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Abstract: During geomagnetic storms, which are a result of solar wind interaction with the Earth’s
magnetosphere, geomagnetically induced currents (GICs) begin to flow in the long-distance high-
voltage power grids on the Earth’s surface. It causes a number of negative phenomena that affect
the normal operation of the entire electric power system. To investigate the nature of the
phenomenon and its possible effects on transformers, a GIC monitoring system was created in 2011,
the devices of which were installed at five substations of the Kola-Karelian power transit in
northwestern Russia. Over 12 years of operating the system a large amount of data has been
accumulated, which cannot be analyzed manually within a reasonable amount of time. To analyze
the constantly growing volume of recorded data effectively, a method for automatic classification
of GIC in autotransformer neutral was proposed. The method is based on a continuous wavelet
transform of the neutral current data combined with a convolutional neural network (CNN) to
classify the obtained scalogram images. As the result of comparing four CNNs with different
architectures, a model that showed excellent GIC classification performance on the validation set
(100.00% accuracy and loss of 0.0115) was chosen.

Keywords: geomagnetically induced currents; autotransformer; continuous wavelet transform;
convolutional neural network; binary classification

1. Introduction

During geomagnetic storms, which are a result of solar wind interaction with the Earth’s
magnetosphere, geomagnetically induced currents (GICs) begin to flow in the long-distance high-
voltage power grids on the Earth’s surface [1-5]. One of the paths for their flow is the grounded
neutrals of power transformers and autotransformers. Even a slight deviation of the neutral current
from zero (tens of amperes) leads to half-cycle saturation of the electrical device core. It, in turn, leads
to a number of disruptions of electrical network operation. Examples of detrimental effects of GICs
are generation of even and odd harmonics, increase of reactive power demand, appearance of local
overheating of transformer windings and elements of its construction, generation of vibrations of
transformer core and windings, and unwanted tripping of protective devices [6-8]. Normally the
duration of GICs flowing doesn’t exceed a few minutes. But, due to repeated GICs impact on
transformers, they may fail. There have been several cases in the past where GICs flowing during
strong geomagnetic storms have resulted in a blackout of high-voltage power systems in Canada and
Sweden [9,10].

More than 12 years ago, a system for monitoring GICs in power lines in northwestern Russia
was created [11]. This system was developed by the Polar Geophysical Institute (Russian Academy
of Sciences) and the Northern Energetics Research Centre (Kola Science Centre of the Russian
Academy of Sciences) in the frameworks of the European Risk from Geomagnetically Induced
Currents (EURISGIC) project [12]. It was deployed on the Kola Peninsula and in Karelia and consists
of devices at five substations, located in the meridional direction. Figure 1 shows the location of 330
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kV transmission lines and part of 110 kV transmission lines in the Murmansk region and Karelia, as
well as substations where continuous recording of GICs is carried out.
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Figure 1. A map of substations equipped with GIC monitoring devices (magenta triangles) in
northwestern Russia and schematically drawn transmission lines of the Kola-Karelian power transit
(green lines). Red color denotes 110 kV transmission lines, in particular lines, which are directed to
RVD substation.

The devices at VKH, TTN, LKH and KND substations installed in the dead-grounded neutral of
330kV autotransformers, and in the neutral of 110kV transformer at the RVD substation. The total
current in the network node is twice the measured value, because probes are located on one of the
two step-down autotransformers at a substation, with the exception of the KND and RVD
substations.

The GIC monitoring system was created to solve the following problems:

e Assessment of GIC impact on power autotransformers of 330 kV power lines;

e Investigation of correlation dependencies between GICs values and the level of geomagnetic
activity;

e Identification of lines sections that are most affected by geomagnetic disturbances;

e  Development of measures to protect equipment from the GICs influence.

Table 1 provides information about the substations where the devices of the GIC monitoring
system are installed, information about the duration of these devices operation and the total size of
files recorded at each substation. As can be seen from the numbers in the last column, the size of the
data varies depending on the point of study. This is explained by the fact that part of the data is
missing. The reasons for the missing files are: hard drive failure; shutdown of the device due to
external interference; problems with data transfer to the server associated with weak cell signal
reception [13]. Since the start of the GIC monitoring system, more than 16,000 files have been created
containing data of currents in the autotransformers neutrals. The total size of these files is about 27
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GB at the beginning of 2023. Constantly growing volume of recorded neutral current data cannot be
analyzed manually within a reasonable amount of time.

Table 1. Basic information about the GIC monitoring system in power lines in northwestern Russia.

Substation Geographical coordinates . Volume of
The period of recorded data

Code Name Latitude (°N) Longitude (°E)  registration (GB)

VKH Vykhodnoy  68.83 33.08 October 2011 - 6.49
until now

RVD  Revda 67.90 3461 May 201l —undl 5.65

now
. June 2010 —

TTN Titan 67.53 33.44 December 2014 2.28

LKH  Loukhi 66.08 3312 September 2011 5.67
until now

2011 -

KND Kondopoga 62.22 3436 ~ cptember20 6.67

until now

The purpose of this study is to develop a convolutional neural network (CNN) model for
automatic analysis of 12 years of data accumulated by the GIC monitoring system in northwestern
Russia. To train the CNN model, a dataset containing 800 scalogram images was created. The dataset
includes images of two classes: GIC and geomagnetically quiet hours. To select the most suitable
neural network for solving the problem, the performance of four models with different configurations
was compared.

The structure of the paper is as follows. Section 2 provides an overview of existing research that
applies continuous wavelet transform (CWT) and convolutional neural networks to analyze
nonstationary signals in power systems, including geomagnetically induced currents. Section 3 is
dedicated to the methodology and the created dataset. Subsection 3.1 introduces the basic concepts
of CNNs, describes the layers required to build ones, and explains the choice of performance metrics
for binary classification. Subsection 3.2 presents a description of the continuous wavelet transform
method. Subsection 3.3 details the dataset specially created for this study, consisting of two-
dimensional images of wavelet spectra (scalograms) of the current in autotransformer neutral.
Section 4 presents the results of a performance comparison of four CNN models and a detailed
description of the architecture of the chosen model. Conclusions are presented in Section 5.

2. Related Work

This section contains a review of recent studies that employed continuous wavelet transform
and convolutional neural networks to analyze nonstationary signals in power systems, including
geomagnetically induced currents.

Wang et al. [14] proposed a machine learning approach to detection of geomagnetically induced
currents in power grids. The authors used a CNN-based architecture to classify scalogram and
spectrogram images obtained by continuous wavelet transform and short-time Fourier transform
(STFT) of currents of single-phase current transformers, respectively. The proposed framework,
consisting of a hybrid feature extractor using Gaussian CWT and STFT and CNN, successfully
achieved good performance even under low-intensity GICs. The framework works very quickly
(detection is achieved within 30 ms). Thus, it can be applied for online monitoring applications in
power systems.
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A study conducted by Li et al. [15] proposed a deep learning method for fault diagnosis of dry-
type transformers using vibration signals. To convert the transformer vibration signals to scalogram
images, a CWT method was used, which allows for the extraction of fault features from different
conditions. The proposed diagnosis method achieved the mean accuracy of 99.95%. The feature
extraction and classification process took less than 7 s, which potentially provides fast and accurate
online diagnosis of transformer faults.

One of the studies that used deep learning algorithms for power quality disturbances
classification was conducted by Salles and Ribeiro [16]. This study has examined the application of
several CNN models for voltage disturbances classification. The results obtained showed high
accuracy for a CNN created from scratch and ResNet-50 (transfer learning). This study confirmed the
suitability of using CNN for voltage disturbances classification and the advantage of using
scalograms to characterize these disturbances.

3. Data and Methods

3.1. Convolutional Neural Networks

To analyze data from devices of the GICs monitoring system, we use a convolutional neural
network for binary classification of scalograms obtained after applying a CWT to the neutral currents.
The choice of CNN is justified by the fact that this deep learning algorithm is the most popular,
including for solving image classification tasks [17,18]. Classification is a concept that categorizes a
dataset, in our case images, into classes. Convolutional neural networks are a class of feedforward
learning algorithms. They are designed to automatically and adaptively learn spatial hierarchies of
features, from minor features to the global ones. This aspect improves the generalization ability of
such neural networks and makes them perfect for image classification.

3.1.1. Architecture of Convolutional Neural Networks

The typical CNN structure consists of three types of layers, which are the convolutional layer,
pooling layer, and fully connected layer. In addition to the above main layers of CNN, it may include
layers such as non-linear activation layer, classification layer, dropout layer, and preprocessing layer.
The convolutional and non-linear layers are very commonly combined into one. Brief information
about these layers is presented below.

The convolutional layer, as its name suggests, is the most significant component in CNN
architecture and plays an important role in its operation. The main purpose of these layers is feature
extraction: they learn feature representations of their input images. The convolutional layer consists
of a set of convolutional filters called kernels. The kernel is a grid of discrete numbers or values called
kernel weights. At the beginning of the CNN training process, random numbers are assigned as the
weights of the kernel. The input image is convolved with filters to generate the feature map of the
output. The kernel slides over the whole image horizontally and vertically. A dot product is
determined between the input image and the kernel, where their corresponding values are
simultaneously multiplied and then summed up to calculate a single scalar value. The whole process
is repeated until no further sliding is possible. The calculated dot product values create the output
feature map.

By optimizing the output of convolutional layers, they are able to significantly reduce model
complexity. The output is optimized through three hyperparameters: the depth, the stride and setting
zero-padding.

Non-linear activation functions allow for the extraction of non-linear features. The main purpose
of all types of activation functions is to map the input to the output. The input value is determined
by computing the weighted summation of the neuron input. Thus, the activation function decides
which neuron to fire with reference to a particular input by creating the corresponding output. These
layers allow CNN to learn more complex things. Non-linear activation layers are applied after all
convolutional and fully connected layers, i.e. after layers with weights. The following types of
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activation functions are commonly used in CNN: sigmoid, tanh, ReLU (Rectified Linear Units), leaky
and noisy ReLU [19]. In this study, ReLU is chosen as the activation function [20].

The purpose of the pooling layer is to reduce the spatial resolution of the feature maps, due to
which spatial invariance to input distortions and shifts is achieved. At this layer, part of data is
discarded, decreasing the complexity of the model. This, in turn, reduces the chance of it overfitting.
There are several types of pooling methods. These methods include average pooling, min pooling,
max pooling, tree pooling, gated pooling and global average pooling [21]. This study uses max
pooling because it provides unique performance features. Max pooling calculates the maximum
value in each patch of the feature map covered by the kernel, thereby highlighting the most present
feature in the patch.

The fully connected layers are located at the end of each CNN architecture. These layers got their
name because of the approach of the same name, which is that each neuron in the layer is connected
to all neurons of the preceding layer. The input of these layers is in the form of a vector, which is
created from the feature maps after flattening. The fully connected layer is used as a CNN classifier:
it takes input from feature extraction stages and globally analyzes the output of all previous layers.
The result is a non-linear combination of selected features that are used to classify the data.

The final classification is performed on the last layer, which represents the output layer of the
CNN. To calculate the class predicted error, loss functions are used in the output layer, the error value
reveals the difference between the actual output and the predicted one. The predicted error is
optimized through the CNN learning process. In the case of binary classification, the following loss
functions are used: binary cross-entropy loss, Hinge loss and squared Hinge loss. The proposed CNN
uses the binary cross-entropy loss function, a detailed description of which is given in subsection
3.1.2.

One of the problems encountered with training neural networks on small datasets is overfitting
[22]. Along with underfitting, such an undesirable machine learning behavior is the main cause for
poor performance of its algorithms. Overfitting is a phenomenon when a model performs well on
training data, but shows not so good performance on test data. Thus, the poor ability of the model to
generalize new, previously unused examples makes it useless. In order to prevent overfitting, a
regularization technique called dropout is often used in neural networks [23]. The key idea of the
dropout layer is that randomly selected units from the neural network are ignored during training of
a model, i.e. “dropped out” randomly. This allows for a reduction in the interdependent learning of
neurons: since a neuron can no longer rely on the presence of other neurons, it is forced to learn more
robust features. The dropout layer is placed before the layer to which we want to apply the dropout.

The preprocessing layers are used in the early stages of a CNN, and include data augmentation.
Data augmentation is a set of methods used to artificially expand the size of the training dataset [24].
This technique is often used on small datasets, as it allows the model to avoid overfitting and improve
its performance. The essence of this method is to perform random (but realistic) transformations to
existing images to create a set of new variants without altering their natures. Typical data
augmentation approaches in image classification are cropping, reflection, translation, rotation, zoom
and contrast adjustment. The preprocessing layers are only active during model training.

3.1.2. Performance Metrics for Binary Classification

The choice of neural network performance metrics is an integral part of creating any model. The
main purpose of metrics is to monitor and measure the performance of the model during its training
and testing. They indicate weaknesses in the model and dataset, the elimination of which leads to an
increase in the generalization ability of the final model. Depending on the objectives and specifics of
the research, different metrics are used that are characteristic of a particular field of science.
Frequently the choice of methods of evaluating model quality based on the experience of researchers
in the same field, as well as on the experience of the researchers themselves. In the case of binary
classification, metrics such as accuracy, precision, recall, F1 score, binary cross-entropy loss, Receiver
Operator Characteristic and Area Under Curve (ROC-AUC), Matthews Correlation Coefficient
(MCC) are used to evaluate the performance of the neural network [25]. In this paper, the following
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metrics were chosen to evaluate the performance of the created CNN models: accuracy and binary
cross-entropy loss function. Both metrics are often used when debugging classifiers with two classes
[26]. One of the necessary conditions for the correct use of accuracy as an evaluation metric is the
presence of a balanced dataset. In this study, this condition is completely fulfilled.

Accuracy is the most widely spread measure of performance, which describes the overall
prediction accuracy of a model across all classes. It is calculated as the ratio between the number of
correct class predictions to the total number of predictions. In other words, the metric is the fraction
of predictions trained model got right. Accuracy is measured as a percentage, ranging from 0% to
100%. A higher value of the metric corresponds to a better-performing classifier, while a lower one
indicates more errors in class predictions.

For binary classification, accuracy can be defined in terms of positives and negatives according
to the following equation [27]:

TP+TN

ACC= TP+TN+FP+EN 1)

where TP (true positive) is a number of correctly classified positive samples; TN (true negative) is a
number of correctly classified negative samples; FP (false positive) is a number of misclassified
positive samples; and FN (false negative) is a number of misclassified negative samples.

Binary cross-entropy loss function is a metric in machine learning, used to evaluate how well a
classification model with two classes performs. This function takes two values, actual and predicted,
and returns the comparative evaluation that shows how close the predicted probability is to the actual
value (0 or 1). Thus, the loss function rewards the model for giving a correct prediction with a low
loss and penalizes for a wrong outcome with a high error value. In the case of an ideal model, the
value of binary cross-entropy loss is zero. The main goal throughout training of CNN is to minimize
the loss value, i.e. to minimize the difference between the predicted probability and true label in a
final model.

Binary cross-entropy is a special case of cross-entropy [28], and is determined by the formula:

LN
BCEloss = — Nzi:l[yilog(pi)+(1 - yi)log(l - pi)], ()

where N is a number of final layer outputs (1 for sigmoid); y. is the binary indicator (0 or 1) denoting
the class for the sample i; and p, is the classifier’s predicted probability distribution.

3.2. Continuous Wavelet Transform

The continuous wavelet transform is widely spread spectral analysis method of nonstationary
signals, in particular geomagnetically induced currents [29-32]. In the case of intellectual fault
diagnosis of power systems, the CWT is often used as a feature extraction method from different
transformer signals such as vibrations, currents and voltages [14-16]. The CWT provides an accurate
representation about changes in frequency characteristics of a signal over time. The essence of the
method is to convolve the analyzed signal with a scaled and translated version of the analyzing
function, which is called the mother wavelet. The wavelet is a mathematical function that most
frequently has a wave-like form and its amplitude tends to zero with distance from the origin of
coordinates. An important property of wavelets is time-frequency localization, which makes it
possible to obtain frequency spectrum features of a signal with respect to time. As the result of the
CWT, the wavelet coefficients are calculated, the values of which are directly proportional to the
degree of similarity between the analyzed signal and the selected wavelet. The continuous wavelet
transform of discrete time series is defined by the following equation [33]:

W=y e[ ©

where n is the localized time index, s is the wavelet scaling factor, ¢ is the mother wavelet, the (*)
symbolizes a complex conjugation, and 6t is the sampling interval.
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The graphical representation of a three-dimensional array of wavelet coefficients W,(s) is a
scalogram: the x axis indicates time, the y axis represents a frequency, the value of which is inversely
proportional to wavelet scale (width), and colors indicate the wavelet coefficients values that
characterize the similarity degree between the analyzed signal and the wavelet. The scalogram is
calculated as the square of the modulus of the wavelet coefficients values |W,,(s)|>. Two-dimensional
images of wavelet spectra provide a visual representation of various phenomena in the researched
signal. They are used in such areas of machine learning as classification and pattern recognition [16].

To compute scalograms for the dataset, this paper uses open source library PyWavelets [34],
which contains a number of CWT-compatible mother wavelets.

3.3. The Geomagnetically Induced Current Scalograms Dataset

The quality of a dataset on which a CNN is trained has a strong impact on its classification
performance. In order to be considered high quality, a labeled dataset must satisfy two basic
conditions. Firstly, the images must be directly related to the task. Secondly, the images in each class
must be uniform.

To train the CNN, a dataset containing two-dimensional images of wavelet spectra of the current
in autotransformer neutral was created. The produced dataset consists of 800 RGB scalogram images
with a size of 224x224 pixels. Since the goal of this study is to detect the presence or absence of GIC
in the neutral current (binary classification), the dataset includes images of two classes: GIC and
geomagnetically quiet hours (Figure 2). Quiet hours mean the absence, in addition to GICs, of any
other phenomena reflected in the neutral current, such as thunderstorms and commutations. The
number of examples in the “GIC” class (400) equals the number of examples in “quiet hours” class
(400), which makes the dataset balanced. This characteristic of the dataset makes training a classifier
easier by helping to prevent the model from becoming biased towards the class with more examples,
and potentially improves the accuracy of the future model.

Each image in the dataset is a scalogram of the neutral current with duration of 60 min and a
frequency range from 1.36 mHz to 5.42 mHz. The choice of such time interval for the study is based
on several reasons. Firstly, files that contain neutral current data are transferred from GIC monitoring
devices to the server every hour. In the future, the proposed CNN model will be able to analyze new
measurements in real time. Secondly, GIC events have a duration of up to several hours. The CWT
was applied to the currents data with a sampling interval of 1 s. As previous study has shown [32], a
sampling rate of 1 Hz is sufficient for reliable estimate of GICs values, including peak values, as well
as for determining their time localization. The non-orthogonal Morlet wavelet was chosen as the
mother wavelet. The benefits of using this wavelet function as the most suitable function for the
analysis of GICs in autotransformers neutrals have also been considered and proven in practice in a
previous study [32]. In the scalograms colors denote the values of wavelet coefficients (Figure 2) and
characterize the degree of matching between the researched signal and the wavelet. Red color
corresponds to the maximum value of the energy and blue color corresponds to the minimum one.
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Figure 2. Sample scalogram images taken from different days at different substations from the created
dataset.

4. Geomagnetically Induced Currents Classification by Convolutional Neural Network

The main goal of this study is to create a binary classifier of scalograms of currents in an
autotransformer neutral for analyzing data from the GICs monitoring system in northwestern Russia.
For this purpose, a comparative analysis of four CNN models with different configurations was
carried out. All models were built from scratch. The first model has the following architecture: four
convolutional layers, four max pooling layers, flatten layer, and two fully connected layers. The
architectures of the second and third models differ from the first one by the presence of a dropout
layer after the fourth max pooling layer and preprocessing layers before the first convolutional layer,
respectively. The fourth model contains all of the above layers in its architecture.

The models training and testing were conducted using Intel(R) Core(TM) i5-11400 CPU (Central
Processing Unit) at 2.6 GHz. Over computer specifications used in the experiment are 16 GB RAM
(Random Access Memory) and Microsoft Windows 10 Pro 64-bit OS (Operating System). A well-
known Keras library was chosen as a deep learning framework [35]. Keras is the open-source high-
level API (Application Programming Interface), running on top of the TensorFlow platform for
machine learning.

CNN models were trained by employing 80% (640) of the scalogram images and validated using
the rest 20% (160). Accuracy and binary cross-entropy loss function were used as evaluation metrics.
Training all models was done for 15 epochs. Table 2 shows the results of models performance
validation.
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Table 2. Comparison of CNN models performance with different configurations on the validation

set.
Number CNN models Time, min Binary cross- Accuracy, %
entropy
1 Simple CNN 03:06 0.0098 99.37
2 CNN with dropout 03:08 0.0092 99.37
3 CNN with augmentation 03:19 0.0344 98.75
4 CNN with augmentation and 03:22 0.0115 100.00

dropout

In general, it can be stated that all CNN models showed good results. An accuracy of 99.37%
with 0.0098 binary cross-entropy loss was obtained for the first CNN model. The second model of
binary classifier successfully classified the scalogram images with 99.37% accuracy and the lowest
binary cross-entropy loss of 0.0092. For the third CNN model, the lowest accuracy of 98.75% with the
highest value of binary cross-entropy loss of 0.0344 was obtained. The best accuracy of 100.00% with
binary cross-entropy loss of 0.0115 was estimated for the fourth CNN model. The difference in the
total training time (15 epochs) between the fastest and longest CNN model was only 16 s. As the
result of comparing the performance of CNN models with different structures, the last neural
network model containing image augmentation layers and a dropout layer was selected, since this
one achieved maximum accuracy with a relatively low loss value. Figure 3 shows the learning curves

for this model on the training and validation sets.
a) b)

—— Training cross-entropy loss
Validation cross-entropy loss

Accuracy

0.70 1 —— Training accuracy
Validation accuracy

1 2 3 a4 3 6 7 8 9 10 11 12 13 14 13 1 2 3 4 3 6 7 8 9 10 11 12 13 14 15
Epoch Epoch
Figure 3. The change of accuracy (a) and cross-entropy loss (b) versus epoch values during network
training and validation.

The architecture of the proposed CNN model for scalogram classification of currents in
autotransformer neutral is illustrated in Figure 4. It consists of four convolutional layers, four max
pooling layers, dropout layer, flatten layer, and two fully connected layers. Each convolutional layer
and the first fully connected layer are accompanied by a ReLU activation function, which is used to
provide an efficient training performance. The kernel size of each subsequent convolutional layer is
reduced, making it possible to extract local features from images at different filter scales. Since our
goal is binary classification, the number of neurons in the last layer is equal to 1. The sigmoid function
was chosen as the activation function for the output layer because its use reduces the output to a
value from 0 to 1 representing the probability. A binary cross-entropy loss is used to calculate the
discrepancy between the predicted and actual value. The loss function is purpose-built for binary
classifiers. The rate for the dropout layer is set to 0.5 which means that half of the units are randomly
ignored during model training. The layers listed above are preceded by preprocessing layers, which
are used to generate additional training images by augmenting existing examples. The random
augmentation transforms that were applied are reflection (‘horizontal’), rotation (set to 0.01) and
zoom (height factor set to (-0.001, -0.1), width factor set to (-0.01, -0.6)). Data augmentation was
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employed to improve the generalization of the proposed CNN model. The Adam (Adaptive Moment
Estimation) learning algorithm [36] was used as an optimizer, the learning rate of which was set to
0.0001. This is a popular alternative for the classical stochastic gradient descent process because it
automatically tunes itself and achieves good results fast. The learning rate is an important parameter
for neural networks, and controls the adjustment of weights at each iteration, taking into account the
loss function. Small values of this parameter increase the accuracy of the algorithm’s tuning and
potentially reduce the training error.

Inputimage  Preprocessing Feature extractor Classifier Qutput

Conv-1 Conv-2 Conv-3 Conv-4 I~ FC1

CIC { quiet hour

RantomFlip = *harizantal’ L))
RancomRatation = .01 | ]
RancomZoom = height_factar(-0.001, 0.1}

width_factor(-0.01. -0.6)

115488,1]

F Comvolulian + ReLU h Wax pooling . rapaut Sigmoid Funclion GO = OO Fiatten [OOT=T00) Fully connected + ReLU

Figure 4. Architecture of proposed CNN for GIC classification in autotransformer neutral.

5. Conclusions

This paper proposes a method for GICs detection in neutral current of autotransformer based
on continuous wavelet transform and convolutional neural network. Although similar researches
have been performed in the past, the paper is the first to propose an analysis of data of currents in
autotransformers neutrals from operating substations in northwestern Russia, based on binary
classification of current scalograms. To train the CNN model, a dataset containing 800 scalogram
images of two classes: GIC and geomagnetically quiet hours was created. As the result of comparing
the performance of four CNNs with different architectures, a model that showed excellent GIC
classification performance on the validation set (100.00% accuracy and loss of 0.0115) was chosen.
The proposed CNN model, in addition to the main layers, includes preprocessing layers and dropout
layer. During further research it is planned to analyze 12 years of data from the GIC monitoring
system using the proposed CNN-based classifier to identify lines sections that are most affected by
geomagnetic disturbances, as well as to develop measures to protect equipment from the GICs
influence.
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