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ABSTRACT: The field of machine learning is evolving rapidly, and deep
learning−based surrogate modeling has emerged as an efficient approach for
accelerating numerical studies. In this work, multiple deep learning
architectures were investigated as surrogate models for simulating methane
oxidation in a packed-bed reactor. Among the tested architectures, a Long
Short-Term Memory (LSTM)-based model demonstrated superior perform-
ance on unseen data and was able to capture the underlying relationships within
the data set. The surrogate model was subsequently employed for a gradient-
based optimization task to accurately simulate the deactivation behavior of
palladium-based catalysts when exposed to oxidizing, humid conditions.
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■ INTRODUCTION
A core objective of catalysis research is to design high-
performance catalysts while deepening the understanding of
the underlying mechanisms that govern their behavior.1,2

Multiscale modeling approaches are valuable for this purpose,
as they aim to capture catalytic phenomena across relevant
length and time scales. Data-driven methods utilizing machine
learning and deep learning techniques are increasingly being
used for supporting both catalyst design and gaining
mechanistic insight within multiscale modeling frame-
works.1,3−6 Such models aim to extract knowledge from
available data and construct models that learn intrinsic
patterns, and in the context of supervised learning, determine
the relationships between input features and target outputs.6−8

The complex and nonlinear nature of catalytic phenomena
requires model architectures capable of capturing the intricate
dependencies within the system. At the same time, the rapid
expansion of machine learning as a field has greatly broadened
the range of such advanced models available for predictive
tasks. The fundamental criterion for selecting an appropriate
architecture from the wide range of available options, is to
consider both the complexity of the underlying problem and
the characteristics of the data. Catalyst performance data are
typically available as axially resolved, sequential data measured
or simulated along the length of the catalytic channel, covering
multiple species and reactor conditions. Such structured,
sequential data sets naturally motivate the use of architectures
that are designed to handle temporal dependencies. Deep

learning architectures such as, Recurrent neural networks,9

transformer-based architectures10 and the more recent
structured state-space models (SSMs)11−13 represent suitable
options for handling data of this nature.
Depending on their architecture, these models can function

as low-cost predictive tools, and when interpretability is built
in, as a means of elucidating the underlying structure of the
learned relationships.8,14−19 As predictive models, they are
particularly valuable in investigations where computational cost
is a limiting factor. Once trained, they can be evaluated at a
fraction of the computational cost required for full physics-
based models, making them attractive alternatives to expensive
simulations; for this reason, they are commonly referred to as
surrogate models.20−24

Several studies have demonstrated the use of such surrogate
models to approximate the catalytic activity of catalytic
materials for achieving acceleration.18,24−31 Recently, Döppel
et al.32 developed a physics-informed neural network (PINN)
model for a catalytic channel reactor, incorporating a kinetic
surrogate model that approximated species source terms for
given gas-phase compositions and temperatures. The authors
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reported that the resulting model achieved a computational
cost roughly 1,000 times lower than that of a full numerical
simulation of the catalytic channel performed with Can-
tera.32,33

Once the surrogate models are trained accurately, they
provide not only a substantial reduction in computational cost
during prediction but also convenient access to gradient
information. Such gradients are often unavailable or prohib-
itively expensive to compute in traditional numerical
simulations, depending on the complexity of the governing
equations and the dimensionality of the system. Access to
gradients enables interpretation of the learned relationships
and can be leveraged to estimate or optimize unknown
parameters.34−37 Furthermore, surrogate models are partic-
ularly valuable in scale-up or optimization studies that require
repeated evaluations of reactor behavior, where direct
numerical simulations might be too slow or computationally
intensive.26,38,39

In light of these advantages, in this work, a surrogate model
is trained and its gradients are leveraged to capture the
dynamic change in catalyst properties under harsh operating
conditions, in order to simulate them more accurately and
better understand the experimental behavior. We first evaluate
three deep learning architectures suitable for sequential data
sets namely, Long Short-Term Memory (LSTM),40 Trans-
former,10,41 and Mamba13 and compare their performance as
surrogate models for simulating the oxidation of methane in a
catalytic packed-bed reactor operating under lean conditions.
The most accurate surrogate model is then employed to study
the dynamic deactivation behavior typically observed exper-
imentally in palladium-based catalysts for methane oxidation
under oxidizing and humid environments,42−47 by exploiting
the gradient information provided by the surrogate.

■ METHODS

Experimental Data for Optimization
The experimental data used in this work are taken from the study of
Keller et al.,48 who studied methane oxidation over PdO/Al2O3 in a
packed bed reactor under lean, humid conditions. The experimental
procedure is described here briefly. Catalytic tests employed varying
H2O concentrations (0−12 vol %) and a 3 K min−1 temperature ramp
between 500 and 825 K. Before testing, catalyst samples were
degreened at 825 K under reactive conditions (3200 ppm of CH4, 10
vol % O2 in N2) to ensure comparable initial properties across samples
used at different condtions.
Tests were carried out in a packed bed reactor with 300 mg PdO/

Al2O3 (catalyst loading 2.3%) and diluted with 700 mg quartz to avoid
hot-spots. The catalytic bed length was 1.5 cm, the channel diameter 8
mm, and the bed porosity about 56%. The average particle diameter

was 200 μm. TEM measurements showed an average PdO
nanoparticle size of 1.7 nm.
Accounting for Available Catalytic Surface Area in
Simulations
In this work, the packed bed reactor code (DETCHEMPBR) in the
DETCHEM simulation package49,50 is used for simulating the reactor.
Within DETCHEM,49 the active surface area in porous catalysts is
accounted for via the Fcat/geo factor,

51 which is applied as a multiplier
to the surface reaction rate during the simulation. This factor is
defined as the ratio of the catalytic surface area available for reaction
(Acat) to the geometric surface area (Ageo) as given in eq 1.

=F
A
Acat/geo

cat

geo (1)

It should be noted that a change in Fcat/geo value can reflect a range
of phenomena affecting catalyst activity and should not be interpreted
exclusively as changes in the physical surface area of the catalyst
particles. The catalytic surface area in the packed bed is estimated
from the average nanoparticle diameter of the active phase dnp,
through eq 2, assuming spherical particles52 with half of their surface
exposed to the bulk.
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Here, mactive species is the mass of the active phase, determined from
the catalyst loading, and ρactive species is its density. The geometric area
for a cylindrical packed bed reactor is calculated through eqs 3 and 4
based on the surface area per unit volume of the solid fraction in the
catalyst bed53 such that
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where ε is the bed porosity, D is the diameter of the reactor, L is the
length of the reactor and dp is the average diameter of particles in the
catalyst bed.
Surrogate Modeling and Application
A schematic representation of the methodology followed in this work
is shown in Figure 1, which is used to obtain a reliable surrogate
model and its subsequent application in studying the deactivation
behavior of PdO catalysts under humid conditions. In particular, for
the application of the surrogate model in studying the deactivation
behavior, the Fcat/geo parameter used as the simulation input is critical,
as it relates to the available catalytic area at any given reaction
condition, which changes as the catalyst undergoes deactivation
during the experimental measurement. The following subsections
outline each step in detail.

Figure 1. Schematic representation of the surrogate model development and application workflow.
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Simulation Data Generation and Storage. A crucial require-
ment in the development of a neural network-based surrogate model
is the availability of a high-quality data set for training. Since the
surrogate model needs to simulate the reactor outputs on the basis of
the inlet composition and operating conditions alone, the model must
learn the inherent kinetics from the data itself, a data set was
generated through simulations of the packed bed reactor model with
variations in several input parameters such as temperature, water
concentration in the inlet, and the Fcat/geo parameter representing the
catalytic surface area (Table 1).

The data set comprised the mole fractions of the gas-phase species
and the surface coverages of the surface species, along the length of
the reactor, generated from running the simulations using the
DETCHEMPBR code50 with the detailed kinetic model for PdO/
Al2O3

54 under varying inlet and reactor operating conditions. Hence,
the data needed to be stored as three-dimensional arrays of the
following shape: [number of sample points (N), number of length
steps (L), number of variables (D)]. The first dimension of the array
corresponds to the total number of simulations with variations in any
of the input parameters. The second dimension in the data set
corresponds to the resolution of the axial coordinate. In this work,
data were captured at every 0.5 mm of the reactor length. The third
dimension corresponds to the number of variables (or features) in the
data set, namely, the temperature, the mole fractions of the gas-phase
species, the coverages of the surface species, pressure, velocity,
residence time, and the Fcat/geo value at each axial point within the
reactor. In this work, N = 68614, L = 31, and D = 33.
In order to reduce the complexity in the data set and focus the

surrogate model on learning the dependency of Fcat/geo on the output,
certain input parameters were kept constant. These included the input
mole fraction of reactants other than H2O, the porosity of the catalytic
bed, the reactor diameter, the reactor length, the particle diameter,
and the pressure. A Python-based55 script was used to parallelize and
automate the various steps in the generation of the data set including,
the generation of the input files needed for DETCHEMPBR, the
execution of the simulations, the extraction of the relevant data from
the output files, and the storage of the data in an appropriate data
format to make them compatible for training the surrogate model and
ensure adherence to FAIR principles.56 Overall 68,614 simulations
were performed to generate the complete data set containing
2,058,420 axially resolved data points. The simulations were
performed using an AMD Ryzen Threadripper 3990X processor,
leveraging 10 cores in parallel for computations, and required
approximately 1.5 h to generate the data set. The data set was stored
in Hierarchical Data Format version 5 (HDF5)57 to allow data slicing
during batch training.

Surrogate Model Training and Validation. To model catalytic
performance in an isothermal packed-bed reactor, the species mass
balance and continuity equations are solved numerically for specified
inlet compositions, flow conditions, and reactor geometries. Reaction
rates enter as source terms derived from kinetic models, which may
range from simplified lumped models to detailed microkinetic
mechanisms. Surrogate models trained to emulate such simulations
learn to predict axial concentration profiles for all species on the basis
of the given inlet feed and operating conditions. Because these profiles
are sequential and only the concentrations at the reactor inlet are
known, model training requires an autoregressive strategy in which
the surrogate model uses its own prediction at the previous axial
position to predict the composition at the next axial position. This
makes training challenging as errors can accumulate along the reactor

length, necessitating architectures with sufficient complexity to handle
both the autoregressive nature of the task and the inherent complexity
of the chemical kinetics and transport behavior. Considering this and
the sequential nature of the axially resolved data, we used model
architectures that are useful in handling multivariate time-series data,
i.e., LSTM,40 autoregressive self-attention Transformer,10,41 and
Mamba.13 It should be emphasized that nonsequential model
architectures may also be useful in learning the reactor behavior,
but models designed for capturing sequential dependencies mirror the
actual physics-based reactor simulations and enable them to capture
the progression of the concentrations and coverages along the length
of the reactor. Moreover, as the sequential models learn the history of
the output variable at each step, they may be able to capture the
underlying kinetic relationships or reactor geometry effects that are
otherwise missing from raw data.
All three architectures were used for surrogate model training to

find the best performing architecture. The following procedure was
followed for all architectures involving the steps related to data
preprocessing, model training, and validation. The model input
consisted of the 33-dimensional array at z = 0, while the remaining
sequence was used to compute the loss function during the
autoregressive training. The models were built and trained using the
Pytorch library58 for the Python programming language.55 In the data
preprocessing step, all data were standardized using eq 5 to scale the
data to have a mean value of 0 and a standard deviation of 1. This step
helped ensure that all features are on the same scale during the model
training.

=X
X

std (5)

In eq 5, Xstd is the standardized value, X is the original value of the
sample point for a given feature, and μ and σ are the mean and
standard deviation of all data points for that feature, respectively.
Before training, the data set was split in an 80:20 ratio to obtain
training data and validation data, respectively. The validation data was
further split in a 50:50 ratio to obtain a test data set, reserved as
unseen samples on which the final model performance was tested.
The validation set excluding the test set was used to evaluate the
model after each training loop. The test set is used to estimate the
generalization error of the model.
The training procedure followed was as follows: All models were

trained for at least 50 epochs where data were fed in batches. After
each epoch the batches were shuffled to avoid overfitting. During each
epoch, the prediction of the model during the forward pass were
compared with the actual simulated values using the mean squared
error (MSE) loss function as defined in eq 6, where (ŷn,l,d) is the
predicted and (yn,l,d) is the ground truth value for all N samples, L
length-steps, and D features. The objective of the model training is to
minimize this loss function so that the model predictions closely
match the values obtained from direct simulations using DETCH-
EMPBR.

=
· ·N L D
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n l d
n l d n l d

, ,
, , , ,

2
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Based on the gradients obtained through the loss function during
the backward pass, the Adam optimizer59 was used to update the
model parameters. The model weights were saved as checkpoints after
each epoch and as the best model whenever the loss improved,
ensuring that progress was not lost in case the model training was
interrupted. The complete model training was conducted autore-
gressively, that is, only the model predictions were used as inputs for
making predictions after the inlet data was provided in the first length-
step. After each training loop, the model performance was evaluated
on the validation data set. Once the losses converged, model training
was considered to be complete.
Each architecture has a set of hyperparameters that are fixed before

training is started. However, the optimal values for these hyper-
parameters are not known beforehand, hence, multiple combinations
of these hyperparameters need to be tested to find the optimal set, a

Table 1. Details on the Variation in Input Parameters
during the Data Generation

Input parameter Range of values and units

Temperature 450−900 K
H2O mole fraction in the feed 0−15 vol %
Fcat/geo 5−100% of reference value (78.48)
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process known as hyperparameter tuning. In this work, the study of
several distinct architectures with multiple hyperparameters made a
complete grid search for hyperparameter tuning computationally
impractical. Instead, a manual search was performed within a
predefined range of values of hyperparameters by iteratively refining
hyperparameter combinations based on model performance. During
hyperparameter tuning, only the validation set was used to test
performance. The model with the best performance on the validation
set was used for inference on unseen data and compared to other
architectures to obtain the final surrogate model.
The surrogate model training was performed on the high-

performance computing cluster “Helmholtz AI computing resources
(HAICORE)@KIT”. The deep learning models were built using the
libraries Pytorch 2.3.1,58 mambapy 1.2.0, and mamba-
ssm 2.2.2 in Python.55 Other additional Python packages such as
matplotlib 3.7.5,60 NumPy 1.24.4,61 pandas 2.0.3,62

and h5py 3.11.057 were used for processing of data and plotting.
The Distributed Data Parallel (DDP) in Pytorch was used to
parallelize model training on multiple Graphics Processing Units
(GPUs) to decrease model training time.

Surrogate Model Analysis. The best surrogate model obtained
among the investigated architectures was analyzed using Captum63 to
understand how the model made its predictions, i.e., which features
had the most influence on determining the model outputs. The
Integrated Gradients method64 with a baseline of 0 representing the
mean value was used to obtain the feature attribution vectors for
various data samples with varying feed compositions and temperature.
To visualize these attribution values, the mean attribution values were
calculated for samples corresponding to each water concentration in
the feed (158 total samples across 7 water concentrations). These
averaged attribution profiles were then projected into a two-
dimensional space using the Uniform Manifold Approximation and
Projection (UMAP) method65 (n_neighbors = 3, min_dist =
0.3, metric = euclidean). To assess robustness with respect to
the random initialization of the UMAP embedding, the analysis was
repeated using five different random seeds. The resulting embeddings
were clustered based on their similarity using the Hierarchical
Density-Based Spatial Clustering of Applications with Noise
(HDBSCAN) algorithm66 (min_cluster_size = 3, min_-
samples = 1).

Surrogate Model Application: Optimization of Active
Catalyst Area. Several studies42−47 have shown that palladium-
based catalysts suffer from deactivation when they are exposed to
humid, oxidizing conditions during methane oxidation. This behavior
was also experimentally observed in the light-off curves of PdO
supported over alumina catalyst in a packed bed reactor under lean,
humid operating conditions, in the study of Keller et al.48 To
accurately simulate the light-off curves in light of the deactivation
behavior due to continuous exposure to water and varying
temperature conditions, the change in the catalytically active area
needs to be estimated. We used the trained surrogate model to
optimize this unknown value of the catalytically active area which
relates to the input Fcat/geo parameter in the simulations, so that the
experimental trends could be accurately reproduced, and investigated
the impact of the reaction conditions on the catalytically active area.
The optimization process was similar to the training of a neural

network architecture, where the optimizer learned to update the input
parameters whose values are unknown, instead of the model
parameters as done during a typical model training. In this scenario,
the loss function acted as an objective function for minimization of
error between the surrogate predictions and actual experimental
outputs. Therefore, during the optimization process, the surrogate
model weights were kept constant and the input Fcat/geo parameter was
defined as a trainable parameter, which would be updated using the
optimizer. The experimental data measured at the end of the reactor,
i.e., at z = 0.015 m for a given reactor temperature was used as the
ground truth and to calculate the loss function as expressed in eq 7,
where XCHd4,surr is the value of CH4 mole fraction predicted
autoregressively by the surrogate model based on the inlet data

provided as inputs, and XCHd4,exp is the experimentally measured mole
fraction of CH4 at the end of the reactor.

= X X( )CH CH,surr ,exp
2

4 4 (7)

The Adam optimizer,59 used during the surrogate training, was also
used here for updating the Fcat/geo value after each iteration. The total
number of iterations for the optimization were kept to be 2000. The
optimization process was performed for every temperature and inlet
feed condition from 1−12 vol % H2O. For each feed condition, at
least 20 temperature points were considered for optimization between
500 and 800 K. The optimization process was stopped either when
the set number of total iterations exceeded or when the loss value was
lower than a given threshold value (in this work, threshold = 10−5

with the scaled data).

■ RESULTS AND DISCUSSION

Surrogate Model Performance across Various
Architectures
In this section, the performance of the various deep learning
architectures is compared on unseen samples of data that were
not used in the model training and validation loops. Table 2

shows the range of hyperparameters tested for each
architecture and their values in the best performing model.
The purpose of each hyperparameter may be found in the
Supporting Information. As a preliminary test, a feed-forward
neural network with a single hidden layer (64 neurons) was
also evaluated following the same data preprocessing, training
and validation strategy used for the sequence-based architec-
tures described in the Methods section. Although this
architecture provided faster training due to substantially
lower number of learnable parameters (4256) compared to
the other architectures investigated in this work, its validation
loss (1.301) was much higher than that of the sequence-based
models (<0.3), indicating that it was unable to adequately
capture the spatially correlated species profiles present in the
data set. This is in part due to the limited learning capacity of
the model with only a single hidden layer of 64 dimensions,
and it arguably follows that a larger or deeper model could
achieve better accuracy. However, the aim of this work is to
investigate sequential architectures and their predictive
performance as a surrogate to DETCHEMPBR and hence, a
complete hyperparameter tuning was not performed for the
standard neural network. The following subsections showcase
the results obtained with the sequence-based architectures and
the optimal set of hyperparameters.

Table 2. Range of Values of Various Hyperparameters Used
during the Hyperparameter Tuning

Architecture Hyperparameter name Range Best value

Transformer e_layers 2, 3 2
factor 5, 10 10
d_model 64−256 64
n_heads 4, 6, 8 8
d_ff 64−512 64

Mamba n_layers 2 2
d_state 64−256 64
d_model 64−512 256
d_head 8−64 64

LSTM n_layers 1−4 2
d_model 64−512 256

ACS Applied Catalysis pubs.acs.org/acsappliedcat Article

https://doi.org/10.1021/acsappcat.6c00044
ACS Appl. Catal. XXXX, XXX, XXX−XXX

D

D
ow

nloaded from
 pubs.​acs.​org/​aacabd/​article-pdf/​doi/​10.​1021/​acsappcat.​6c00044/​69065394/​acsappcat.​6c00044.​pdf by KIT BIBLIO

TH
EK user on 09 N

ovem
ber 2026

https://pubs.acs.org/doi/suppl/10.1021/acsappcat.6c00044/suppl_file/pl6c00044_si_001.pdf
pubs.acs.org/acsappliedcat?ref=pdf
https://doi.org/10.1021/acsappcat.6c00044?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Autoregressive Self-Attention Transformer. This
model architecture aims to capture complex dependencies in
multivariate time-series data by using cross-dimension self-
attention to model interactions across the features for each
point in the sequence.10,41 The architecture contains five
hyperparameters that need to be tuned to obtain the best-
performing model. The best model had overall 418,883
trainable parameters and took approximately 47 h to train on
2 GPUs. Figure 2 demonstrates the variation in the MSE loss
across all training and validation samples with each epoch.

The model losses converged after 20 epochs, and the MSE
loss on the validation data was calculated to be 0.263

corresponding to a root-mean-square error of approximately
0.51. Since the target variable is standardized (i.e., has unit
variance), the error indicates that the model predictions
deviate from the true values by about half of a standard
deviation on average. Compared to a naive baseline predictor,
this represents a substantial reduction in error, indicating that
the model captures meaningful structures in the data.
However, the significant difference between the training loss
and the validation loss suggests that the model could not
generalize well for unseen data.
This is more clearly seen in Figure 3, which shows the

transformer model predictions compared to the ground truth,
i.e., the simulated axially resolved values obtained with
DETCHEMPBR simulations with the chemical model54 for a
subset of features. Figure 3 shows this comparison for a
randomly selected set of samples not used during training or
validation. In the nomenclature of the surface species, “a”
represents the Pdcus sites and “b” represents the Ocus sites of
the supported PdO catalyst as described in the Supporting
Information. The comparison between the numerically
simulated and predicted axial curves show that the transformer
model struggled to learn the complex reaction kinetics in the
packed bed reactor. Although the reactor temperature and the
Fcat/geo parameter are fixed input parameters in the simulation
model, here in the transformer these are still predicted along
the length with the rest of the outputs. This is because this
model architecture does not support using input and output
sequences of different sizes. As can be observed in the Figure 3,

Figure 2. Training history of the transformer model with best set of
hyperparameters.

Figure 3. Comparison of the ground truth with the predictions from the autoregressive self-attention transformer model on unseen data.
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the model does not accurately predict the isothermal behavior
and the constant Fcat/geo values. The model was able to predict
the methane mole fractions under the conditions of full
conversion quite well but performed poorly at temperatures
where conversion is low. Additionally, it was unable to capture
the water production trends, leading to the conclusion that the
autoregressive self-attention transformer architecture was
unsuitable as a surrogate to the numerical simulation model.
Such transformer-based model has been shown to work well

on multivariate data,41 but it relies on seeing a larger window
of the sequential data (24 and higher) for accurate perform-
ance as compared to this work where the input window was
kept as 1 due to the autoregressive nature of the simulation
task. It is possible that the architecture was not well-suited for
regression tasks of this nature when the window was equal to 1
or the model lacked sufficient complexity to capture the
underlying trends in the data. The significant training time,
despite parallel training on multiple GPUs, further constrained
the exploration of deeper network configurations.

Mamba. The Mamba architecture builds upon structured
state space models (SSMs) and introduces a selective state
space mechanism for efficient sequence modeling.11,12 It was
proposed as an alternative to the attention-based transformer
architecture,10 offering linear-time sequence processing while
retaining strong performance on large sequential data sets.13

Figure 4 shows the progression of the loss values with the
training and validation data sets during the model training with
best set of hyperparameters (Table 2).

The validation loss at the beginning of the training was
noisy, likely due to the autoregressive training approach.
However, both the training and validation losses converged
after around 20 epochs. The minimum validation loss
associated with the best model was 0.1366. The total number
of trainable parameters in the best model was 880,719 and the
model took approximately 17 h to train on a single GPU. The
time taken for training the Mamba model was significantly less
compared to the transformer architecture, as its hardware-
aware implementation makes its training on GPUs significantly
faster than transformer-based architectures. Additionally, the
Mamba model showed a lower mean-squared error value on
the validation data set compared to the transformer
architecture.
The performance of the best model on the testing set

samples are shown in Figure 5. Since Mamba could be
configured to have different sizes for the input and the output
sequences, the features, namely, the reactor temperature and
the Fcat/geo parameter, were used only as inputs and not
predicted with the outputs. The results show that similar to the

transformer model, the Mamba model struggled to capture the
water production trends, particularly at temperatures where
conversion is low. However, the coverages of certain surface
species, such as O-a and H2O-a, were predicted to be
reasonably well. While the model correctly captured the
overall trend of methane conversion, it underpredicted the
outlet concentrations for some of the samples. Therefore, the
Mamba model was also deemed unsuitable for use as a
surrogate for DETCHEMPBR. The reasons for the inadequate
performance remain unclear, given the black box nature of the
model and its limited interpretability.

LSTM. An LSTM network models sequential data by using
gated memory cells to capture and retain long-term temporal
dependencies. In comparison to the other models, the LSTM
architecture has the lowest number of hyperparameters,
namely n_layers relating to the number of LSTM layers
and d_model relating to the dimensionality of the hidden
state. During LSTM training, reactor temperature and Fcat/geo
were only considered as inputs to the model and not predicted.
In order to improve the performance of the model, a penalty
was also imposed during training on the error in prediction of
the mole fractions of methane and water, hence the loss
function for LSTM model training had an additional penalty
term as expressed in eq 8, where λ = 10, is the penalty weight,
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Figure 6 compares the penalized training and validation loss
values after each epoch during the model training with the best
set of hyperparameter values, as tabulated in Table 2. The best
model had 832,287 trainable parameters and took approx-
imately 6.5 h to train on a single GPU. The model converged
after 25 epochs with a minimum penalized validation loss of
0.155. The train and validation losses showed similar trend and
converged values suggesting that the model was trained well.
The model training with the LSTM architecture was easier
than the other architectures investigated in this work, due to
short sequence lengths in the data set and simpler model
architecture.
Figure 7 shows the predictions of the LSTM model on

samples from the test set in comparison with the ground truth.
The results show that the LSTM model performed the best on
unseen data samples compared with the transformer and
Mamba models. The additional penalty term contributed to
more accurate predictions of the methane and water mole
fractions. Overall, the LSTM model was able to reproduce the
general spatial trends under most conditions. Although the
model exhibited slightly reduced accuracy at low conversion
temperatures, the associated errors between the prediction and
ground truth were minimal. It should be noted that the
comparison plots are scaled to emphasize discrepancies,
making even small differences appear to be more pronounced.
Because the final layer in the architecture is a “linear” layer,

the surrogate model can theoretically predict negative
concentrations or coverages. In practice, such values were
observed only for species with very low coverages at the
reactor inlet region (for example, in Figure 7, vac-b species
coverage for Sample ID: 63432) and did not occur for the
reactor outlet values relevant to the present application.

Figure 4. Training history of Mamba model with the best set of
hyperparameters.
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Furthermore, while mass balance constraints were not
explicitly enforced during training, the LSTM model
reproduced the corresponding mass balance relationships
with mean absolute errors below 10−8, indicating that the
model learned the conservation behavior implicitly from the
training data. To guarantee stricter adherence to the
conservation relationships and prevent nonphysical outputs,
the corresponding constraints could be incorporated explicitly
into the training loss function. Based on the performance on
the unseen samples, the LSTM architecture with 2 layers and
hidden state of size 256 was shown to be the best candidate for
a surrogate model, among the studied architectures. The
LSTM-based surrogate reduced the average computation time
from 42.9 ± 24.26 s for the DETCHEMPBR model to 0.037 ±

0.01 s per sample, resulting in an approximate 1150-fold
acceleration while maintaining predictive accuracy.
It should be noted that under the plug-flow assumptions

employed in the reactor model simulations, the Fcat/geo
parameter effectively scales the reactor coordinate and thus
reduces the complexity of the machine learning task. However,
it was intentionally used as an explicit surrogate model input to
be consistent with the inputs used in the DETCHEMPBR

model. Furthermore, Fcat/geo is a physically meaningful reactor
design parameter, and its explicit inclusion allowed the
surrogate model to provide gradients, enabling the subsequent
gradient-based optimization of Fcat/geo under the experimental
conditions.
Comparison of Surrogate Predictions at Experimental
Conditions
In order to thoroughly compare the performance of the
LSTM-based surrogate model to the DETCHEMPBR simu-
lation model at relevant experimental conditions, predictions
were made at several temperatures between 500 and 800 K for
various water concentrations in the feed. Figure 8 compares
the predicted end-of-pipe conversion of methane by the
surrogate model, the numerically simulated conversion using
DETCHEMPBR, and the measured experimental data under
varying conditions. For the simulations and the surrogate
predictions, a reference value of Fcat/geo = 74.48 was used,
which was calculated based on the nanoparticle diameter of the
as-prepared catalyst samples.
The comparison shows that the surrogate model closely

follows the simulated conversions using the DETCHEMPBR

Figure 5. Comparison of the ground truth with the predictions from the Mamba model on unseen data.

Figure 6. Training history of LSTM model with the best set of
hyperparameters.
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code under all of the conditions. The deviations between the
simulated (both the output of DETCHEMPBR and the
surrogate model) and the experimental data clearly demon-
strate that a constant value of catalytically active area (i.e.,
constant Fcat/geo value) leads to overprediction of the
conversions at all operating conditions. The simulations
correctly capture the onset of light-off, as the kinetic model
accounts for the blocking of active sites by adsorbed water
molecules resulting from the increasing water concentration in
the feed, thereby predicting the shift in activity toward higher
temperatures. However, the deactivation of the active sites
happening due to continuous exposure of water and changing
reactor temperature is not considered in the kinetic model
from Stotz et al.54 and requires consideration of a variable
value of active area. This shows that in order to reproduce the
experimental data accurately, the effect of the reaction
conditions on the active area needs to be correctly estimated.
Surrogate Model Interpretability

Before using the surrogate model to optimize the Fcat/geo
parameter, it was essential to verify that the model had indeed
learned the underlying kinetics and inherent relationships
between the reactor operating conditions and the resulting
reactor outputs. As described in the Methods section,
importance scores were computed for each input feature
based on the gradients of the model outputs with respect to the
inputs. These high-dimensional feature importance values
(shape = (158, 30, 33)) were projected into a two-dimensional

embedding space to enable clustering and visualization of the
feature importance profiles. Figure 9 shows the resulting
clusters obtained from attribution profile embeddings averaged
for each water concentration and reactor position. The
clustering results were found to be stable across multiple
dimensionality reduction runs with different random seeds.
The attributions were averaged based on their inlet water
concentration to facilitate visualization and to examine whether
the resulting attribution profiles exhibited patterns across the
water concentration. Based on the feature importance scores
obtained for predicting the methane output mole fraction, the
low water concentrations (0−3 vol % H2O) were grouped into
one cluster, whereas the samples with higher water
concentrations (6−12 vol %) formed a second cluster. This
suggests that the surrogate model relies on different attribution
patterns for samples with low and high water concentration.
While the clustering analysis is purely associative and was
performed primarily to visualize the high-dimensional attribu-
tion values, the observed separation is consistent with the
understanding that the deactivation effect induced by water
tends to saturate at higher concentrations.48

Figure 10 shows the averaged absolute feature importance
values for the two clusters for predicting the outlet methane
mole fractions. The importance values clearly demonstrate that
the surrogate model identified the temperature as the most
important feature to determine the outlet methane mole
fraction for both clusters. Among other input features, the
Fcat/geo parameter relating to the catalytically active surface area

Figure 7. Comparison of the ground truth with the predictions from the LSTM model on unseen data.
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is deemed almost equally important for both clusters. The inlet
concentration of water (and the correlated inert N2
concentration) had higher importance for determining the
reactor outputs for the cluster with low water concentrations
than the high-water-concentration cluster. Interestingly, the
model also identified the surface species, namely, the free a and

b sites, H2O-a, H-a, and H-b species as the main contributors
for its predictions, which is in agreement with the dominant
surface intermediates in the kinetic model54 used for
generating the data. Similar patterns are observed for all
other outputs as well (Figures S2 and S3 in the Supporting
Information).
These patterns demonstrate that the surrogate model has

reliably captured the underlying relationships among the
various inputs and the reactor outputs. It is important to
note that the data were scaled before training and computing
feature importance, preventing bias from differences in the
feature magnitudes. Consequently, the reliability of the
surrogate model is established not only in its ability to
accurately predict the simulation outputs but also in its
capacity to correctly identify inherent relationships within the
data. Therefore, using the gradients from this surrogate model
for the subsequent optimization of the Fcat/geo parameter is
justified, serving as an effective replacement for the more
computationally intensive DETCHEMPBR simulation model
that does not provide gradient information.

Figure 8. End-of-pipe performance of the surrogate under experimental conditions, with varying inlet water concentrations: (a) 1 vol % H2O, (b) 2
vol % H2O, (c) 3 vol % H2O, (d) 6 vol % H2O, (e) 9 vol % H2O, and (f) 12 vol % H2O.

Figure 9. UMAP clustering with the two-dimensional embeddings of
the feature importance scores.
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Simulated Results with Optimized Active Area

As shown in Figure 8, the simulated data assuming a constant
catalytic area (i.e., constant Fcat/geo parameter) deviate
significantly from the experimental results. This discrepancy
arises because continuous exposure to humid and oxidizing
conditions leads to catalyst deactivation, making the active
surface area variable. To estimate the effective value of the
active area with changing operating conditions, a gradient-
based optimization was performed using the surrogate model.
The Fcat/geo values were optimized by minimizing the difference
between the experimental end-of-pipe methane mole fractions
and the predictions from the surrogate model. The
optimization was performed for at least 20 temperature points
for each inlet water concentration in the feed.
The resulting trends in the estimated Fcat/geo values during

light-off for various wet feed conditions, based on the accurate
simulation of the experimental data, are illustrated in Figure 11.
In the figure, the light blue background highlights the
temperature range where a variation in Fcat/geo has an influence
on the reactor output. The areas shaded in gray correspond to
temperature regions where either the rates are too low to have
any conversion or so high that the inhibition effects become
negligible, therefore, the Fcat/geo values under these conditions
are irrelevant. As shown in Figure 11, the use of optimized
Fcat/geo values leads to a much closer agreement between the
experimental light-off data and the simulations using
DETCHEMPBR, compared to simulations assuming a constant
Fcat/geo throughout the light-off.
The estimated Fcat/geo values generally decrease with an

increase in temperature, and the rate of this decrease depends
on the inlet water concentration. Notably, at higher temper-
atures, the Fcat/geo values converge to approximately 10 across
all water concentrations, indicating that water inhibition effects
are minimal in this regime, consistent with the findings of
Mortensen et al.46 It should be emphasized that since the
Fcat/geo parameter can reflect a range of phenomena affecting

the available catalytic area, the estimated values obtained here
cannot be used to identify the underlying cause of the
reduction in the available catalytic area. Moreover, the present
approach is intended to estimate the value of Fcat/geo specific to
the investigated experiments and should not be interpreted as a
predictive model for catalyst activity under new operating
conditions.
Additionally, the discrepancies observed in simulations using

a constant Fcat/geo at high temperatures may also stem from
internal mass transfer limitations not accounted for in the
model, leading to overestimated reaction rates. Parameter
fitting that directly affects reaction rates may inadvertently
mask the influence of diffusion limitations. If present, these
effects should be explicitly incorporated into the data set and,
consequently, into the surrogate modeling framework as well.
The reduction in Fcat/geo in the optimized case effectively
lowers the predicted rates, aligning them more closely with
experimental observations. The Weisz-Prater number67 was
calculated for temperatures of 10% conversion (T10), 50%
conversion (T50) and 90% conversion (T90) to estimate if
internal mass transfer limitations existed. The calculated values
were lower than 0.2 for both dry and humid conditions at all
conditions except at T90. At T90, the values were estimated to
be 0.29 and 0.32 for 0 vol % and 12 vol % H2O in feed,
respectively. These values imply that internal mass transfer is
not limiting under the studied conditions but may have some
effect at higher temperatures (≥T90). Therefore, given that
water inhibition is negligible at elevated temperatures,68 the
analysis of Fcat/geo trends should primarily focus on low
temperatures, where its impact is more pronounced.
A comparison of the Fcat/geo trends across different water

concentrations in Figure 11 reveals that the rate at which
Fcat/geo changes with reactor temperature is strongly influenced
by the water content in the feed. With 1 vol % water in the
feed, Fcat/geo initially decreases gradually up to the temperature
corresponding to approximately 60% methane conversion.

Figure 10. Averaged absolute feature importance values obtained from the gradients of the surrogate model for (a) cluster 0 with high water
concentration samples and (b) cluster 1 with low water concentration samples.
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Beyond this point, the decline becomes steeper until full
conversion is achieved. For feeds containing 2 vol % and 3 vol
% H2O, the decrease in Fcat/geo follows an almost linear trend
throughout the temperature range. However, at higher water
concentrations, the behavior becomes distinctly nonlinear. In
these cases, Fcat/geo exhibits a sharp initial drop, followed by a
more gradual decline as conversion increases. This effect is
particularly pronounced at 12 vol % water, where Fcat/geo drops
dramatically from an initial value of 74.48 to around 15 at
temperatures corresponding to only 25% conversion. This

suggests that a higher water content in the feed intensifies the
inhibition effect at lower temperatures, leading to a more
significant early loss of active surface area available for the
reaction.
The loss in the effective catalytically active area may be

ascertained from the decrease in the Fcat/geo parameter values
compared to the active area before the catalyst was exposed to
reactive conditions (Figure 12). The results are grouped
similar to Figure 10 as low and high water concentration in
feed. For 1 vol % water in feed, the optimized data indicate

Figure 11. End-of-pipe simulated data with DETCHEMPBR using the optimized Fcat/geo values through the surrogate model, under experimental
conditions with varying inlet water concentrations: (a) 1 vol % H2O, (b) 2 vol % H2O, (c) 3 vol % H2O, (d) 6 vol % H2O, (e) 9 vol % H2O, and (f)
12 vol % H2O.

ACS Applied Catalysis pubs.acs.org/acsappliedcat Article

https://doi.org/10.1021/acsappcat.6c00044
ACS Appl. Catal. XXXX, XXX, XXX−XXX

K

D
ow

nloaded from
 pubs.​acs.​org/​aacabd/​article-pdf/​doi/​10.​1021/​acsappcat.​6c00044/​69065394/​acsappcat.​6c00044.​pdf by KIT BIBLIO

TH
EK user on 09 N

ovem
ber 2026

https://pubs.acs.org/doi/10.1021/acsappcat.6c00044?fig=fig11&ref=pdf
https://pubs.acs.org/doi/10.1021/acsappcat.6c00044?fig=fig11&ref=pdf
https://pubs.acs.org/doi/10.1021/acsappcat.6c00044?fig=fig11&ref=pdf
https://pubs.acs.org/doi/10.1021/acsappcat.6c00044?fig=fig11&ref=pdf
pubs.acs.org/acsappliedcat?ref=pdf
https://doi.org/10.1021/acsappcat.6c00044?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


that 50% of the active area was lost after more than 70%
conversion is achieved (cf. Figure 12(a)). This much loss in
active area is encountered earlier for water concentrations
above 3 vol % at temperatures of approximately 20%
conversion, due to the intensified inhibition effect. At lower
concentrations of water, the loss in active area progresses
gradually as more conversion takes place with an increase in
temperature. At higher water concentrations, there is a loss of
active area overlap (Figure 12(b)). This indicates a saturation
point in the inhibition with respect to water content, similar to
the findings of Keller et al.48 In Figure 12(b), at conversions
less than 5%, the loss in active area is negligible. This may be
attributed to the fact that the loss is calculated relative to the
as-prepared catalyst, whereas the catalyst properties likely
changed after the degreening step. As a result, the initial Fcat/geo
values at the start of the light-off may have been under-
estimated, underscoring the need for accurate postdegreening
characterization of catalyst samples.
Overall, it has been demonstrated that the experimental

observations during the light-offs are well-reproduced using the
estimated Fcat/geo values obtained from the optimization
procedure. The reactor simulations with varying Fcat/geo values
show that the experimental data could be reproduced more
accurately when a loss of active area is considered, consistent
with the continuous exposure of the catalyst samples to humid
conditions and increasing temperatures during the light-off
measurements. Figure 12 shows that this loss in available
catalytic area is a function of both water concentration and
how much methane is converted at any point in the light-off.
The dependency of the loss in catalytically active area on
conversion values is consistent with the findings from
Mortensen et al.,46 who suggested that the inactive state of
the catalyst is a result of the migration and redispersion of the
highly mobile Pd0 species formed when methane gets
activated. The use of the surrogate model for gradient-based
optimization enabled capturing the complex interactions of
water concentration and the reaction temperature on the
surface coverages and the observed end-of-pipe methane
concentrations without relying on making prior assumptions
about the conditions driving the deactivation. The surrogate
model allowed computation of the gradients of methane outlet
mole fraction with respect to the input Fcat/geo values that are
not easily available with direct simulation of the reactor model,

in addition to fast computation of the reactor outputs with
changing input conditions during the optimization process.

■ CONCLUSIONS
In this work, several deep learning architectures were explored
to function as surrogate models for the DETCHEMPBR

simulation model. Three architectures were trained on
simulated data to capture the methane oxidation kinetics in a
packed-bed reactor. Among them, the long short-term memory
(LSTM) network delivered the best performance on test data
and was selected as the surrogate model to replace the
DETCHEMPBR simulation model. The analysis of the LSTM
model reasoning patterns for its predictions showed a reliable
capture of the underlying kinetics and relationships within the
data. Therefore, the LSTM model could be successfully applied
in the subsequent gradient-based optimization task. Depending
on the task at hand, other architectures, such as PINNs that
explicitly incorporate thermodynamic consistency or atom
conservation, may be necessary. However, black-box predictive
models such as LSTM with some degree of interpretability can
be equally useful for simpler applications, as showcased in this
work.
The surrogate model predictions, in agreement with the

DETCHEMPBR model, showed deviations in simulated data in
comparison with the experimental data using the microkinetic
model by Stotz et al.54 for PdO/Al2O3. These deviations were
traced to the assumption of a constant catalytically active area
during light off. While the model correctly captured the shift in
activity to higher temperatures in the presence of external
water, experimental data showed additional inhibition not
explained by site blocking alone, consistent with the
irreversible deactivation demonstrated in recent studies.46,47

Instead, the findings suggest that an irreversible loss of active
sites due to prolonged exposure to reaction conditions should
be considered to reproduce experimental observations.
Through the optimization of the Fcat/geo parameter, the
variation in the catalytically active area with the water
concentration could be investigated. At low water concen-
trations (<3 vol %), a gradual loss of active sites was observed
as temperature and conversion increased. Higher water
concentrations led to a more pronounced loss, up to 50% of
the active area at 20% conversion.
The results also showed that the inhibition effect saturates

with increasing water concentration and becomes negligible at

Figure 12. Loss in catalytically active area with respect to conversion for various feed conditions: (a) low water concentration at the inlet and (b)
high water concentration at the inlet.
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higher temperatures where full conversion is achieved
irrespective of the available catalytic area, aligning with the
literature.68 Overall, the findings highlight the significant role
of external water in irreversible catalyst deactivation, in
addition to reversible blocking of active sites. While the
simulations with optimized Fcat/geo values cannot pinpoint
whether this deactivation is due to Pd(OH)2 formation, or a
change in the Pd2+ state, or redispersion of the Pd particles,
they underscore the need to account for the change in catalyst
state for accurate simulation of catalyst performance, especially
under wet conditions.
In conclusion, this work highlights the effectiveness and

practicality of surrogate modeling for accelerating optimization
in heterogeneous catalysis. The LSTM-based surrogate model
enabled accurate, efficient predictions and facilitated gradient-
based optimization, offering a practical alternative to costly
numerical simulations. This demonstrated the value of using
data-driven tools to bridge the gap between simulation and
experimental studies. Beyond optimization, such surrogate
models are especially advantageous in scenarios requiring
numerous costly simulations, such as scale-up studies or design
of systems consisting of multiple unit operations.
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