor the 
temperature quickly reaches a constant value, close to the external one, 
(Fig. 11.a). In contrast, in the industrial reactor, the temperature 
(Fig. 12.a) was found to increase steadily but did not reach Twall (see 
Table 3). At the end of the bed and in the axial center, the temperature 
remains at 966 K. The impact of the temperature is evident in the 

XCH4-field (Fig. 11.b/Fig. 12.b) in both reactors, as the steam-reforming 
reaction rate (R1) increases with rising temperature. This increases the 
mass transfer limitation in the lab reactor, which is reflected in the 
average bed efficiency ηbed [59] of 0.51 and 0.56 in the lab reactor and in 
the industrial reactor, respectively.

For a quantitative comparison, in Fig. 13a. the cup-mix T and in 
Fig. 13b. the cup-mix of XCH4 for the fluid domain and the mass fraction 
ωCH4 for the pellet domain and Mmodule of both reactors is plotted against 
the axial position z. Although both reactors have been operated under 
the same conditions and the same GHSV, as discussed above, heat and 
mass transport differ due to the different particle-to-tube-diameters. 
When considering only XCH4, the industrial reactor converts 21.9 % of 
methane, which is 48.1 % less than observed in the lab reactor with 
XCH4 = 45.5 %. On the one hand, the lab reactor heats up more quickly 
(see Fig. 13.a). Consequently, the average reaction rates are higher in 
the lab reactor.

On the other hand, the flow fields differ due to distinct bed packings. 
Consequently, the residence time distributions are likely to differ sub
stantially between the reactors. Furthermore, due to the quicker rise in 
temperature, the fluid velocity increases more quickly in the lab reactor, 
which distorts the assumption of equal GHSVs. In this particular 
example, the discrepancy in temperature fields is presumably the pre
dominant factor contributing to the increased conversion in the lab 
reactor. Nevertheless, it is evident that flow fields exert an influence on 
the coupling between transport and chemical kinetics and thus, it is 
crucial to investigate the actual geometry of interest.

4. Conclusion

In this study, we implemented a Global Reaction Neural Network 
(GRNN) surrogate model into the catalyticFOAM solver, thereby 
enabling the acceleration of catalytic rate evaluations within CFD sim
ulations. The GRNN surrogate was trained to predict reaction rates for 
methane steam reforming under a wide range of operating conditions. In 
comparison to simulations with full evaluation of the micro-kinetic 
scheme, our findings show that a single GRNN model, employed on 
multiple reactor simulations, consistently achieves highly accurate re
sults with average deviations of less than 0.5 % and 1 % in the species 
mole fractions and in the predicted catalytic source terms, respectively. 
Furthermore, the implementation of the GRNN model resulted in a 63- 
fold speed-up in the chemistry sub-step and a 19-fold total simulation 
speed-up for the lab-scale reactor. We further demonstrated the appli
cability of this approach to an industrial scale packed-bed reactor, 
which, to our knowledge, represents the largest fixed-bed reactor 
simulation case with micro-kinetic level of detail published to this day. 
With the GRNN acceleration, an industrial scale CFD simulation 
converged within 22 h using only 32 cores. This marks a substantial 
improvement over previous computational efforts in catalytic CFD. 

Fig. 12. Fields of the converged solution of the industrial reactor under the 
conditions listed in Table 3 and Uin = 0.1 m s− 1: In a) the T-field, in b) the 
XCH4-field for the fluid domain and the mass fraction ωCH4 for the pellet domain 
and the Mmodule-field in c).

Fig. 13. Cup-mix profiles of the lab reactor (solid line) and the industrial reactor (dashed lines). In a) the cup-mix of T and in b) the cup-mixes of Mmodule (Eq. (17)) 
and XCH4. The lab reactor and the industrial reactor were run with the conditions listed in Table 3 and Uin = 0.0762 m s− 1 and Uin = 0.1 m s− 1 respectively.
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Moreover, the approach facilitates the development of hierarchical 
models.

In this work, we have successfully pushed the boundaries for 
particle-resolved CFD simulations, making them a viable option for 
larger, industrially relevant geometries. The incorporation of machine 
learning-driven surrogate models, such as GRNNs, into CFD frameworks 
significantly reduces the computational cost while preserving detailed 
chemical information. Consequently, simulations that were previously 
inaccessible due to high computational cost are now feasible, enabling 
more efficient and detailed studies of reactor design and optimization in 
heterogeneous catalysis.
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