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ABSTRACT

This study presents a novel convolutional neural network (CNN) architecture that represents a significant advancement in the
unsupervised analysis of data from infrared (IR) spectroscopy, both in IRRAS (infrared reflection absorption spectroscopy) and in
DRIFTS (diffuse reflection infrared Fourier transform spectroscopy). After measuring reference data for single-crystal samples
using IRRAS, DRIFTS allows the characterization of surfaces exposed by cerium oxide powder particles through the stretch fre-
quency of adsorbed probe molecules. To enable real-time monitoring of catalyst modification during exposure to reactive gases
under reaction conditions, a rapid, unsupervised analysis of the DRIFTS data is required. It is demonstrated that this goal can be
achieved by using a CNN with an optimized architecture. This model is proficient in determining the intensities of the adsorbed
CO bands, which depend on the crystallographic orientation and oxidation state of the exposed facets. The CNN design incor-
porates parallel 1D convolutional layers with varied kernel sizes. These layers work in tandem to capture spectral features. To
address the challenge of overfitting, advanced regularization techniques within the CNN are integrated, enhancing the model’s
performance on new, unseen data. In particular, this approach to generating synthetic data has been instrumental in improving
the performance of the CNN. The employment of the Adam optimizer and the mean squared error loss function aligns the model
for efficient learning, ensuring accurate and reliable predictions. By introducing this CNN architecture, a robust, precise, and
adaptable tool for rapid, unsupervised spectroscopic analysis is provided, demonstrating the potential of deep learning combined
with synthetic data generation for advanced spectroscopy applications.

1 | Introduction Fourier-transform spectroscopy) technique, which involves prob-

ing molecules adsorbed on the surface of powder particles, offers

Characterizing oxide powders under ambient conditions and at
elevated temperatures is crucial in materials science due to their
significant role in catalysis and fuel cells, as well as biomedical
and UV protection applications [1-5]. For most oxides, the sur-
face structure exposed by the powder particles and, in particular,
the concentration of oxygen vacancies (O,) play a crucial role in
their corresponding technical applications. Infrared (IR) spec-
troscopy, particularly the DRIFTS (diffuse reflection infrared

a nondestructive and insightful approach to investigating the
structure of exposed oxide surfaces. A popular example is the car-
bon monoxide (CO) molecule, which monitors the nature of the
adsorption site [6] with remarkable sensitivity. Adsorbed CO
exhibits shifts in the stretch frequency that directly correlate with
the surface chemistry and morphology and is also sensitive to
oxide surface reduction [7]. CO adsorbed on well-defined oxide
single crystals shows only a few narrow, individual vibrational
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bands. In spite of the known fact that advanced theoretical
approaches do not allow to assign IR spectra directly (the differ-
ence between experimental and calculated values can be up to
20 cm™"), calculated values of relative shifts between individual
vibrational bands for specific surface orientations and oxidation
states fit pretty well to the experimental data, and they make the
assignment of the IR spectra obtained on well-defined oxide sin-
gle crystals straightforward. Unfortunately, the interpretation of
the IR spectra recorded for powder particles can be complex, as
technologically relevant powders typically contain particles
exposing different crystallographic surfaces. As a result, instead
of individual peaks, broader bands are observed in the IR spectra,
and the analysis demands sophisticated deconvolution techni-
ques to determine the contributions of the different crystallo-
graphic planes and their reduction states [8].

The advent of convolutional neural networks (CNN) in process-
ing and analyzing spectroscopic data has recently been used for
spectroscopic data analysis [9-12]. CNNs, with their ability to
extract and learn from patterns in data, offer unparalleled preci-
sion in identifying and predicting the spectral features associated
with CO adsorbed on oxide surfaces, both oxidized and reduced.
In this article, we focus on the case of CeO,, a material for which
experimental results of CO adsorbed on all low-indexed surface
orientations is available [13], as well as a thorough theoretical
assignment of the CO stretch frequencies. We demonstrate that
our CNN is capable of determining the morphologies and oxida-
tion states of CeO, powder particles under reaction conditions,
thus allowing us to monitor the state of oxide catalysts in
real-world applications [14-17]. Yu et al. applied deep learning
for the surface characterization of cerium oxide catalysts utilizing
IR spectroscopy of adsorbed CO [18]. Their study demonstrates
the efficacy of a CNN model in predicting the distributions of
CeO, facets and adsorbed species, utilizing synthetic complex
IR spectrum data to enhance predictive accuracy. However, as
pointed out by Lustemberg et al. [19], the training data used
in this study were obtained from quantum chemical calculations
of insufficient performance, thus limiting the performance of the
proposed analysis. In the present approach, the training is based
on precise experimental data obtained for different CeO, model
systems, which were interpreted using accurate quantum-
chemical DFT calculations involving hybrid functionals [13].

In another, related word, Saghi et al. present a novel approach to
semi-synthetic data generation aimed at fine-tuning CNNs for
retrieving Raman signals from coherent anti-Stokes Raman
scattering (CARS) spectra [20]. This method not only facilitates
the reliable analysis of Raman signals but also highlights the
adaptability of CNN models to various spectroscopic data types,
reinforcing the versatility of deep learning in spectral analysis.
Teklemariam et al. explore the detection of adulteration in coco-
nut water, demonstrating the application of machine and deep
learning models, including a 1D CNN with attenuated total
reflection-Fourier transform Infrared (ATR-FTIR) spectroscopy.
Their work provides insights into the predictive performance of
CNNs and other algorithms on spectral data, offering a robust
framework for detecting substitutions in food products [21].
Xin et al. investigate the combination of near-IR spectroscopy
with generative adversarial networks (GANSs) to rapidly detect
raw material quality in formula products [22]. Their research
on generating synthetic data resembling raw spectral data and

establishing various prediction models exemplifies the potential
of integrating GANs with CNN for quality assessment.

Despite these advancements, using CNNs in IR spectroscopy for
CeO, powders faces two primary challenges. Firstly, reliable data
are only available for the low-indexed crystallographic surfaces,
three in the case of CeO,, which significantly reduces the size of
the data set necessary for training the CNN. This fact severely
hinders the predictive accuracy and generalization capabilities
of the CNNs. Secondly, identifying the most effective neural
network architecture that can accurately model the complex
relationships between IR spectral features remains an ongoing
challenge.

To address these challenges, our study focuses on generating syn-
thetic data that accurately simulates the spectral signatures of
CO/CeO, IRRAS and DRIFTS data obtained using the so-called
SLIR approach [7]. This procedure offers a cost-effective solution
to the data scarcity problem, enabling the comprehensive evalu-
ation of the performance of CNN architectures in predicting
vibrational spectra of CO adsorbed on CeO, powder particles.
By leveraging synthetic data, we aim to refine the training pro-
cess of CNNs, enhancing their predictive accuracy and reliability.
Furthermore, our exploration into identifying the best-fitted
CNN architecture for this application intends to set a new bench-
mark in the field, facilitating more precise and efficient surface
characterization of oxide powder particles.

In this study, we synergize the experimental insights from
Yang et al., who determined surface faceting and reconstruction
of ceria nanoparticles from shifts of the stretch frequency of
adsorbed CO, with the work presented in [23] focusing on
advanced computational methods to predict CO stretch frequen-
cies theoretically. Yang et al.’s experimental investigations into
the CO adsorption on various CeO, model substrates [14] provide
a critical experimental foundation, while Lustemberg et al. con-
tribute significantly to the reliable assignment of observed fre-
quencies using advanced computational methods [19]. Finally,
in order to test its applicability beyond single-crystal data, our
CNN model is extended to DRIFTS data obtained for CeO, pow-
der samples [23]. By integrating these experimental and compu-
tational perspectives, our research aims to refine the accuracy of
predicting surface phenomena on ceria nanoparticles, illustrating
the interplay between experimental validation and computa-
tional predictions in material science advancements.

2 | Synthetic Data Generation for Enhanced IR
Spectroscopy Analysis of CeO,

In our study, synthetic data generation emerges as a crucial strat-
egy for enhancing the diversity and volume of datasets necessary
for training CNNs. This approach is mandatory in domains
where experimental data is scarce or prohibitively expensive.
Focused on synthesizing IR spectroscopy data, our research aims
to simulate the spectral signatures CO adsorbed on cerium oxide
surfaces under various conditions. Such synthetic datasets facili-
tate a thorough exploration of the CNN’s ability to identify and
predict the surface characteristics of CeO, catalysts, leveraging its
notable catalytic properties. Taking in to account the comment
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by Lustemberg et al. [19], for CNN training, we used experimen-
tally determined frequencies, and not the results from nonvali-
dated DFT calculations. In this approach to generating realistic
IR spectra for CO adsorbed on CeO,, we adopt an innovative
algorithm that constructs the spectra by summing Gaussian
distributions, each set with a fixed width parameter of
w=+/10 cm™". These distributions signify the unique vibrational
CO stretch frequencies pertinent to specific CeO, surface sites on
oxidized and reduced particles, based on the core principle that
IR spectra of adsorbed CO consist of a superposition of peaks
with Gaussian profiles, each corresponding to a distinct molecu-
lar vibrational frequency. To further enhance the efficiency of the
training process, we incorporate a noise level of 0.15 into our syn-
thetic data, effectively simulating the random variations typical
in experimental spectral data. The inclusion of noise emulation
is found to be crucial for enhancing the performance of the
CNN-based analysis of the experimental data.

Given a range of wavenumbers, the synthetic IR spectrum,
S(x), is constructed by summing Gaussian distributions for
N CO stretch frequencies. The Gaussian function for the i — th
vibrational mode at a point x in the wavenumber range is
defined as

(x—c)?
G(x;¢;, a;, w) = a; exp (— TZL
where ¢; represent the center frequency, a; the amplitude of the
i — th vibrational mode, w the width parameter indicating the
peak’s spread, and x a value in the wavenumber range X.

Leveraging our synthetic data generation methodology for IR
spectroscopy analysis, this study introduces an enhanced perfor-
mance in simulating CO/CeO, spectra through the strategic

implementation of intensity ratios corresponding to specific fre-
quencies. In our analysis, we consider three primary surface
orientations of CeO,: the (110), (100), and (111) surfaces, each
available in both oxidized and reduced states. These states are
crucial as they significantly influence the vibrational frequencies
of adsorbed CO molecules, reflecting the varied surface chemis-
tries resulting from the presence of O-vacancies. The next inten-
sity ratios to key frequencies, such as [1.0] for both the 2154 cm™
(oxidized state) and 2162 cm™ (reduced state) frequencies of the
Ce0, (111) as well as for the 2175 cm™" frequency representing
the reduced state of the CeO, (110) surface, have been applied.
For the CeO, (110),, state, the ratios of [0.9, 0.3] for frequencies
2171 and 2160 cm ™! as well as [1.0, 0.4, 0.2] for the complex inter-
action within the CeO, (100).x state at frequencies 2176, 2168,
and 2147 cm™" as well as [1.0, 0.3] for the CeO, (100),, state
at frequencies 2168 and 2147 cm™' were used. These spectra
not only capture the fundamental peaks of CO but can also
be generated in numbers large enough to allow for training
the CNN. Detailed frequency data and intensity ratios for these
interactions are systematically cataloged in Table 1 providing a
foundational reference for our spectral analysis.

The generation of synthetic spectra with an optimized noise con-
tribution represents a significant advancement in crafting highly
detailed and realistic datasets, which is poised to enhance the train-
ing and validation processes of convolutional neural networks for
spectral analysis. By intricately mapping these intensity ratios of
CO stretch frequencies to the respective oxidation states and
surface orientations of CeO,, our synthetic datasets are equipped
to capture the essential spectral variations. Consequently, this
enhances the predictive accuracy and reliability of CNN models
in identifying and characterizing material surfaces, underpinning
a substantial improvement in the fields of materials science and
machine learning.

TABLE 1 | CO stretch vibration frequencies for different CeO, facets and oxidation states.

Number of
CO species

CeO, Oxidation
facets state

CO frequency
(cm™)

Intensity

ratios Description

{110} Red 1 2175

{110} Ox 2 2171, 2160

{100} Red 2 2168, 2147

{100} Ox 3 2176, 2168, 2147

{111} Red 1 2162

{111} Ox 1 2154

[1.0] Represents the reduced state of the CeO, (110)
surface

[0.9, 0.3] Corresponds to the oxidized state of the CeO,
(110) surface, also reflecting additional CO
stretch frequencies due to complex surface

interactions

[1.0, 0.3] Denotes the reduced state of the CeO, surface
on the (100) plane, highlighting the impact of

surface reduction on spectral features

Indicates the oxidized state of the CeO, (100)

surface showcasing the versatility in surface

chemistry and including complex interactions
and modifications

[1.0] Represents the reduced form of the CeO, (111)
surface, a common facet in nanoparticles

[1.0] Pertains to the oxidized state of the CeO, (111)

surface illustrating the oxidative stability of
this facet

[1.0, 0.4, 0.2]
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The synthetic spectrum S(x) over the range X is the sum of
Gaussian functions for all considered CO stretch frequencies

Sex)=>_ Gx;c,a,w)

N
i=1
However, to simulate the effect of experimental noise on the gen-
erated spectrum, noise is added to the sum of these Gaussian
functions after they are computed. The noise is not part of the
Gaussian function itself but is superimposed on the final spec-
trum. If S(x) represents the sum of Gaussian functions for all con-
sidered CO stretch frequencies, the final synthetic spectrum with
noise, Spoise(X), can be expressed as

Snoise (x) = S(x) + Noise

where Noise is generated from a normal distribution with a mean
of 0 and a standard deviation corresponding to the specified noise
level (in this case, 0.15). This process effectively models the
random fluctuations observed in real spectral data due to various
factors, including instrumental noise and environmental varia-
tions. Thus, while the Gaussian formula itself remains unchanged,
the addition of noise is a critical step in producing a more realistic
synthetic spectrum.

A pivotal aspect of our synthetic spectrum generation algorithm
is the utilization of specific vibrational frequencies correspond to
various CeO, facets and oxidation states, as listed in Table 1.

A synthetic dataset is generated by repeating the spectrum
construction process, varying a; and ¢; within realistic limits
to simulate a wide range of possible material responses. This
meticulous selection of frequencies enables the generation of
synthetic spectra that closely resemble experimental data,
encompassing a broad spectrum of potential material responses.

2.1 | Synthetic Spectra Generation Process

I. Initialization: Define a set of center frequencies correspond-
ing to the CO stretch frequencies of interest and a width
parameter for the Gaussian distributions to simulate the
broadening effect typical in IR spectroscopy.

II. Single spectrum simulation: For each vibrational mode,
generate a Gaussian distribution based on its amplitude
and center frequency. The sum of these distributions forms
a single synthetic spectrum, approximating the IR spec-
trum for a predefined set of CO stretch frequencies.

ITII. Complex spectrum construction: To create more complex
and realistic spectra, simulate the interaction of multiple
CO stretch frequencies. This involves determining specific
intensity ratios and frequencies for each mode, reflecting
their mutual influence, and simulating different CeO, sur-
face sites.

IV. Dataset compilation: Produce a diverse collection of syn-
thetic spectra by assigning random amplitudes to the
Gaussian distributions for each spectrum, thus imitating
the variability found in experimental IR data. Generate

several thousand of these spectra to form a comprehensive
dataset.

V. Data application: Utilize the synthetic spectra dataset to
train a CNN model to predict CeO, surface facets and oxi-
dation states based on spectral data.

Figure 1 presents a collection of synthetic IR spectra generated for
CO adsorbed on CeO,. These spectra were derived from compu-
tational modeling based on experimental frequency values, allow-
ing for a controlled exploration of spectral characteristics. Each
spectrum showcases distinctive peaks corresponding to specific
stretch frequencies of the adsorbed CO probe molecule. The syn-
thetic spectra, constructed from these inputs, serve as the basis for
training the CNN used to analyze spectroscopic data.

Our study integrates experimental and theoretical results for
CeO, single-crystal model systems with spectroscopic data from
powder samples under conditions relevant to catalytic reactions.
It provides a robust platform for training machine learning mod-
els that can predict material surface characteristics with
enhanced accuracy, highlighting the potential of synthetic data
in advancing spectroscopy and computational materials science.
By integrating algorithmic precision and detailed mathematical
modeling, we ensure a comprehensive understanding of CeO,
surface properties and their implications for catalysis and mate-
rial research.

3 | CNN Architecture for Analysis of IR Data

In our study, we leverage the capabilities of CNNs to analyze and
predict the surface sites of cerium oxide from IR spectra recorded
for adsorbed CO. The architecture of the CNN model is meticu-
lously designed to extract and interpret the complex features
within the IR spectra, enabling the accurate prediction of specific
CO stretch frequencies associated with different CeO, surface
facets and oxidation states. This section provides a detailed over-
view of the CNN architecture and its components tailored for
spectral data analysis.

As indicated in Figure 2, the CNN model is structured to capture
the nuanced variations in IR spectral data through a series of

2.0 (110),ed(1|10)°X |
(1000t (100)o0red
5 15f 1
©
2 10f ]
0
c
)
9
E 05} ?O)QX/red
]
]
I
0.0

2200 2180 2160 2140
Wavenumber, cm™

FIGURE 1 | Four examples of synthetic IR spectra generated for CO
adsorbed on different CeO, facets. The dashed lines show the positions of
IR bands corresponding to CO stretch vibrations (s. Table 1).
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FIGURE 2 |

convolutional and dense layers, each serving a distinct purpose in
the feature extraction and prediction process. The architecture
comprises the following key components:

- Input Layer: The model accepts input in the form of
reshaped spectra data, with the shape determined by the
dimensions of the spectral dataset:

X input = X

Let’s denote the input IR spectra data as X € R™*", where m
is the number of samples and #n is the number of features
(wavenumbers) per sample.

- Feature Extraction Stage
A) First Convolutional Block

1. Convolutional Layer: For the input spectral data X,
the operation in the first convolutional layer with 32
filters and a kernel size of 5 can be represented as

F,(x) =ReLU(W, %X +b;)

where W, represents the weights of the convolutional
kernels, b, is the bias, and ReLU is the activation func-
tion. F;(x) denotes the feature maps obtained after
this layer. The layer applies L1 regularization, aiming
to minimize 1) |W;| where 4=0.0001 is the regular-
ization parameter.

2. Dropout Layer: The operation can be considered as a
random selection where each neuron output from

First Conv1D Layer Block

i
Second dense layer |
512 Neurons \

Feature Extraction

Second Conv1D Layer

Third Convi1D Layer /
Block Block 4
64 Filters 128 Filters 3 /
Flane" _
||
v

1024 Neurons

First dense layer | 00 ..00 ........

} ® ® ® ® e o
Ce0, (111), (111).0q (110) 4y (110) 0q (100) ,, (100) 104

A scheme of a CNN architecture tailored for 1D spectral data analysis (see the main text for details).

F;(x) has a probability of 0.3 to be set to zero, enhanc-
ing the model’s generalization.

3. Second Convolutional Layer: Applies another set of
convolution operations without changing the number
of filters or kernel size

F,(x=ReLU(W, * F;(x) +b,)

4. Average Pooling Layer: This layer reduces the
dimensionality by taking the average of every two
adjacent values in the feature maps

P, (x) =POOlavg = (Fz(x))

B) Second Convolutional Block

1. Convolutional Layers: The process is similar to the
first block but with an increased number of filters [64].
The operations for the first and second convolutional
layers in this block are

F3(x)=ReLU(W3 % P, (x) + bs)

F,(x)=ReLU(W, * F5(x) + b;)

2. Dropout: Applied again with a rate of 0.3 after each
convolutional operation.
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3. Average Pooling: Reduces dimensionality, similar to
the first block

Pz(x) =P001avg = (F4(x))

C) Third Convolutional Block

1. Convolutional Layers: This block further increases
the filter count to 128, enhancing the model’s capacity
to capture complex features. The operations are rep-
resented as

F5(x) =ReLU(Ws % P,(x) + bs)

Fe(x) =ReLU(Wg * F5(x) + bg)

2. Dropout: The rate is increased to 0.4 for these layers
to prevent overfitting.

3. Average Pooling: Completes the block with
dimensionality reduction:

P, (x) =POOlavg = (FG (x))

In these expressions, W, and b,, denote the weights and
biases of the n-th convolutional layer, respectively. The
ReLU activation function introduces nonlinearity,
enabling the detection of complex spectral patterns.
The average pooling operations Pool,,, summarize the
featres, reducing the spatial dimensions of the feature
maps and preparing the data for the quantification stage.

- Flattening The output from the last pooling layer Ps(x) is
transformed into a one-dimensional vector v, presubsequent
paring it for the dense layers:

v=Flatten(P5(x))

- Dense Layer
1. First Dense Layer: This layer transforms the flat-
tened vector v into a high-dimensional space through
a dense connection of neurons, featuring 1024 neu-
rons with ReLU activation and L1 regularization

D, (v)=ReLU(Wy; *v+bg;)

2. Dropout: To reduce overfitting, a dropout layer with
a rate of 0.5 is applied after the first dense layer.

3. Second Dense Layer: Applies a transformation sim-
ilar to the first dense layer but reduces the dimension-
ality to 512 neurons

D2 (v) = ReLU(Wd2 *V+ bdz)

4. Dropout: A second dropout layer with a rate of 0.5
follows the second dense layer to further mitigate
the risk of overfitting.

— Output LayerThe final layer in the model predicts the
amplitudes for the specific frequencies. The number of neu-
rons in this layer matches the number of specific frequencies
(n), with each neuron’s output corresponding to an ampli-
tude prediction

Y = ReLU(W gy # Dy (V) + by

Here, Wy and by, are the weights and biases of the
output layer, respectively. This layer also incorporates L1
regularization.

- Optimization The model uses the Adam optimizer with a
learning rate of 0.0001, focusing on minimizing the mean
squared error (MSE) between the predicted amplitudes
Y and the actual amplitudes Y e

1Z .
Loss= L3 (Y, ¥,
i=1

where m is the number of samples.

This study unveils an innovative CNN architecture specialized
for the analysis, crafted to analyze specific frequency amplitudes.
The architecture features a carefully structured series of convolu-
tional layers, starting with 32 and scaling up to 128 filters, com-
bined with L1 regularization (parameter 0.0001) to combat
overfitting, enabling it to handle the intricate patterns found
in spectral data. Initially, we experimented with simpler CNN
models, but these attempts fell short, failing to accurately
reproduce the experimental data. This revealed a critical insight:
the complexity of spectroscopic signals requires more than basic
CNN models. We invested considerable time refining the archi-
tecture, moving beyond simple models to craft a more sophisti-
cated, high-performing solution. This enhanced CNN transitions
from feature extraction—utilizing dropout techniques and
average pooling for data refinement—to dense layers with
1024 and 512 neurons, thereby ensuring precise amplitude
predictions. Adam, which is an adaptive learning rate method
designed to update network weights iteratively based on training
data, with a learning rate of 0.0001 and focused on minimizing
mean squared error, was used for the optimization. The final
model represents a major leap forward in spectroscopic analysis;
it blends precision with robustness, offering a scalable, flexible
tool poised to redefine material characterization through deep
learning.

Two types of neural networks were trained: a CNN and a deep
neural network (DNN), using 5000 synthetic spectra, and then
tested on 1000 new spectra. The DNN we designed consists of
two main layers, each with 91 and 96 units, and utilizes a specific
setting (a regularization parameter of 0.001) to prevent the model
from overfitting the data, which can be a problem. This setup was
chosen to enhance the DNN’s ability to learn from complex pat-
terns in the data. We measured the predictive accuracy of these
models using the root mean squared error (RMSE) and the R?
Score, which indicate how accurately the models predict out-
comes and how well they explain the differences in the data.
RMSE measures the differences between values predicted by a
model and observed values. For the proposed CNN architecture,
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after calculating the MSE loss function Loss as defined, RMSE
can be calculated from MSE. Given that Loss represents the MSE

1 m
RMSE:VEa£=VAn§:(Yr-YmJV
i=1

where Y represents the predicted amplitudes, Y, represents the
actual amplitudes associated with the IR spectra, and m is the
number of samples.

The R? score, or coefficient of determination, measures how well
the observed outcomes are replicated by the model based on the
proportion of total variation of outcomes explained by the model

R:=1-— %

SSiot
where SS,,; is the sum of squares of the residual errors
(SSres = D (Y; — Yiruei)?), and SSy,; is the total sum of squares
or total variance in the data(SS,, = > (Y;—Y)?), where Y is
the mean of actual values.

The results are shown in Table 2. The CNN performed signifi-
cantly better, with a lower RMSE and a higher R? Score, than the
deep neural network. This means that CNN was more accurate in
picking up and interpreting the complex patterns in the synthetic
data. Although the DNN was carefully constructed, with its spe-
cific layer set designed to prevent overfitting, it did not outper-
form the CNN in this test.

Figure 3 indicates one example of the comparative results
between the actual and predicted IR spectra, which underscores
the CNN model’s capacity to replicate the essential features of IR
spectral data accurately. Notably, the model exhibits a remark-
able ability to capture most IR spectral characteristics that cor-
respond to CeO, facets, which is evident in the consistent
alignment of the spectral peaks across the plots. This alignment
is critical, as the peaks represent the CO stretch frequencies spe-
cific to the CeO, crystal facets and indicate the material’s surface
sites. The close matching of spectra in the peak regions across
multiple samples validates the model’s robustness and suggests
its applicability in distinguishing different CeO, surface struc-
tures. The precision of the model in these regions, where the
most significant spectral features occur, demonstrates its poten-
tial as a reliable tool for analyzing and interpreting IR spectros-
copy data, with specific implications for advancing CeO, facet
analysis and understanding CO adsorption effects.

Evaluating CNN model resilience to noise in spectral data
analysis: In our research, we investigated the resilience of a
CNN model to various levels of noise in spectral data analysis,

TABLE 2 | Comparative performance of CNN and DNN models in
spectroscopic data analysis.

Prediction task RMSE R? score
CNN 0.011 0.999
DNN 0.124 0.809

1.2¢ [ Test Spectrum i
Predicted Spectrum

1.0F 1

Intensity, a. u.
o o o
>~ »

o
[N}
r
.

0.0 L L
2200 2180 2160 2140

Wavenumber, cm””

FIGURE 3 | Test (area) vs. predicted (black line) IR spectrum using
the CNN model. The test spectrum is synthetically generated using
Gaussian distributions with CO stretch frequencies from Table 1, random
amplitudes, and 0.15 noise, showing accurate replication of CO/CeO,
spectral features.

a critical factor for its deployment in real-world scenarios affected
by measurement inaccuracies and environmental disturbances.
By synthesizing spectral data infused with Gaussian noise rang-
ing from light (0.1) to heavy (0.8), we systematically assessed the
model’s accuracy using metrics such as root mean squared error
(RMSE) and R-squared (R?) score. Our findings revealed that
while the model exhibits commendable predictive reliability
at lower noise intensities, a marked decline in accuracy was
observed with increasing noise levels. This underlines the impor-
tance of incorporating sophisticated noise management techni-
ques to bolster the model’s predictive proficiency across a
broader spectrum of noise conditions. Figure 4 visually contrasts
actual vs. predicted noise impacts for three sample spectra, and
Table 3 summarizes the differential impact on RMSE and R*
Scores across noise levels, thereby emphasizing the model’s prac-
tical utility and the imperative for enhanced noise mitigation
strategies.

Experimental evaluation of the CNN model: In our previous
[14, 24, 25], we extensively investigated the vibrational frequen-
cies of CO adsorbed on various facets of cerium oxide (CeO,) by
using different single crystals as model systems. This inquiry is

1.2 Test Spectrur;1 1
—— Predicted (Noise 0.1)
Predicted (Noise 0.2)
. 10— Predicted (Noise 0.5) 7
S —— Predicted (Noise 0.8)
G 08} |
Z o6 :
o 061 ‘\ 4
G
g 04} ’ 1
0.2} 1
0.0 L

2200 2180 2160 2140
Wavenumber, cm”’

FIGURE4 | Testvs. predicted IR spectra at noise levels (0.1-0.8). Test
spectra are synthetically generated using Gaussian distributions with CO
stretch frequencies from Table 1, random amplitudes, and varying noise,
demonstrating the CNN’s robustness to noise.
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TABLE 3 | Performance metrics of the CNN model at various noise
levels, demonstrating the impact of Gaussian noise on predictive
accuracy through RMSE and R? scores.

Noise level RMSE R’ score
0.1 0.146 0.859
0.2 0.159 0.834
0.5 0.222 0.673
0.8 0.281 0.472

crucial for providing reliable reference data for the analysis of the
technologically relevant powders, which consist of particles with
typical sizes between 10 and 100 nm. These experiments were
conducted to obtain IR spectra of adsorbed CO, revealing a clear
shift in vibrational frequencies for different CeO, facets. In addi-
tion, upon reduction of the oxidized samples, additional shifts in
the CO vibrational frequencies were observed. Such reference
data, which were interpreted based on state-of-the-art theoretical
work, are instrumental in identifying the surface structures of
CeO, powder particles, thereby providing an invaluable bench-
mark for verifying computational models, including CNNs.
Using experimental IRRAS datasets from CeO, single crystals,
we aim to validate CNN’s proficiency in precisely predicting
and delineating the intricate vibrational characteristics of CO
on ceria surfaces. Achieving this would mark a significant stride
forward in enhancing its applicability in the fields of catalysis and
surface science.
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« CeO, single crystal case

As a starting point in this experimental evaluation, we tested the
CNN model’s predictive accuracy by comparing its performance
when analyzing experimental IRRAS datasets available for three
differently oriented CeO, single crystals. The analysis covered
both oxidized and reduced states of CeO, surfaces with three
low-index crystallographic orientations: (100), (110), and (111)
(Figure 5-7). To exclude any contributions resulting from exper-
imental noise, the 10% threshold was established—it means that
all bands with an intensity less than 0.1 would not be taken into
account in the discussion, and the corresponding distribution
plots are presented in light blue color.

The IRRAS measurements, described in this section, were per-
formed under ultra-high vacuum (base pressure 3 x 10~** mbar)
at 65-70 K on well-prepared CeO, single crystals, following
the procedure described in Yang et al. [14]. CO was dosed at
~1x107% mbar in several steps until monolayer saturation
was achieved. IR spectra were recorded with a resolution of
2 cm™' using a Bruker VERTEX 80v spectrometer with a use
of the MCT detector.

For the IRRA spectrum recorded for the oxidized CeO, (100)
surface, the CNN correctly predicts the largest intensity
(Figure 5a) for the vibration at 2176 cm™', underscoring the
CNN’s ability to recognize the spectral features of this oxidized
state. The model’s distribution plot (Figure 5b) demonstrates the
presence of the dominant CeO, (100),, peak. However, relatively
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FIGURES5 | (a)Experimental vs. predicted spectra for the oxidized CeO, (100) surface, showing a close match at 2176 cm ™" (predicted at 2178 cm ™).

(b) Predicted facet distribution for CeO, (100)., accurately identifying dominant surface states. (c) Experimental vs. predicted spectra for the reduced
Ce0, (100) surface, with high alignment around 2168 cm™" (predicted at 2170 cm™"). (d) Predicted facet distribution for CeO, (100),c4, capturing both

CeO, (100),eq and minor CeO, (111) contributions.
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FIGURE 6 | (a)Experimental vs. predicted absorbance for the oxidized CeO, (110) surface, closely matching at 2170 cm™" (predicted at 2172 cm™).
(b) Predicted facet distribution for CeO, (110),x, showing dominant surface contributions. (c) Experimental vs. predicted absorbance for the reduced
Ce0, (110) surface, with strong alignment around 2175 cm™" (predicted at 2177 cm™). (d) Predicted facet distribution for CeO, (110),q, accurately
reflecting reduced surface states.
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FIGURE 7 | (a) Experimental vs. predicted absorbance for the oxidized CeO, (111) surface, showing strong alignment at 2154 cm™" (predicted at
2156 cm™). (b) Predicted facet distribution for CeO, (111),,, accurately identifying dominant oxidized surface states. (c) Experimental vs. predicted
absorbance for the reduced CeO, (111) surface, closely matching at 2162 cm™" (predicted at 2164 cm™"). (d) Predicted facet distribution for CeO5 (111);ed,
reflecting reduced surface contributions.
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low contributions (just above and close to the threshold level) for
other IR bands are also observed. The appearance of both CeO,
(111)0x/CeO, (111),eq contributions with comparable intensity
results is tentatively explained by the formation of {111} facets
on the CeO, (100),x surface, according to observations reported
by Yang et al. [14]. The presence of CeO, (100),.q component it is
not expected for an oxidized CeO, (100) surface. Also, the pres-
ence of a CeO, (110),.q component for this surface is surprising,
especially since no CeO, (110).x state is observed. We suppose
these results are an artifact of the CNN analysis, since the cor-
responding states, namely CeO, (100),q and CeO, (110).eq, have
frequencies which are very close in energy, 2175, 2168, and
2147 cm™! the CeO, (100),, state with the bands at 2176, 2168,
and 2147 cm™! (see Table 1). It is a well-known problem for an
analysis of experimental data, which could be overcome with a
presence of additional information. This example underlines the
importance of a proper model for CNN training; otherwise, it
can provide wrong predictions, especially for complicated cases,
as described above.

For the reduced CeO, (100) surface, the corresponding IRRA
spectrum (Figure 5c) closely matched the actual data around
2168 cm™, and the CNN effectively predicted a substantial pres-
ence of the CeO, (100),.q4 state (Figure 5d). Similar to the CeO,
(100), surface, both CeO, (111) states are present as well. These
results underscore the model’s capability to accurately predict
both the presence and spectral features of the reduced state.

The IRRA spectrum (Figure 6a) and the corresponding distribu-
tion plot (Figure 6b) for the oxidized CeO, (110) surface demon-
strated the model’s precision in matching the actual spectrum,
particularly around 2170 cm™', showcasing effective predic-
tion capabilities. Similarly, IRRA spectrum (Figure 6¢) and the
distribution for the reduced CeO, (110) (Figure 6d) highlighted
the model’s accurate predictive ability, especially around
2175 cm™'. The strong (above threshold) contributions of
CeO, (100),x in both distribution plots (Figure 6b,d) are
explained with their nearness to positions of the CeO, (110)yx/
CeO, (110).q IR bands. The reasonable CeO, (111),,/CeO,
(111),eq contributions for CeO, (110),.q state could be also
explained with the {111} facet formation, as discussed above.

When assessing the oxidized states of the CeO, (111) surface, the
CNN model correctly predicted a high prevalence of the corre-
sponding CeO, (111). state, as indicated in the IRRA spectrum
(Figure 7a) and the corresponding distribution plot (Figure 7b),
confirming the model’s accuracy through the peak around
2154 cm™'. The small, but above threshold, contribution of
CeO, (111),4 state is not surprising, because this state was exper-
imentally observed for (almost)-full oxidized CeO, (111) surface.
However, for the reduced state of this surface, while the model
indicated a substantial presence within the dataset, as shown in
the absorbance spectrum comparison (Figure 7c), aligning pre-
dicted peaks with actual data around 2162 cm™, the precision
was not as high as for other states.

To conclude, this detailed examination across different CeO,, oxi-
dation states and planes, from Figures 5-7, reveals the CNN mod-
el’s strength and accuracy in predicting IRRA spectra for all three
low-index facets in the oxidized state and for (110) surfaces in the
reduced state with high precision. However, it also highlights the

areas where the model’s predictions for the (111) and (100) facets
in the reduced state did not reach the same level of precision. The
latest result is not surprising because all CNN-based predictions
have been done for ideally stoichiometric and nonreconstructed
surfaces. Thus, on the one hand, CeO, surfaces in the oxidized
state are very close to the above-mentioned conditions, resulting
in a highly precise prediction. On the other hand, CeO, (100)
surface is polar and unstable; during reduction, it is recon-
structed with a formation of {111} facets (13), and the CNN could
predict this effect as well.

« CeO, powder case

Extending our CNN model’s capabilities to powder samples, spe-
cifically CeO, in various oxidation states, underscores its appli-
cability beyond single-crystal data. This section outlines the
methodology employed in the experiments. It discusses the
results and implications of the CNN model’s performance, focus-
ing on the different oxidation states captured in the provided
dataset.

The experimental setup was designed to reproduce practical cat-
alytic conditions (quasioperando). Diffuse reflectance IR Fourier
transform spectroscopy (DRIFTS) measurements were per-
formed in a VERTEX 80 spectrometer (Bruker) equipped with
Praying Mantis diffuse reflection optics (Harrick). The ceria pow-
der used for the experiments was purchased from Sigma-Aldrich.
According to scanning electron microscopy (SEM) studies, the
powder consisted of irregularly shaped polyhedra that exposed
predominantly {111} facets, while differently oriented {110}
and {100} facets occurred substantially less frequently. Before
DRIFTS measurements, the powders were first cleaned by heat-
ing to 700 K in constant O, flow. Spectra were continuously
measured upon dosing CO at pressures of 1bar. To study the
time dependence, spectra were recorded every 55 s using a reso-
lution of 2 cm™. These measurements continue for more than
1 h, allowing the evolution of the ceria powder to be tracked
over time in a reactive atmosphere. The use of a novel subtrac-
tion scheme [23] allowed us to unambiguously identify and
then remove almost all (~95%) CO gas-phase contributions
(ro-vibrational bands). After normalizing the DRIFTS data, the
IR bands originating from CO vibrations on the surfaces of ceria
powders were clearly identified in these IR spectra (see Figure 8).
The low-period oscillations in these spectra correspond to resid-
ual traces of the gas-phase ro-vibrational signals. Notably, the
broad feature around 2130 cm™" results from IR-induced elec-
tronic transitions localized mostly in the ceria bulk [26-28].
The latter feature is not connected with CO adsorption on ceria
surfaces and is not included in CNN-based data analysis.
Monitoring the reduction process of the ceria powders in real
time required the recording of about one hundred of individual
spectra. Such a number of experimental spectra makes a manual
fitting procedure a daunting task, and the application of CNN in
such experiments is highly desirable.

In Figure 8a-d, a few experimental DRIFTS data sets were mea-
sured during CO-induced CeO, reduction at different time points
(1, 3.5, 6, and 90 min) on the time scale. Similar to the single-
crystal case, the contributions of different facets and oxida-
tion states were predicted for all spectra; the corresponding
time dependencies are summarized and presented in Figure 9.
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FIGURE 9 | The temporal evolution of different CeO, surface facets
and their oxidation states during CO reduction.

An inspection of the data reveals several new features that were
not observed in the IRRAS data for single crystals. Firstly, CeO,
powder nanoparticles have more surface structure defects com-
pared to single crystals, resulting in a broadening of all bands in
the experimental DRIFTS data. Since the difference between
positions of different CO bands is small (e.g. 1 cm™ for the
CeO, (110);eq and CeO, (100),x components) (see Figure 1
and Table 1), this effect introduces a prediction uncertainty when
applying the CNN analysis. Secondly, a new band at 2183 cm™ is
present in all CO/CeO, powder DRIFTS data.

This band has not been observed for well-defined, clean CeO,
single crystals but has been reported to occur in CO/CeO, FT-
IR spectra, measured on powders before [29-31]. Since this band
was not included in the CNN training procedure, the compo-
nents with positions at high values of wavenumbers, namely

Ce0, (110),¢q and CeO, (100),y, could be overestimated. As men-
tioned above, around 2130 cm™*, an additional peak correspond-
ing to IR-excited electronic transitions in bulk ceria is observed.
The intensity of this peak is proportional of the reduction degree
of the whole sample [32], both of surface and of bulk and, there-
fore, its intensity is increasing during CO reduction of ceria
(see for comparison Figure 8a,d). This increase also affects the
CNN prediction. Despite these limitations and the increased
uncertainty in CeO, powder data, the main features related to
CO adsorbate vibrational bands could be accurately identified.
Initially, the vibrational bands corresponding to {111} and
{100} facets are clearly identified. As it was mentioned above
for the single crystal case (s. Figure 5b), it is not possible to dis-
tinguish the CeO, (100),x band from the CeO, (110),,q + CeO,
(100),.q mixed contribution. This effect results in some underes-
timation of CeO, (100),, predicted value. The high predicted
value of CeO, (111),,q component is rather surprising, since at
the beginning of the exposure the powders should be fully oxi-
dized. We attribute this effect to the broadening of the experi-
mental peaks in the DRIFTS data, resulting in an additional
(apparent) contribution from the CeO, (111),x component—
the difference in frequency amounts to only 8 cm™" (see Table 1).
From the time dependence (Figure 9), it is established that the
main changes in the contribution of the different CO bands occur
within the first 10 min of CO exposure. As the experiment
progresses, the intensities of all bands reach a dynamic equilib-
rium, maintaining steady levels indicative of stabilized surface
chemistry. The initial stages exhibit a clear inverse relationship
between the oxidized (open symbols) and reduced (filled sym-
bols) states for all facets except CeO, (111),.4, as expected for
the CO-induced reduction of the samples. As analyzed through
our CNN model, the differing behaviors among the CeO, facets
highlight intrinsic variations in stability and reactivity that are
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crucial for applications requiring dynamic redox cycling, such as
catalysis and environmental sensing. The model’s robustness in
predicting these facet-specific behaviors under varying
oxidation states demonstrates its potential as a predictive tool
in material science for CeO, powders. It underscores its effective-
ness in capturing the complex spectral features of different
surface chemistries. This insight is instrumental in facilitating
the design of CeO,-based materials with tailored properties,
where adjusting experimental parameters can optimize facet
characteristics, thereby enhancing material performance for spe-
cific applications.

The experimental evaluation of the CNN model with CeO,
powder samples provides compelling evidence of the model’s
capability to handle complex, real-world material systems.
By accurately predicting changes in the oxidation states and
providing insights into the stability and reactivity of different
facets, the CNN model proves to be an invaluable tool for advanc-
ing material science research and applications involving CeO,
powders.

Despite the model’s strong performance in identifying key fea-
tures in DRIFTS spectra, the complexity of powder samples, such
as surface reconstruction, defect-induced peak broadening, and
unmodeled bands like the one observed at 2183 cm'—introduces
an intrinsic prediction uncertainty. Based on synthetic data
parameters (¢ = 10 cm™', noise =0.15), model performance
across noise levels (Table 3), and comparisons to experimental
spectra, we estimate this uncertainty to be within +5-10 cm™.
This range is higher than in the single-crystal case and reflects
the convolution of experimental variability with model limita-
tions. Future improvements could involve extending the training
set to include additional spectral features, such as the 2183 cm™!
band, to further reduce this error margin.

Our experimental evaluations CeO, have consistently demon-
strated the robust capability of the CNN model to discern and
predict the intricate spectral characteristics of CeO, surface states
across various experimental datasets. These datasets encompass a
range of conditions representing both oxidized and reduced
states of CeO, and different crystallographic orientations such
as (100), (110), and (111). The benefits of the CNN model extend
beyond mere prediction accuracy. The model’s ability to process
and analyze complex data sets derived from synthetic spectra
simulates real-world conditions, which often contain irregulari-
ties and noise. Furthermore, the model’s success in these evalua-
tions offers a clear pathway for its application in continuously
monitoring and analyzing CeO, powders and other oxides in
operational settings. Industries focusing on producing and utiliz-
ing catalytic materials can leverage this model to enhance the
efficiency and longevity of their catalysts by adjusting operational
parameters in real time based on CNN’s predictive outputs. These
results validate the proposed CNN’s design and synthetic training
regime and illuminate its potential as a transformative tool for
the broader field of materials science. By enabling more precise
and predictive analyses, the CNN model helps bridge the gap
between theoretical science and practical application, marking
a significant step forward in integrating machine learning tech-
nologies in material analysis and engineering. We close this par-
agraph by pointing out that this type of analysis is certainly not
limited to CO on ceria, but can be applied to metal deposits on

ceria particles [33] and to other oxides [34]. We would also like to
note that this analysis applies to other probe molecules, such as
N,O, methanol, and O,.

This study builds upon recent advances in neural network appli-
cations to vibrational spectroscopy. For instance, previous work
[35] demonstrated the prediction of vibrational spectra directly
from molecular structures, focusing primarily on organic mole-
cules and gas-phase systems. While such structure-to-spectrum
approaches offer an efficient alternative to DFT for small molec-
ular systems, our work follows a different direction. Here, we use
a CNN to interpret IR spectra of CO adsorbed on ceria surfaces
and predict the underlying surface structure and oxidation state.
This spectral-to-structure strategy, applied to complex solid-state
systems and validated against experimental IRRAS and DRIFTS
data, offers a practical and scalable solution for analyzing surfa-
ces with mixed facets or defect-related features, scenarios that are
often challenging for conventional DFT-based methods.

4 | Conclusions

This research has achieved considerable progress in utilizing
CNNs to analyze different types of IR spectroscopy data applied
to CO adsorbed on ceria, including IRRAS data recorded for sin-
gle crystals, data recoded in transmission for powders, and
DRIFTS data. This approach allows explicitly identifying the sur-
face sites exposed by cerium oxide (CeO,) particles. By develop-
ing a novel CNN architecture capable of accurately predicting
spectral signatures through the analysis of synthetic data, we
have demonstrated a new level of performance in the spectro-
scopic analysis of CeO, surfaces. The synthetic data generation
process, rooted in the simulation of IR spectra with Gaussian dis-
tributions and defined intensity ratios for specific frequencies,
has enabled the creation of extensive datasets that closely mimic
real experimental scenarios, thereby overcoming the limitations
posed by the scarcity of experimental data.

The integration of parallel 1D convolutional layers with varying
kernel sizes within the CNN architecture has been instrumental
in capturing the nuances of spectral data across different scales.
This approach has enhanced the model’s ability to discern intri-
cate spectra patterns and set a new benchmark for the accuracy
and efficiency of spectroscopic analysis in material science
research. Furthermore, employing advanced regularization tech-
niques has significantly reduced the risk of overfitting, ensuring
the model’s reliability and robustness in predicting CeO, surface
sites across diverse conditions.

The promising results of this study pave the way for future
research to expand the application of CNNs trained using syn-
thetic data for vibrations of adsorbed probe molecules beyond
CeO, to a broader range of materials, enhancing the universality
and precision of spectroscopic analysis in material science.
Future directions will likely focus on refining synthetic data
generation methods to incorporate more complex interactions,
applying the model to probe molecules different from CO, and
for other spectroscopic techniques to facilitate holistic material
characterization. Additionally, real-time analysis applications
will be explored in industrial and environmental settings.
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Additionally, advancements in computational models, including
the use of graph learning to represent synthetic data in graph
form, the integration of GANS, and transfer learning, are antici-
pated to improve predictive accuracy and efficiency further,
marking a significant leap forward in applying machine learning
to materials science research.

Importantly, our results emphasize that CNNs are not designed
to replicate or fit IR spectra directly but to extract structural
insights, such as surface orientation and oxidation state, from
complex or noisy experimental data. Trained on experimen-
tally validated vibrational frequencies, the CNN serves as a
complementary tool to traditional DFT-based methods, which
often struggle with spectral overlap, low signal intensity, or non-
linear backgrounds in real experimental conditions. This
approach is particularly valuable for interpreting challenging
spectra and enhancing the analysis of surface properties in cata-
lytic materials.
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