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Abstract. The paper proposes a method for anomaly detection in geomagnetic data based on the classical autoencoder
architecture. The training data consisted of daily variations in the geomagnetic field on quiet days for 2020, 2021,
and 2022, collected from the Ak-Suu base station of the geomagnetic monitoring network of the Research Station
of the Russian Academy of Sciences in Bishkek. The neural network has five hidden layers with a total of ~3.5-10°
trainable parameters. The trained model accurately reproduces typical features of normal data, whereas in the presence
of anomalies it shows a decline in reconstruction quality. This property of the autoencoder was used to classify the data
into two categories: normal and anomalous. The reconstruction error, measured as the Mean Absolute Error (MAE),
was used as the anomaly metric. In particular, the MAE value of 0.109 was used as the threshold for class separation.
Testing the model on the data from the Ak-Suu station for 2017, 2018, and 2019 demonstrated good results. Binary
classification metrics such as recall and F1-score were notably high: 0.965 and 0.918 for the 2017 data, 0.982 and 0.933
for the 2018 data, and 0.970 and 0.935 for the 2019 data, respectively.
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MeToanka obHapy>XeHust aHoManum

B Bapuaumax BeNnUYmMHblI reoOMarHUTHOIo NoJsis
Ha OCHOBE MCKYCCTBEHHOW HEMPOHHOW CeTU
C. A. Umawes

E-mail: sanzhar.imashev@gmail.com
Hayunas cmanyusa PAH 6 e. buwkexe, buwkex, Kupeusus

Pe3tome. TlpemoxkeHa MeToanKa OOHAPY)KSHHUsI aHOMAJIMi B TEOMATHUTHBIX JAHHBIX, OCHOBaHHAS Ha apXHUTEKType
KJIACCHUYECKOTO aBTORHKoAepa. B kadecTBe OOydYaroNmMX [MaHHBIX BHIOPaHBI CyTOYHBIE WM3MEHEHMS BETMYMHBI
TeOMarHUTHOTO TOJIsl B criokoiHble AHu 3a 2020, 2021 u 2022 rr. mo 6a3oBoii cranimu Ak-Cyy ceTH reOMarHUTHOTO
Monutopunra Hayunoi craniuu PAH B . bumikeke. HeiipoHHast ceTh UMeET 5 CKPBITHIX CIIOEB C OOLIMM KOJIHYECTBOM
o0y4yaeMbIX TapaMeTpoB, paBHBIM ~3.5-10%. OOGydeHHAs MOIETb XOPOIIO BOCIPOH3BOMMT THITHYHBIC MPH3HAKH
HOPMAaJIBHBIX JAaHHBIX, TOT/A KaK B CIydae JaHHBIX, COIEPKAIIUX Pa3InYHbIe aHOMAJIUHU, IEMOHCTPUPYET YXYIIIEHHE
KauecTBa BOCCTAHOBJIECHHUSA. JTO CBOMCTBO aBTOIHKOAEPA MCIIOIB30BAJIOCh JUIA pa3/ieleHus JaHHBIX Ha JBa Kiacca:
HOpMa u aHomaiust. OmrOKa BOCCTAaHOBIICHUS B BUJlE cpeaHeil abcomroTHoi norpemHoct (MAE) ciryxuna mepoit
aHoMmanpHOCTH. B wacTHOCTH, 3HaueHne MAE, pasHoe 0.109, ucrnonp30Baioch B KaueCcTBE MPaHUIILI pasziesia KJIacCcoB.
IIpoBepka Moenn Ha TeCTOBBIX JaHHBIX 10 cTaHIuU Ak-Cyy 3a 2017, 2018 1 2019 rr. mokasasa xopomue pe3yasTaThl.
B wactHOCTH, Takne MeTpUKK OMHApHOI Kiaccudukanmy, kak noiHora (recall) u F1-mepa, nmeny BbIcOKHE 3HAUSHUS:
0.965, 0918 gna manaeix 2017 1., 0.982, 0.933 msg 2018 . 1 0.970, 0.935 ms 2019 . COOTBETCTBEHHO.

KnrouyeBble cnoBa: aHomajus, reOMarHUTHOE MOJE, BAPHAIMOHHBIE PSIbI, HEWPOCETh, ABTOIHKOIAED, MAaTpHUIla
onboK

* The translation from Russian: MimamieB C.A. MeTonuka 00Hapy KeHHUsI aHOMAJIU B BAPHALMSAX BEIUIHHBI T€OMAaTHUTHOTO II0JIS HA OCHOBE HCKYCCTBEH-
Hoit HeliponHoi#t cetu [Electronic resource]. Ieocucmemvl nepexoonwix 3on, 2024, 1. 8, Ne 4. http://journal.imgg.ru/web/full/f2024-4-6.pdf. Translated by

Anastasiya Chera.
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®uHaHcupoBaHMue

Pabota BbINOJNIHEHA B paMKax roCyJapCTBEHHOTO 3aJlaHHs
OI'BYH Hayunasa crannus Poccuiickoil akajeMuu Hayk
B I. bumkeke (tema Ne 1021052806454-2-1.5.1).

Introduction

The main purpose of regular geomagnetic
observations carried out at the Research Station
of the Russian Academy of Sciences in Bishkek
city (RS RAS) is to study the relationship between
variations of the Earth’s magnetic field induction
and deformation processes in the Earth’s crust [1].
Geomagnetic field research is also significant in
the study of such space weather phenomena as so-
lar flares and coronal mass ejections, as well as
the problems of ensuring the accuracy of naviga-
tion systems, including aviation and marine navi-
gation [2].

Anomalous observations are generally con-
sidered to be those that are substantially different
from the rest, and it is reasonable to assume that
they are due to the influence of external mecha-
nisms [3]. Anomaly detection and analysis pro-
vide valuable information about the character-
istics of the data generation process. Anomaly
detection methods are used to identify network
attacks, credit card fraud, and equipment mal-
functions, to diagnose medical pathologies, as
well as in many other fields [4]. Deep learning
neural networks have recently been increasingly
used for data anomaly detection [5]. Among nu-
merous architectures and approaches to solving
such problems, the architectures based on the ap-
plication of so-called autoencoders stand out [6].
Autoencoders are used in such areas as data com-
pression [7], novelty detection in data [8], esti-
mation of petrophysical properties from borehole
logs [9], sleep state identification in newborns
based on the analysis of electroencephalography
data [10], wind turbine blade condition monitor-
ing [11], speech and face recognition [12, 13],
and even detection of unjustified financial expen-
ditures of deputies [14].
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Anomalies in the geomagnetic field time
series can be caused by both natural (magnetic
storms and electromagnetic disturbances in the
form of lightning discharges) and anthropogenic
factors (transportation near the magnetometer
sensors, mains voltage surges, operation of an
electrical prospecting generator (ERGU) [15]
during electromagnetic observations, etc.). The
application of traditional methods of anomaly de-
tection, such as statistical methods or rules based
on the threshold values, can be complicated in the
case of geomagnetic data due to the variability of
anomalies caused by the diversity of sources of
the disturbance and its intensity. This study pre-
sents a method for detecting anomalies in the geo-
magnetic field variations based on the architecture
of a classical autoencoder.

The autoencoder is an effective tool that can
automatically detect complex patterns and struc-
tures in data [8]. For instance, autoencoders have
been used to identify anomalies in electrocardio-
grams containing distortions in the form of base-
line drift and high-frequency noise [16], which
ultimately improves the detection of heart pa-
thologies. The paper [17] presents the advantages
of autoencoders over the algorithms based on the
principal component analysis method for anomaly
detection in spacecraft telemetry data.

Data

The basis of the geomagnetic monitoring net-
work of the RS RAS currently consists of seven
permanent stations (Fig. 1). The sampling rate of
measurements at these stations was 20 s.

Temporal variations of the geomagnetic field
include: a) long-period variations (trends) due
to the changes associated with such processes
as magnetic pole drift or changes in the Earth’s

TEOCUCTEMBbI MEPEXOAHbIX 30H, 2024, 8(4)


https://doi.org/10.30730/gtrz.2024.8.4.161-173
http://journal.imgg.ru/web/full/f2024-4-1.pdf

Method for detecting anomalies in geomagnetic field variations based on artificial neural network

core, and b) daily variations in the intensity and
direction of the geomagnetic field caused by the
interaction of the solar wind with the Earth’s mag-
netosphere [2]. The variations associated with the
geographical location, as well as local anomalies
caused by the local change in the geomagnetic
field due to the presence of magnetic minerals in
the Earth’s crust, were not considered, since, first-
ly, the studied anomalies were analyzed within
one observation station, and secondly, they were
used as an additive constant in the value of the full
induction vector of the Earth’s magnetic field.

As an example of the time series of varia-
tions, the annual variations of the geomagnetic
field magnitude for the Ak-Suu base station for
2021 are presented in Fig. 2.

As can be seen from Fig. 2, the data contain
both the long-term trend of secular variations and
daily seasonal variations (the difference between

the maximum and minimum values per day) due to
changes in the solar illumination intensity. Differ-
ences in the ionospheric conditions during summer
and winter are reflected in the geomagnetic field in
the range of daily variations. For example, Fig. 3
presents typical daily variations (in the absence of
geomagnetic anomalies) at the Ak-Suu station at
different periods of the year (spring, summer, and
autumn) after subtracting the secular trend.

The classical approach in anomaly detection
can be the comparison of the analyzed value with
a certain reference, and the extent of their dif-
ference can serve as a measure of data anomaly.
However, a wide range of daily variations of geo-
magnetic data on magnetically quiet days for dif-
ferent seasons makes it impossible to build a sin-
gle reference (model) daily profile for comparison
with the observations made during the year. This
sets certain limitations on the anomaly detection

Fig. 1. Location map of the permanent stations of the geomagnetic observation network of the RS RAS: 1, Ak-Suu; 2, Shavay; 3,
Chunkurchak; 4, Tash-Bashat; 5, Issyk-Ata; 6, Kegety; 7, Karagay-Bulak.

Fig. 2. Time series of the geomagnetic field variations for the Ak-Suu station for 2021 (dashed line indicates secular trend).
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method related to the formalization of the features
that allow distinguishing normal data from anom-
alous. Difficulties also arise in the development
of a strict algorithm that realizes this comparison.

Artificial intelligence methods provide us
with powerful tools that outperform classical
algorithms due to their ability to process large
amounts of data, identify complex patterns, and
adapt to new data [6, 18]. This makes them par-
ticularly effective for such complicated tasks as
detecting geomagnetic field anomalies. In particu-
lar, the autoencoder architecture can be used for
this purpose, and the training can be performed on
data that are considered normal and are carefully
selected by the expert. In the case of using a neu-
ral network, the strong variability of the normal
data will no longer be a limitation, since there will
be no need to algorithmize the anomaly detection
method explicitly.

The most significant types of geomagnetic
anomalies in terms of intensity are magnetic
storms of various intensities, which can last
from several hours to several days [2]. There-
fore, in this study, the geomagnetic field vari-
ations over a day (similar to those presented in
Fig. 3) were used as the unit of input data, and
the anomalies were assessed integrally over a
time series of 24 h.

It should also be noted that the z-score nor-
malization (standardization) procedure was ap-
plied to the training data, which implies that the
mean is subtracted from the daily variations and
divided by the standard deviation, i.e., the data
are transformed to a standard normal distribution
with the mean of 0 and the standard deviation

of 1. Data normalization is often used in train-
ing neural networks and is one of the key steps
in the input data preparation. In particular, when
the input data has the same scale, then the gradi-
ents used for updating the neural network weights
become more stable. Normalized data also allows
the neural network to converge to an optimal solu-
tion faster, since all parameters are updated more
consistently. Overall, it can be stated that normali-
zation promotes more stable and faster training,
improves the convergence of optimization algo-
rithms, and reduces the risk of overfitting [18].

In order to ensure the algorithmic efficiency,
it was also decided to reduce the signal dimen-
sion by downsampling to one sample per minute.
The total number of samples in the daily profile
was N = 24*60 = 1440. A median was used as
an aggregate function, which provides a robust
assessment of the daily profile with minimal in-
fluence of various outliers that may appear in the
geomagnetic data, for example, during lightning
activity [19].

The examples of normalized daily profiles
T . atthe Ak-Suu station are presented in Fig. 4:
normal and anomalous data. All data fed to the
input of the model are dimensionless.

Then, a dataset for the Ak-Suu station for 3
years (2020, 2021, and 2022) was created, which
included 316 examples of normal data for the
training set and 780 examples of anomalous data,
which were subsequently used for estimating the
normal/anomaly class boundary.

To check the performance of the neural net-
work, data for the Ak-Suu station for 3 years
(2017, 2018, and 2019) were used, which were

Fig. 3. Typical daily variations of the geomagnetic field for different periods of the year at the Ak-Suu station.
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Fig. 4. Examples of normalized daily variations of the geomagnetic field: normal (a) and anomalous (b) data.

preliminarily divided by the expert into two class-
es: normal and anomalous.

The Ak-Suu station was chosen as a data
source due to the fact that this is the base station
and is least affected by various anthropogenic dis-
turbances, which is important for the selection of
examples of normal days for the training.

Method

In this study, the classical autoencoder ar-
chitecture was used, which consisted of two main
blocks: encoder and decoder [6] (Fig. 5).

The encoder is a neural network that com-
presses input data into a latent representation of a
lower dimension called latent space. The decoder
is designed to restore the data from the latent rep-
resentation back to the original space.

A distinguishing feature of autoencoders in
comparison with other artificial neural network
architectures is that the number of input and out-
put neurons is usually the same. The main task of

the autoencoder is to obtain the result on the out-
put layer that is the closest to the input one. How-
ever, simply copying the input data to the output
would be useless unless there is a hidden repre-
sentation with certain useful properties. This is
accomplished by creating restrictions for copying
when the latent space has dimensions lower than
the original input dimensions. This autoencoding,
referred to as incomplete, forces the autoencoder
to compress the data and capture the main struc-
tures and patterns of normal data while ignoring
minor noise. During the training, the model tries
to reproduce typical features of the training data,
and then, when faced with unfamiliar anomalies,
reconstructs the data with less quality.

Algorithm

The general principle of the autoencoder-
based anomaly detection method is based on two
procedures: training and reconstruction error cal-
culation. Firstly, the autoencoder is trained on data

Fig. 5. Schematic diagram of the classical autoencoder architecture and its main components. Input and output data are daily variations

of the geomagnetic field.
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that are considered normal, minimizing the differ-
ence between input and reconstructed data. Then,
for each input observation from the full data set,
the reconstruction error (the difference between
the original data and the reconstructed data) is
calculated, with high error values indicating the
presence of possible anomalies.

Based on the above, the step-by-step process
of the autoencoder can be presented as follows:

Step 1. Data collection and preparation.
Normal measurements (without any significant
anomalies) over a certain long period of time are
selected from the full data set by the expert to pro-
vide the necessary amount of data. These data are
normalized because of the influence of the secu-
lar trend and seasonal variations of their values.
Generally, the normalization of training data is a
standard procedure in machine learning tasks. As
mentioned above, it stabilizes and speeds up the
learning process, helps to overcome the vanishing
gradient problem, and improves the generaliza-
tion ability of the model [18].

Step 2. Model Training. The model is trained
on the examples from a set of normal data, while
the loss function is minimized, which in our case
was chosen as the mean squared error (MSE).

Step 3. Reconstruction error calculation. The
full data set for the selected period includes two
sets: training data (normal data) and anomalous
data. For each observation from these two sets,
the reconstruction error is calculated as the mean
square of the difference between the input and re-
constructed data elements. The distribution of re-
construction error values for these two data sets
are be different: for normal data, the mean error is
lower than for anomalous data.

Step 4. Setting a threshold. According to the
histograms of reconstruction error distribution,
the reconstruction error threshold is set for nor-
mal and anomalous data, above which the data are
considered anomalous.

Step 5. Anomaly detection. New data is fed
to the input of the trained model, and the samples
with reconstruction error above the threshold val-
ue are labeled as anomalies.

Hyperparameters

It should be noted that during the training
stage, hyperparameters (parameters that are set
manually before the training starts and determine
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the structure or the way the model is trained) are
also adjusted. These hyperparameters include
learning rate, batch size, number of epochs, and
activation functions. The initial network archi-
tecture gets generally adjusted, i.e., the sizes of
input and output layers, as well as hidden lay-
ers, including the latent state layer. A batch is a
small subsample of the full training set used for
one updating step of the model parameters dur-
ing training. The smaller batch size improves the
generalizability of the model due to regularization
and requires less computational resources [18].
An epoch is one complete pass of the entire train-
ing dataset, i.e., during one epoch, the model is
trained on all examples from the training set.

The rectified linear unit (ReLU) function
R(x) (Fig. 6) was used as the activation function,
which converts negative input x values to zeros
while leaving positive values unchanged [20].
Studies have shown that convolutional neural
networks learn significantly faster when ReL U is
used as the activation function [21]. This is due
to several major advantages: 1) the simplicity of
the ReLU implementation speeds up the computa-
tion, which directly increases the learning speed
of the neural network; 2) the shape of the ReLU
helps to avoid the vanishing gradient problem that
may occur when activation functions such as sig-
moid, or hyperbolic tangent are used; 3) the use of
ReLU leads to sparse activations in which some
of the neurons output zero values, which improves
the generalizability of the model and reduces the
risk of overfitting.

Fig. 6. ReLU activation function.
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The final values of the main hyperparameters
were as follows: learning rate, 10~°; number of
batches, 8; and number of training epochs, 2000.

Such regularization technique as a dropout
should also be mentioned. This technique is wide-
ly used in neural networks to prevent overfitting,
and it “turns off” some neurons during training.
This allows the neural network to be more robust
and improves generalization by preventing over-
memorization of the training data. The dropout
rate is typically between 0.1 and 0.4, meaning that
1040 % of neurons are turned off at each itera-
tion. It should be clarified that dropout is not used
during testing or prediction [18].

Model architecture

The main parameters of the classical autoen-
coder architecture (Fig. 5) used for the geomag-
netic anomaly detection are given in the table. The
input layer consists of 1440 neurons. The encoder
includes two hidden layers with ReLU activation
functions and consists of neurons the number of
which decreases consistently (1024 and 256). The
latent representation (bottleneck) consists of 64
neurons with ReLU activation and 10 % of neu-
rons turned off (dropout 0.1). The decoder con-
sists of two hidden layers with ReLU activation
functions. The number of neurons in the decoder
is symmetrical with respect to the latent represen-
tation and equals 256 and 1024, respectively. The
output layer has 1440 neurons to match the size of
the input signal.

The total number of trainable parameters was
3.5 million.

Table. Autoencoder architecture

Training and validation

The neural network is trained by iteratively
changing the values of its parameters. The main
goal of such parameter selection is to achieve the
minimum deviation between the output signal
of the neural network and the input signal of the
training set. This deviation, as mentioned earlier,
was calculated using the mean square error (MSE)
loss function.

Special attention should be paid to the im-
portance of validation set in machine learning,
especially in the context of deep learning neural
networks. The main purpose of including the vali-
dation set in the training process is to evaluate the
performance of the model during training and to
optimally tune hyperparameters [18]. The evalu-
ation of the model’s performance on the valida-
tion set also allows to monitor overfitting. For
instance, the deterioration of the neural network
performance on the validation set after obtaining
the best results on the training sets may indicate
the beginning of overfitting. This feature was used
to obtain the optimal model, keeping its iteration
state with the minimum value of the loss function
on the validation set. The validation set size was
20 % of the training set size.

The adaptive moment estimation (Adam)
[22] was chosen as the optimization algorithm re-
sponsible for updating model parameters during
the training in order to minimize the loss function.
The use of this algorithm allows in most cases to
avoid thorough tuning of the learning rate, since
the algorithm automatically adapts it for each pa-

Layer Name Number Activation function/

of neurons Regularization

Encoder

Input Input 1440 ReLU

Hidden 1 Encoder 1 1024 ReLU

Hidden 2 Encoder 2 256 ReLU

Latent space

Hidden 3 Bottleneck 64 ReLU /

Dropout (0.1)

Decoder

Hidden 4 Decoder 1 256 ReLU

Hidden 5 Decoder 1 1024 ReLU

Output Output 1440
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Fig. 7. Mean squared error (MSE) for training and validation sets. Dashed line indicates training, solid line indicates validation.

rameter based on the history of the gradients. As
mentioned earlier, the minimum value of the loss
function for the validation set and the state of the
model at that epoch were kept during training in
order to use it as a working version (Fig. 7). The
global minimum of the loss function for the vali-
dation set was reached at the 1648th epoch.

Criteria for anomaly detection

The examples of initial and reconstructed
by the model daily profiles of 7 for normal
(Fig. 8 a) and anomalous (Fig. 8 b) data, as well as
their reconstruction errors (Figs. 8 ¢, d) calculated
as the absolute error (AE) are shown in Fig. 8.

It was previously mentioned that the model
was trained on normal data, therefore, when an
example of normal values is fed to the model in-
put (Fig. 8 a), the reconstruction error was mini-

mal (Fig. 8 c). However, when data containing
significant anomalies were fed to the model input
(Fig. 8 b), the model was unable to reconstruct
them (or rather, it tried to turn the anomalous data
into normal data), which led to a large reconstruc-
tion error (Fig. 8 d).

The next step was to determine the anomaly
threshold value based on the reconstruction error.
For this purpose, all data for 2020-2022 (316 ex-
amples of normal data and 780 of anomalous data)
were run through the trained model. The distribu-
tion of reconstruction errors based on the standard
deviation showed that in this case the distributions
for normal and anomalous data strongly overlap,
which makes it difficult to distinguish the class
boundary. Therefore, for this stage it was decided
to represent the reconstruction error as the mean
absolute error (MAE) (Fig. 9).

Fig. 8. Initial (blue line) and reconstructed (green line) daily profiles and their reconstruction errors calculated as the absolute error (AE)

for normal and anomalous data.
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Fig. 9. Distribution of reconstruction errors (MAE) for normal and anomalous data: a) general scale, b) enlarged scale. Dashed lines
indicate u+o, ut20, and p+3c (1, mean value; o, standard deviation) calculated from normal data.

It can be seen from Fig. 9 that the training
set (data without any anomalies) has a reconstruc-
tion error distribution close in shape to a Gaussian
distribution, which justifies setting the separation
threshold in units of standard deviations. The data
containing anomalies, as one would expect, have
reconstruction errors several times larger com-
pared to normal values. Based on the analysis of
distributions, p+oc or u+2c can be chosen as the
boundary. Since there are examples in practice
when the expert is unable to unambiguously assign
the analyzed observation to one of the two classes,
the final version of the threshold should be chosen
based on what is to be identified in the first place.
If normal data are the main interest, the threshold
should be increased, and, vice versa, if the main
objective is to extract as many anomalous obser-
vations as possible, the threshold should be de-
creased. It should also be noted that the boundary
of these two classes covers a rather narrow region
(0.05-0.1), while the majority of anomalies have a
reconstruction error higher than 0.1.

Results and discussion

To check the performance of the trained neu-
ral network, it was decided to analyze the data for
2017, 2018, and 2019, which were not involved
in the training of the model. Since this is a binary
classification task where the data needs to be as-
signed to one of the two classes, the so-called con-
fusion or error matrix is most often used to evalu-
ate the performance of the classifier.

The following components of the confusion
matrix are used to describe the combinations that
can be obtained by comparing the model respons-
es and the true labels of the observations set by
the expert.
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TP (True Positive): The data contain anom-
alies, and the model correctly identifies them as
anomalous.

FP (False Positive): The data are normal, and
the model incorrectly identifies them as anoma-
lous.

TN (True Negative): The data are normal,
and the model correctly identifies them as normal.

FN (False Negative): The data contain anom-
alies, and the model incorrectly identifies them as
normal.

Various metrics are used to evaluate the per-
formance quality of the classifier, the main ones
being: accuracy (the proportion of correct cases
of classification), precision (the proportion of
correctly classified items among all items that
the classifier assigned to the class, i.e., the pro-
portion of true anomalies among all observations
that the model assigned to anomalies), recall (the
ratio of correctly classified items of a class to the
total number of items of that class, i.e., the pro-
portion of correctly identified anomalous data
among all examples of anomalies), and F1-score
(the harmonic mean between precision and re-
call). These metrics are calculated using the fol-
lowing formulas:

TP+ TN .
Accuracy = 4p TN T FP 4 N’
L TP
Precision = W’
TP
Recall = TP+—F]V

Precision * Recall
Fl1= 2%

Precision + Recall'
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The examples of such a matrix for the 2019
data are given in Fig. 10. If the value of 0.087
(uto) is chosen as the threshold (Fig. 10, left),
the binary classification metrics for the 2019 data
have the following values: accuracy, 0.841; preci-
sion, 0.827; recall, 0.996; and F1, 0.904, which
can be considered a good result. With a thresh-
old value of 0.109 (u+20), the metrics improve
slightly (based on the integral F1 metric): accura-
cy, 0.899; precision, 0.901; recall, 0.970; and F1,
0.935. This is due to the fact that fewer observa-
tions are in the FP group as they moved to the TN
group (Fig. 10, right).

As can be seen, there is a certain compro-
mise between the values in the FP and FN groups,
which is directly related to the chosen threshold
value used for the classification. If the threshold
value decreases, the model will be more inclined
to classify examples as anomalies, which may in-
crease the number of FPs and decrease the FNs.
Vice versa, if the threshold value increases, the
model will be more inclined to classify exam-
ples as normal, which may decrease the number
of FPs and increase the FNs. Therefore, the F1-
score i1s often used as the critical metric, which
provides an evaluation of the balance between
the FN and FP metrics. The choice of a threshold
that maximizes the F1-score provides a compro-
mise between precision and recall, ensuring opti-
mal model performance for a particular task [23].
Thus, the adjusted threshold with a value of 0.109
was chosen for further analysis.

N FP

35 57

Normal data
1

Expert

272

For the comprehensiveness of the analysis,
the examples and their reconstructed analogs
were plotted for each group of the confusion ma-
trix components: TN, FN, FP, and TP (Fig. 11).
For the TN group (true normal data), the recon-
structed analog almost repeats the original obser-
vation (Fig. 11a), which gives a small reconstruc-
tion error. The same pattern is observed for the FN
group (anomaly incorrectly labeled as normal):
the reconstructed analog accurately reproduces
the original observation (Fig. 11b). This example
was labeled by the expert as containing anomalies
due to a small inhomogeneity around the 480th
minute. For the FP group (normal data incorrectly
labeled as anomalous), the reconstructed analog
smoothed out the high-frequency field fluctua-
tions at the end of the daily profile (Fig. 11¢) (960—
1440th samples), which increased the value of the
reconstruction error to 0.139, slightly exceeding
the threshold value of 0.109. This allowed the al-
gorithm to label this observation as anomalous,
despite the fact that the expert initially considered
it normal. For the TP group (true anomalous data),
the reconstructed analog is very different from
the original observation (Fig. 11d) and contains
strong fluctuations from the middle of the signal,
which is reflected in the increase in the recon-
struction error. The plots also demonstrate that as
the amplitudes of fluctuations increase from nor-
mal (TN) to anomalous (TP), which are mainly
associated with magnetic storms, the MAE recon-
struction error also increases. Thus, the maximum

Anomalous data
1
H

FN

TP

1
Normal data

T

Anomalous data

Neural network

© TN FP
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Fig. 10. The binary classifier error matrix for the Ak-Suu station data for 2019. The threshold of 0.087 (u+o) is
on the left, and the threshold of 0.109 (u+20) is on the right.
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Fig. 11. Examples from the TN, FN, FP, and TP groups and their reconstructed analogs. The values of the reconstruction errors (MAE)
are provided. The solid line indicates the original example, the dashed line indicates the reconstructed example.

daily values of the planetary indices characteriz-
ing the global disturbance of the Earth’s magnetic
field, K and a, differ significantly in the case
of normal (Fig. 11a) and anomalous (Fig. 11d)
data: Kp(TN): 1.667, N 6 nT and KP(TP) =4,
= 27 nT, respectively.

The mean reconstruction error for the
considered groups has the following value:
MAE_ = 0.084, MAE_ = 0.097, MAE_,= 0.133,
and MAE_,= 0.364.

Based on this, it can be concluded that the
model performs well in identifying observations
with significant anomalies, whereas in the case
of small anomalous regions it may be incorrect.
However, the overall anomaly detection score is
quite high, as both recall and F1-score have high
values (recall = 0.970 and F1 = 0.935).

The same analysis for 2018 and 2017 yielded
the following values, respectively:

Aytp)

metrics calculated from the confusion ma-
trix: accuracy, 0.896 and 0.866; precision, 0.890
and 0.876; recall, 0.982 and 0.965; F1, 0.933 and
0.918;

mean reconstruction errors for the groups:
MAE.,, 0.086 and 0.083; MAE_, 0.091 and
0.097; MAE_, 0.128 and 0.151; MAE_,, 0.354
and 0.404.

Thus, the performance evaluation of the
model using test data for 2017, 2018, and 2019,
the values of which the model did not see during
training, showed good results. In particular, the
high values of the F1-score suggest that the model
identifies anomalies quite well at a quality level
comparable to the performance of an expert.

It should also be noted that the model trained
on the data from the Ak-Suu station is also suit-
able for detecting the anomalies in the data from
the nearby Shavay station. Due to a relatively
small (~17 km) distance between the stations, the

FP’ TP’

Fig. 12. Variations of the geomagnetic field (on the left) and reconstruction errors (on the right) for June 1-15, 2019 for the Ak-Suu and

Shavay stations.
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slope of the secular trend, the intensity and shape
of daily variations, as well as the manifestation
of magnetic storms at these stations, are almost
identical, and all the differences are caused by the
local dynamic changes [1, 24]. The plots of varia-
tions of the geomagnetic field at these two stations
for June 1-15, 2019, as well as the time series of
reconstruction errors, are presented in Fig. 12.

As can be seen from Fig. 12, the reconstruc-
tion errors for the time series of the two nearby
stations are almost identical (Fig. 12, right) and
overlap with each other. A moderate value of the
reconstruction error of ~0.33 corresponds to the
magnetic storm of June 8, 2019, whereas relative-
ly small values of the reconstruction error of ~0.18
(June 4, 2019 and June 13, 2019) correspond to
small anomalies manifested in the disturbance of
the typical daily course of the field. The identical
course of the geomagnetic field at the two stations
results in almost the same reconstruction error at
the output of the neural network, which allows us-
ing the model trained on the data of the Ak-Suu
station for the nearby Shavay station.

Conclusion

The method of detecting anomalies in the
variations of the geomagnetic field based on the
classical autoencoder is presented. Daily vari-
ations of the geomagnetic field on magnetically
quiet days at the Ak-Suu base station for three
years (2020, 2021, and 2022) were selected as the
training data. In order to increase the performance
and reduce the complexity of the model, the data
was downsampled from 20 s to 1 min. The train-
ing data were normalized by subtracting the mean
value and then dividing it by the standard devia-
tion. The training set included 316 examples of
normal data, while 780 examples of anomalous
data were subsequently used to estimate the nor-
mal/anomalous class boundary. The trained model
reproduced the typical features of normal data,
and then, when faced with unfamiliar anomalous
data, demonstrated deterioration in the recon-
struction quality. The reconstruction error meas-
ured as the mean absolute error (MAE) is an esti-
mate of the anomaly score measure. The value of
0.109 was chosen as the threshold value of MAE,
which divides the data into two classes (normal
and anomalous). The binary classification metrics
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calculated based on the confusion matrix indicate
the positive quality of the model, in particular, for
the data from the Ak-Suu station for 2017, 2018,
and 2019. The recall values for these years (0.965,
0.982, and 0.970, respectively) suggest that the
trained neural network identifies anomalies with a
quality comparable to that of an expert. It should
also be noted that the model trained on the data
from the Ak-Suu station is also suitable for de-
tecting anomalies in the data from nearby stations,
for example, the Shavay station. This allows us-
ing one model for a group of nearby stations and
thus reducing the number of trained models used
to analyze the anomalous data from the stations
of the geomagnetic monitoring network. Further
scope of this study involves testing the model for
the detection of anomalies associated with geo-
magnetic storms and their comparison with the
values of various planetary indices describing the
global disturbance of the Earth’s magnetic field,
as well as the sensitivity of the method to the level
of anthropogenic anomalies occurring in the form
of pulse emissions and steps.
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