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Abstract—The theoretical basis of X-ray absorption spectra beyond the Fe K-edge in the pre-edge region is
constructed, and algorithms for using it to quantitatively analyze experimental X-ray near edge spectroscopy
(XANES) spectra are described. Within the framework of the ab initio approach of ligand field theory, 60 the-
oretical spectra or more for Fe with different coordination numbers, oxidation state, and interatomic dis-
tances between the central atom and the nearest O atoms are calculated. Various machine learning (ML)
methods for solving problems of determining the oxidation state of Fe and coordination number by means of
the obtained spectra are used. The quality of the models are estimated using the Leave-One-Out method, the
determination accuracy for the oxidation state is 100%; the determination accuracy for the coordination
number is 75% in the case of predictions using the entire dataset and 96 and 68% for datasets with fixed oxi-
dation state of Fe +2 and +3, respectively.
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INTRODUCTION
The study of the local atomic structure around 3d

metal atoms in amorphous matrices is of interest for a
wide range of fields (from geology to catalysis). So,
tektite formation conditions determine the oxidation
state and the coordination of Fe atoms in silicon diox-
ide, and the ethylene polymerization reaction depends
on the arrangement of individual chromium atoms on
the SiO2 surface. Tektites and impaktites are silicate
glasses of impact origin [1]. It is accepted to assume
that tektites are formed from melt high-speed ejection
at early stages of impact-crater formation [2]. The
chemical composition of tektites includes significant
quantities of silicon dioxide (68–82%), a high content
of alumina, a low content of water, and microcavities
filled with a mixture of gases, such as carbon dioxide,
hydrogen, methane, and noble gases. It was known
that parameters, such as the pressure P, the tempera-
ture T, the oxygen volatility  which existed during
the glass-formation process, determine the cation
coordination. Iron is one of the most widespread ele-
ments in impact glasses; therefore, iron can be poten-
tially useful as a sensor of conditions for impact rock
formation. For example, the dependence of the oxi-

dized-reduced iron state on P, T, , and the compo-
sition was discussed for melts in [3]. The influence of
the parameters P, T, and  on the ratio Fe3+/Fe2+ in
impact melts was reported in [4]. Determination of the
oxidation state of Fe and the local atomic structure in
tektites and impact glasses is an important scientific
problem from the point of view of understanding the
formation conditions for these objects.

X-ray absorption spectroscopy is a reliable tool for
determining the local atomic and electronic structures
of a substance in the condensed state [5, 6]. Wilke et al.
[7] showed that the pre-edge structure of the absorp-
tion spectra beyond the Fe K-edge is more effective for
determination of the charged states of Fe atoms. They
demonstrated this using the chart of the distribution of
the integral intensity of the pre-edge and its center of
mass for Fe compounds with different coordination
numbers and valences as an example. So, for tektites
and impactites, the authors of [8–10] showed that, in
the amorphous Si matrix, Fe atoms can occupy posi-
tions with coordination numbers between 4 and 6 and
with valences in a wide range from Fe2+ to Fe3+. Diffi-
culties related to the quantitative analysis of spectra of
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Fig. 1. Diagram of the applied multilayer perceptron.
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such multicomponent systems make one seek new
approaches to the analysis of experimental data.

Recently, machine learning (ML) became a pow-
erful tool for the processing of experimentally
obtained data and for theoretical studies. ML methods
are able to solve various problems, such as the classifi-
cation and ranking of objects, the construction of
approximations of some functions, the determination
of hidden dependences and features in data, etc. The
ML methods were already used to analyze spectral
data [11–13]. Three-dimensional reconstruction of
the local environment of the Fe cation in the SiO2

matrix is possible by analyzing the XANES spectrum
because of the contribution of multiple scattering
effects in the case of a large mean free path of the pho-
toelectron. This makes it possible to confirm the
structural model by comparing the experimental
XANES spectrum with the theoretical one con-
structed for a hypothetical structure [14–17]. The dif-
ficulty is that the local environment is a priori
unknown; therefore, a large number of test structures
[18] can be required to reach the convergence.

As shown recently, the ML methods were success-
fully used to quantitatively analyze spectral data on the
whole [11, 19, 20] and X-ray near edge spectroscopy
(XANES) in particular [21, 22]. In this paper, we show
the applicability of these methods for determining the
structural parameters of the compounds, such as the
oxidation state and the coordination number, for the
pre-edge region of the XANES spectra.
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EXPERIMENTAL
The pre-edge structure of the X-ray absorption

spectra was calculated within the framework of the
multiplet theory of ligand fields [23] using Wannier
orbitals [24–26] in the XTLS program [27, 28]. At the
first stage, the band structure was calculated using the
approach of the linearized supplemented basis of
plane waves with the total potential, as was imple-
mented in the WIEN2k [29] for cells that contain a full
octahedron (or tetrahedron) of oxygen atoms around a
3d metal. Then we constructed the local basis of max-
imally localized Wannier functions, taking all bands
from a certain energy window forming the valence
band. The typical energy values limiting the wannier-
ization region ranged from –10 to 2 eV with respect to
the Fermi level. After the construction of the low-
energy basis set of Wannier orbitals, we obtained a
local low-energy Hamiltonian containing up to 113
Wannier orbitals. However, a system of such a size
cannot be used for multiparticle calculations because
their difficulty increased exponentially with the basis
size. Thus, we had to restrict ourselves to orbitals
related to low-energy system excitations. The mini-
mum local model describing spectra beyond the tran-
sition metal K-edge contained five Fe 3d-like orbitals
and five molecular orbitals constructed from the
superposition of oxygen orbitals of the p type. The
reduction of 10 orbitals to the space required applying
the block Lanczos procedure to the full matrix of
Wannier orbitals, which transformed it into the three-
diagonal form in order to construct molecular orbitals
with maximum hoppings at 3d orbitals.

To analyze the pre-edge region of the XANES
spectra, we used different ML methods, such as Deci-
sion Tree, ExtraTrees [30], the SVM (support vector
machine) method, the logistic regression, and multi-
layer perceptron (MLP). These methods were used to
predict the coordination numbers of compounds and
the oxidation state of the Fe atom in compounds using
their spectra. In our paper, we used the ML methods
implemented in the scikit-learn library for the Python
program language. The following parameters were
used for the ML methods under consideration:

(1) Decision Tree: the maximum depth of the deci-
sion tree was 500; the function of the separation qual-
ity estimation (the information gain).

(2) ExtraTrees: the number of trees was 300, the
function of the separation quality estimation (the Gini
criterion).

(3) SVM: the regularization parameter C was 1000.
(4) Logistic regression: we used the L2 regulariza-

tion with a parameter of C = 1000; the optimization
algorithm was the quasiNewton limited-memory
BFGS algorithm (L-BFGS) [31]. The number of iter-
ations was 4000.
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Fig. 2. Structural models of the surroundings of Fe ions by
SiO4 tetrahedrons.

Fe Fe

FeFe

Fig. 3. Calculated spectra of the XANES pre-edge region
beyond the Fe K-edge for compounds with the valences
(a) Fe2+ and (b) Fe3+.
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(5) The MLP had 3 hidden layers with dimensions
of 100, 50, and 10 with a hyperbolic tangent as an acti-
vation function (Fig. 1). The network learned during
5000 epochs.

RESULTS AND DISCUSSION
The application of ML methods means the pres-

ence of a dataset for algorithm training and testing;
therefore, the dataset had to be prepared for the study.
At the first stage, it was necessary to create structure
files for compounds. The structures were generated
using a molecule program module of Py FitIt software
[32]. This module made it possible to construct a mol-
ecule from other compounds or individual atoms, giv-
ing interatomic distances between constituents or
rotating them with respect to a certain center through
a given angle. Structure files of compounds with dif-
ferent coordination numbers were formed (Fig. 2); the
distance from the central Fe atom to the nearest O
atoms was varied uniformly from 1.8 to 2.2 Å with a
step of 0.1 Å for them.

For each structure, periodic wave functions were
found by solving the Schrödinger equation in electron
density functional theory, localization using the Wan-
nier method was performed, and spectra beyond the
Fe K-edge were calculated. The spectra were calcu-
lated for different configurations of the d shell for Fe
atoms, which corresponded to the Fe2+ and Fe3+

valence (Figs. 3a and 3b). The processes of charge
transfer from the metal to the ligand were taken into
account in the simulation. 60 spectra were obtained
JOURNAL OF SURFACE INVESTIGATION: X-RAY, SYNCHRO
and constituted our training dataset for application of
the ML methods.

It follows from the obtained graphs of the spectra
(Fig. 3) that, on the graph, the peak heights and widths
change noticeably when the coordination number is
varied; and, when the oxidation state of Fe is varied, a
chemical shift occurs, and the number of peaks can
also be changed, which is explained by the different
multiplicities of Fe2+ and Fe3+ ions. As the interatomic
distance between the central Fe atom and the nearest
O atoms decreases, the overlapping of d orbitals with
ligand orbitals and the crystal-field parameter
decrease. This leads to a change in the energy positions
of the spectral features, which is expressed in the form
of peak splitting or merging. It was decided that math-
ematical methods would be used to analyze the data to
estimate the amount of structural information.

To successfully use the ML methods, it is required
that all objects of the training dataset be represented as
a certain set of features that describe each object
exhaustively. Each spectrum from our training dataset
included values of the absorption coefficient intensity
for different energies; in this case, the majority of these
values were zero or very small. Moreover, different
spectra were determined in the crossed energy inter-
vals rather than in the same ones. For these reasons,
the training of the ML methods using the absorption
intensities was inefficient. To solve this problem, it was
necessary to single out new informative features using
existing spectra. To do this, a descriptor was devel-
oped; it constructed new features using the pre-edge
TRON AND NEUTRON TECHNIQUES  Vol. 15  No. 1  2021
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Fig. 4. Graph of scattering constructed using two features:
the area of the pre-edge region and the pre-edge centroid.
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XANES spectra. As features, we chose the peak posi-
tions and amplitudes in the graphs of the spectra, the
areas under the spectra, the expected value, and the
central moments of the random variable up to the fifth
order inclusive, where the intensity of the X-ray
absorption coefficient was chosen as a random vari-
able. The last characteristics described the center of
mass and the moments of inertia, respectively. Using
this approach, we reduced the dimension of the space
of features from 1500 to 11 and also obtained qualita-
tively better features of the obtained spectra. Such pre-
liminary processing of the data made it possible to sig-
nificantly improve the quality of classifying purpose-
oriented compound characteristics.

In view of the fact that our dataset was very small,
we estimated the quality of the models using the
Leave-One-Out method, because this method uses all
objects of the dataset to control the quality of predic-
tions of the trained model of the ML:
JOURNAL OF SURFACE INVESTIGATION: X-RAY, SYNCHRO

Table 1. Classification accuracy for the coordination numbe
eters and after the application of principal component analys

Machine-learning method Classification accuracy

Decision Tree 0.58
ExtraTrees 0.55
SVM 0.75
Logistic Regression 0.60
MLP 0.66
Prediction of the Oxidation State of Fe Atom

The problem of predicting the oxidation state of Fe
is a problem of binary classification. The scattering
graphs were constructed using all pairs of features
before solution of this problem. As follows from the
obtained graphs (Fig. 4), classes do not penetrate into
one another and are linearly separable. Because of the
isolation of new features, this problem was solved
using all methods under consideration with 100-%
classification accuracy.

Prediction of the Coordination Numbers of Compounds

The problem of predicting the coordination num-
ber is a problem of multiclass classification with six
classes. Our preliminary data processing did not guar-
antee the best isolation of features. The obtained space
of features can be redundant for some ML methods.
Therefore, principal component analysis (PCA) was
also used to improve the quality of classification; it
makes it possible to single out features, using which
objects of the training dataset are separated in the best
way, and omit unnecessary ones. Table 1 contains the
accuracies of the results of predicting the coordination
number by means of the ML methods under consider-
ation using all features and using ones after the appli-
cation of PCA. Tables 2 and 3 contain the prediction
accuracies for the coordination number in the case of
spectra with the same oxidation state of Fe. When
working with such a dataset for Fe with the oxidation
state +2, the prediction quality increased noticeably.
Thus, to solve the problem of analyzing the pre-edge
region of the XANES spectra, it is possible to use the
cascade of models to consistently predict the oxidation
state of Fe and then the coordination number.

The best results were shown by the Extra Trees
ensemble method and the multilayer perceptron. It
should be noted that the PCA helped to improve the
classification quality not for all ML methods. The
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r of the entire dataset by means of the complete set of param-
is (PCA)

 using all features Classification accuracy after PCA

0.61
0.65
0.66
0.61
0.75
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Table 2. Classification accuracy for the coordination numbers of compounds with the oxidation state of Fe of +2 by means
of the complete set of parameters and after PCA application

Machine-learning method Classification accuracy using all features Classification accuracy after PCA

Decision Tree 0.66 0.70
ExtraTrees 0.86 0.96
SVM 0.83 0.80
Logistic Regression 0.86 0.86
MLP 0.90 0.93

Table 3. Classification accuracy for the coordination numbers of compounds with the oxidation state of Fe +3 by means of
the complete set of parameters and after PCA application

Machine learning method Classification accuracy using all features Classification accuracy after PCA

Decision Tree 0.33 0.60
ExtraTrees 0.16 0.56
SVM 0.60 0.40
Logistic Regression 0.36 0.43
MLP 0.60 0.68
SVM showed the best results when training by means
of features without application of the PCA.

CONCLUSIONS

In this paper, we studied the possibilities of the ML
methods for analyzing the pre-edge region of the
XANES spectra. To do this, we have constructed 60
theoretical spectra in the pre-edge region of the X-ray
absorption spectra within the framework of the ab ini-
tio method of multiplet ligand field theory for com-
pounds with different coordination numbers, oxida-
tion state, and interatomic distances between the cen-
tral Fe atom and the nearest O atoms. We have used
different ML methods to solve problems of determin-
ing the oxidation state of Fe and coordination number
using the obtained spectra. When solving problems of
determining the oxidation state, all the methods
showed 100-% classification quality. When solving the
problem of determining the coordination number, we
considered two approaches:

(1) the problem was solved for the complete data-
set; we obtained a classification accuracy of 75%;

(2) the problem was solved independently for two
halves of the dataset with a fixed oxidation state of Fe;
we obtained an accuracy of 96% for the subdataset
with Fe2+ and that of 68% for the subdataset with Fe3+.

In the future, we plan to calculate the training data-
set with a larger size to improve the classification qual-
ity and solve other problems, in particular, the prob-
lem of determining geometrical parameters of a com-
pound, such as the distances and angles between
JOURNAL OF SURFACE INVESTIGATION: X-RAY, SYNCHRO
atoms in the compound, and also use this approach to
other classes of compounds.
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