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ARTICLE INFO ABSTRACT

Keywords: Schumann Resonance (SR) represents a set of very weak signals formed by the electromagnetic wave propa-
Deep learning gation along the Earth-ionosphere cavity. Traditionally, SR studies have focused on extracting only their first
Autoencoder

mode using the average frequency spectrum over long segments. However, advances in sensor technology and
digitalization now allow for the analysis of multiple modes, which can significantly enhance our understanding
and characterization of SR signals. Even in this context, standard techniques, such as Lorentzian Curve Fit (LCF),
often fail to retain the characteristics of the signal when the multiple modes are included, especially under harsh
weather conditions. This limitation arises from the mathematical challenges of fitting procedures over noisy,
highly variable signals, which become more pronounced when extracting more than three modes. In this paper,
we put forward a solution to this problem. Its novelty stems from a Deep Learning (DL) methodology based on
three different autoencoder strategies and two learning schemes to denoise signals, handle multiple SR modes
simultaneously, while adapt to their non-stationarity and variability. The results demonstrate that the DL model
achieves high performance even when fitting a Lorentzian function is impossible, by effectively extracting multi-
ple SR modes under challenging conditions. This outcome provides compelling evidence for further investigation
into the use of DL data reduction techniques for analyzing SR signals.

Convolutional neural network
Schumann resonance
Extremely low frequency
Lorentzian fit

1. Introduction specifically DL, to improve the traditional SR methodologies. To the best

of our knowledge, no previous study has applied DL techniques directly

SR (Schumann, 1952) is composed of very weak electromagnetic sig-
nals resulting from the propagation of the corresponding waves within
the Earth-ionosphere cavity. In addition to gaining insight into its be-
havior, in the last few years, SR has been attracting increasing interest in
its connection with other natural phenomena, further affecting human
lives and systems (Hetita et al., 2022). The relationship with lightning
discharges has been widely investigated because it is the primary source
of energy dissipated by the SR. Another main area of interest is the us-
age of SR experimental data in their potential relationship to seismic
activity.

On the expert system side, since its advent, DL has multiplied its
popularity in various areas of application. The particular use of DL for
signal processing has also been gaining a lot of attention. Such research
works point out the possibility of using advanced computing algorithms,
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to SR signals—either for signal processing or information extraction. In
our recent work (Cano-Domingo et al., 2022), an initial step is taken
by extracting a large set of time-domain characteristics from SR tran-
sient events (rather than frequency-domain registers) to serve as input
for subsequent machine learning or DL models; nevertheless, that con-
tribution is limited to the feature extraction stage.

The traditional or adapted LCF approaches to SR fight intensely with
its weak and noisy signals, with overlapping spectral lines for multiple-
mode analysis, and with a non-stationary and highly variable behavior
in these signals. This research gap is what we intend to fill with the
current approach.

The global hypothesis of this paper is that we assume that the LCF
function performs in very good terms when it comes to a SR register with
a small quantity of noise. In that case, both the frequencies extracted and
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\begin {equation}\label {eq_lorentz} L(t) = \sum _{i=1}^{i=n}\left ( \frac {Amplitude_{i}}{1+\left (\frac {(t-Center_{i})}{Width_{i}}\right )^{2} }\right )\end {equation}
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\begin {equation}\label {eq_flops_conv} \text {FLOPS}_{conv} \approx 2 \times C_{in} \times C_{out} \times K \times \frac {N}{S},\end {equation}
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\begin {equation}\label {eq_flops_vq} \text {FLOPS}_{vq} \approx 2 \times (\text {batch}\_\text {size} \times L \times D \times E),\end {equation}
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the output characterize the SR in an extremely precise way. However,
when the SR raw signal is not clear enough, the extracted values and
the LCF curve cannot be considered as an accurate representation of the
real SR signal.

The proposed DL methodology exploits the assumption that all
Extremely Low Frequency (ELF) registers comprise the true SR signal.
It is thus supposed that the system learns from an utterly representative
sample space of all types of SR signals, although only ELF registers with
low noise have been considered for the training part. These registers can
be perfectly labeled, frequencies extracted and LCF curve obtained, and
then fed to the DL model.

It may be thought that the use of a deep regression would be enough
for the purpose of this research. Nevertheless, the frequency regression
has to be applied to a processed version of the input, in which the main
features remain available, even where there has been a substantial re-
duction of inherent variability. This is why we put forward a novel
AutoEncoder (AE) scheme, where the learned space is utilized to extract
the central characteristics of the output.

This study therefore has two main objectives. The primary step is the
development of a DL framework applied for the SR. Secondly, we take a
fresh look at the procedure for the extraction of central frequencies for
SR, focusing on a new methodology that does not need a middle stage
as the LCF. In this respect, we introduce a novel component of the loss
function that minimizes the error between the estimate and the real LCF.

The originality of the proposed DL approach thus comes from sev-
eral facets. First, DL models, particularly AE, can learn to denoise sig-
nals and extract underlying patterns despite high noise levels. Second,
the methodology can handle multiple resonance modes simultaneously,
effectively disentangling overlapping spectral features without the need
for separate fitting procedures for each mode. Third, a DL model can
capture temporal dynamics and adapt to non-stationary behavior in the
data, improving the accuracy of feature extraction over varying condi-
tions. Last, but not least, the approach reduces the need for manual sam-
ple discarding by effectively processing data segments, previously unus-
able due to noise and variability. Furthermore, a recent study (Oppliger
et al., 2024) demonstrates the effectiveness of using a deep Artificial
Neural Network (ANN) to denoise very weak signals in the context of
X-ray diffraction, suggesting that similar techniques could be beneficial
for SR signal analysis.

This paper is organized as follows. Section 2 positions the current
research in the literature context. The novel features of the approach
are highlighted in Section 3. Section 4 describes the methodology em-
ployed, focusing on the description of the three DL AE methods and the
two options to learn the reconstruction part. It also provides a descrip-
tion of the data set utilized, as well as an estimate of the computational
complexity of the approach. The results, along with their interpretation,
are presented in Section 5. Section 6 compares the proposed technique
with a direct Convolutional Neural Network (CNN) model application
on the samples. An overall discussion on the approach, with its limita-
tions and possible applications, is presented in Section 7. Conclusions
are drawn in the final section.

2. Related work

Since the discovery of SR around 70 years ago, many studies (Kud-
intseva et al., 2018; Perotoni, 2018) have developed a theoretical frame-
work for its characterization. Bozoki et al. (2021) explored electromag-
netic simulations with promising results. The examination of regular
variations in SR intensity and frequency in different locations was car-
ried out with a similar approach in Spain (Cano-Domingo et al., 2021),
Greece (Tatsis et al., 2021) and the UK (Pizzuti et al., 2022).

Regarding the SR relationship with natural phenomena, Tatsis et al.
(2021) studied the effect of lightning activity in a single observatory
located in Greece, while Koloskov et al. (2020) examined 10 years of
measurements using two distant observatories (Arctic and Antarctic).
Boldi et al. (2018) reconstructed lightning activity using SR experimen-
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tal data. Figueredo et al. (2021) highlighted the association between SR
registers and large earthquakes in Mexico, using a signal time window
surrounding the occurrence of the event. Hayakawa et al. (2021) also
studied the connection of the SR signal with two massive earthquakes
in Japan. An analysis model of SR related to earthquakes (Galuk et al.,
2020) reveals causative modifications in the spectra.

Classical studies on SR have primarily focused on analyzing the first
resonance mode, due to technological limitations in sensor sensitivity
and data processing capabilities. Recent advances in sensor systems and
digital tools have enabled the investigation of additional modes, leading
to significant findings that support previously hypothesized relations
with phenomena such as transient luminous effects (Qiu et al., 2024),
volcanic activity (Shvets et al., 2024), and earthquakes (Contopoulos
et al., 2024).

However, the methods used to extract the main characteristics of
the SR signal are still based on traditional techniques, notably the LCF
applied to aggregated frequency transformations over periods of 10
or 30 min. The LCF algorithm faces nevertheless significant challenges
when dealing with SR data due to a number of impediments. SR signals
are inherently weak and susceptible to various sources of noise, includ-
ing atmospheric disturbances and instrumentation. The LCF struggles
to accurately fit the resonance peaks when the signal-to-noise ratio is
low, often leading to unreliable or invalid results. In addition, as more
resonance modes are analyzed, the overlying of spectral lines becomes
more pronounced, complicating the fitting process. Rodriguez-Camacho
et al. (2022) showed that the LCF was thus less effective when multi-
ple modes were present, especially beyond the first three, because of
increased peak broadening and overlap. SR signals also exhibit high
variability and non-stationary behavior over time (Nickolaenko et al.,
2024), influenced by factors such as diurnal cycles and weather condi-
tions. The LCF conversely assumes a stationary signal over the aggrega-
tion period, which may not hold true, leading to inaccuracies. Due to
these constraints, certain data segments cannot be effectively analyzed
using LCF and must be manually discarded. This reduces the amount of
usable data and may exclude important information related to specific
geophysical events.

All these limitations consequently hinder the ability to fully utilize
the available SR data, especially when attempting to study correlations
with other phenomena under noisy conditions. On the other hand, DL
has been successfully employed in numerous signal processing tasks.
Purwins et al. (2019) reviewed DL models for audio processing, in rela-
tion to speech, music and environmental sound detection and synthesis.
Fime et al. (2024) predicted danger from audio signals of Android us-
ing several noise reduction techniques in combination with various CNN
and transformer models. A deep ANN (Pamukti et al., 2024) assesses the
curvature of a bent optical fiber. A CNN model (Ribeiro et al., 2020) an-
alyzes ECG signals to recognize several types of cardiological abnormali-
ties. Another CNN architecture (Ganguly & Dey, 2024) also inspects ECG
signals for the detection of sleep apnea. A CNN - LSTM (Stoean et al.,
2020) diagnoses presymptomatic cases of spinocerebellar ataxia from
EOG signals. DL also emerges as a natural solution to improve feature
extraction (Gao et al., 2023; Kim et al., 2023; Yang et al., 2019), when
classical methodologies struggle to operate, particularly in the presence
of noisy and complex data. With the support of DL techniques, we aim
to address the specific challenges of the LCF algorithm by providing a
more robust and automated method for extracting characteristics from
weak and noisy SR signals.

The use of LCF as part of the methodology (Cano-Domingo et al.,
2021, 2023; Guha et al., 2017; Tatsis et al.,, 2021) allows a global
comparison between experimental data in different locations. However,
some preliminary work to improve the performance of this algorithm
was performed several years ago. In this sense, Mushtak and Williams
(2009) developed an improved version of the LCF and Ondraskova and
Sevéik (2014) created a complex demodulation algorithm. Although
these approaches are interesting, they could not overcome the problems
related to the extreme variability of the signal, the intense noise in the
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ELF band, and also the mathematical problems of any fitting procedure
(Maddams, 1980).

Therefore, the incorporation of a DL model into SR signal processing
is expected to overcome the limitations of traditional LCF methods, im-
prove the extraction of meaningful features from the data, and enable
the analysis of previously unusable segments. This enhancement could
lead to a better understanding and characterization of SR signals and
their correlations with various geophysical phenomena.

The AE (Li et al., 2023) we use as the backbone of our methodology
is an ANN that is used to learn efficient encodings of unlabeled data.
The architecture is trained using the same signal in the input as in the
desired output. The system reduces the dimension of the signal to cod-
ify the most useful information in a learned space. The cost function
mainly comprises the error between the system input (expected output)
and the decoded output. Therefore, the AE is forced to restore the in-
put with a reduced dimension number, typically at least 20 times less.
AE has demonstrated promising results for denoising purposes, e.g., in
ultrasound signals (Gao et al., 2020), radar signals (Qu et al., 2019),
PPG signals (Mohagheghian et al., 2024) and spatiotemporal features
in videos (Ul Amin et al., 2024). In the Variational AutoEncoder (VAE)
version, the learned space is composed of a predefined probabilistic dis-
tribution for every input, instead of values, in order to address the prob-
lem with a non-regularized latent space. Because most of the objects in
the real world are discrete, the Vector Quantised Variational AutoEn-
coder (VQVAE) version uses a discrete set of values for the latent space
representation.

The advantages of proposed work over the existing body of con-
nected literature thus stem from several novel mechanisms. First, the
paper presents a fresh, independent approach to SR, as compared to tra-
ditional single and hybridized LCF. Second, the procedure offers a more
effective way to handle noise, superimposed spectral lines, as well as
variability and non-stationarity in signals. Finally, an embedded AE in
three variants is used to compress the signal and a new loss function to
integrate all six SR modes is adopted.

3. Problem statement

The most studied information about SR considers the central fre-
quency values and their corresponding intensity values in the frequency
spectrum. Several methods have been proposed to reduce signal noise
and extract these features from the signal. The main problem is not only
the extremely low intensity of the electromagnetic field, but also the
high intrinsic variability of the SR signal.

It is widely considered that the LCF is the most convenient algorithm
to extract these parameters (Price, 2016). Its application in SR was first
proposed in (Sentman, 1987) (Eq. (1)):

i=n

L(t) = Z

2
i=1 (t—Center;)
1+ ( Width;

Amplitude;
- (€))

where L(7) represents the sum of the Lorentzian curves, Amplitude;
stands for the highest value of each Lorentzian peak, Center; is the off-
set between zero and the center of each Lorentzian peak and Widrh,
represents the range of the peak.

The LCF algorithm is a nonlinear curve fitting method that in-
volves adjusting a sum of multiple Lorentzian functions to the SR spec-
trum. Specifically, as shown in Eq. (1), the method fits the sum of six
Lorentzian curves, each representing one of the SR modes. This approach
inherently accounts for the nonlinear nature of the signal by simultane-
ously adjusting the parameters of all six Lorentzian peaks to best fit the
observed data.

In our study, we propose to design an AE to learn the underlying
behavior of the SR signals from clear registers and apply this learned
pattern to enhance non-ideal, noisy registers. To improve the ability of
the model to extract the Lorentzian peaks present in SR signals, we in-
corporate a regression layer into the AE architecture. This additional

Expert Systems With Applications 293 (2025) 128681

layer enriches the latent representation by explicitly encoding informa-
tion related to the peak characteristics, improving the model’s capacity
to reconstruct the signals and accurately capture important resonance
features.

The loss function used during training combines reconstruction and
regression losses. The reconstruction loss, calculated using the average
squared difference, ensures an accurate reproduction of the input signal,
effectively denoising it. The regression loss penalizes deviations in the
predicted Lorentzian peak parameters, guiding the model to robustly ex-
tract these specific resonance features. This combined loss function en-
ables the model to denoise the signal while retaining critical resonance
information.

Rather than integrating directly with the traditional LCF algorithm,
our DL model serves as an alternative. The AE learns to reconstruct the
resonance modes without explicitly fitting Lorentzian curves, addressing
the difficulties faced by LCF in handling weak and noisy signals. This
approach provides a more robust means of analyzing SR data, especially
in scenarios where traditional fitting methods struggle due to high noise
levels or the presence of multiple overlapping modes.

We use high-quality, low-noise SR data to train and evaluate the
performance of the proposed DL model. As will be shown in Section 4,
the data set is prepared following established procedures, applying the
preprocessing pipeline associated with each measurement station and
adapting it to the model requirements, such as scaling and fixing dimen-
sions. This approach ensures that the data set adequately represents the
diversity of SR patterns necessary for effective training.

The model is calibrated using an automatic hyperparameter tun-
ing optimizer. Various architectures and configurations are compared
to identify the most successful. Alternative loss functions are consid-
ered during the optimization process, to establish the one that enhances
model performance. The finally obtained values are given in Section 4.

To clarify the logical flow of this contribution, Fig. 1 condenses
the complete processing chain into six conceptual steps. First, the raw
SR signal register delivers a 256-point frequency register vector (red
frame). Second, the convolutional encoder (green left funnel) com-
presses the 256-D frequency register to a 10-dimensional latent vector.
Third, in the latent bottleneck, the central block shows that the same
encoder—decoder skeleton can host a plain AE, a VAE, or a VQVAE.
Fourth, the convolutional decoder (green right funnel) inflates the la-
tent vector back to a 256-D spectrum. Two mutually exclusive heads
are shown: Lorentz reconstruction (blue frame), which is used when
the network is trained to reproduce a perfectly denoised Lorentzian fit
(ideal for learning peak geometry) and raw reconstruction (red frame)
that lets the network learn a noise-tolerant auto-encoding directly in the
measurement space. Fifth, the frequency-regression branch (yellow
diamond) taps the latent space with a fully connected head that simulta-
neously regresses the six mode centers { f|, ..., f¢}. This term sets a sec-
ond objective in the loss function Eq. (2), forcing the bottleneck to keep
physically meaningful information. Eventually, sample selection (bot-
tom left) illustrates the training sets: the 70 % clearest segments train
the autoencoder, where the frequency values are correctly extracted us-
ing the LCF, while the remaining 30 % noisy spectra are considered to
test the generalization of the model.

Altogether, the diagram shows explicitly how the proposed archi-
tecture encodes even heavily corrupted spectra into a compact physics-
aware latent space, how either a pristine Lorentzian profile or the best
possible cleaned version of the raw data is reconstructed and how re-
gression takes place for all six resonance frequencies in a single forward
pass.

4. Materials and methods

The proposed methodology is based on the use of an AE to recon-
struct the original signal, while decreasing its variability by dimension-
ality reduction in a learned space. The original AE architecture has been
modified to reinforce the process of extracting the central SR modes. The
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Fig. 1. End-to-end workflow of the proposed hybrid deep-learning solution for SR encoding analysis.

methodology uses the ELF low-noise registers as the training data set. In
these registers, the LCF has been demonstrated to be an almost perfect
representation of the SR signal. Therefore, the central frequency values
and the LCF are considered ground truth for training purposes. The hy-
perparameters are obtained by an automatic tool, and all the inputs are
normalized.

This research is based on the study of six different approaches for
implementing a modified AE methodology. The input of the network is
common for all the six versions, which is the raw input. For the output,
two different strategies have been performed: the first is the classical
AE, with the raw SR spectrum; the second is the usage of the LCF for
reconstructing the signal.

4.1. Architecture

A diagram of the general architecture can be seen in Fig. 2. Its flow
can be described algorithmically through the following steps. On the left
side, the raw input, common for all variations in this research, composed
of 256 values, is passed to a CNN encoder, which leads to a recognition
of the different shapes in the signal. The CNN encoder is then made up
of three hidden layers. The first reduces the input to a vector of 128
components with 16 channels; the next reduces the length to 64 compo-
nents and increases the number of channels to 32; the last convolutional
layer reduces the length to 32 components and increases the number of
channels to 64. The output of the last convolutional layer is flattened
to 2048 units (32-component vector with 64 channels). The upcoming
central stage is the learned space, with a fully connected layer that is
linked to the learned previous layer and another dense one which is
connected with the decoder. The learned space is composed of 10 units.
Three different AE architectures are evaluated to explore a variation of
the performance with distinct behaviors. The right part of the diagram
subsequently displays the decoder. This part is just the complementary
model of the encoder. It takes the learned space vector to reconstruct
to 64 channels of 32 positions and decode a 256-length vector through
three CNN layers. The right layer depends on the architecture, as ex-
plained before: Raw for reconstructing or Lorentz to allow more flexi-
bility. Finally, on the bottom part of the figure it can be seen that this
methodology adds a deep regression part in order to take into consid-
eration the central frequency values from the LCF. The aim is to force
the learned space to represent the central frequency modes. This part is
composed of three layers, first the input one, the hidden layer with 128
neurons, and the output layer with six neurons, one for each SR mode
present in the SR registers.

The learning algorithm consists of minimizing the loss function asso-
ciated with each of the three architectures: AE, VAE, VQVAE. The three
designs have within their loss function the L, and L 7, although

the specific implementation depends on the nature of the architecture.
The former is related to the Root Mean Squared Error (RMSE) between
the expected output and the decoder output, whereas the latter is the
added regression loss, calculated following Eq. (2), where f; stands for
the Lorentz-extracted frequency, f; is the decoded frequency value and
f,. is the averaged value of the central frequency associated to each SR
mode. This term is included in order to normalize the importance of the
six components. k is the weight for the loss, in order to obey the same
value interval. For the sake of clarity, the SR mode can be seen as a small
peak with a bandwidth, a peak intensity value and a central frequency.
In this case, we are interested in estimating just the central peak value.

6 ~
Lfreqzk'z(g> (2)
i=1 fl'

The complete loss functions for the three DL models are:

(A) AE: standard loss function with the aggregated regression loss term
- LAE = Lreconstmct + Lfreq'

(B) VAE: add the Kullback-Leibler divergence as L,y qizing> SUch that
the latent space is distributed continuously, and penalize when not
normal distribution.

(C) VQVAE: add the L, to get the chosen codebook vector as close
to the encoder output as possible, and the Lsg (stop gradient), to
force the encoder output to commit to its closest codebook vector
as much as possible. A full explanation of this can be found in Wu
and Flierl (2020).

To provide a mechanism for denoising the signal, we have presented
possible alternatives for the output: to reconstruct the decoded output
from the original raw SR signal (1) or to reconstruct it using the estimate
LCF (2) (Fig. 2). The LCF has the advantage of allowing the model to
learn from a perfectly denoised representation, but could lead to over-
fitting.

4.2. Data

The SR data were obtained from our station located in Sierra de
Filabres (Lat. 37.1, Long —2.6), province of Almeria (Spain) (Cano-
Domingo et al., 2021; Gazquez Parra et al., 2015). The observatory can
capture the two orthogonal magnetic fields; however, only the NS is
considered, such as to ensure the homogeneity of the data. The samples
were collected over five years, from the 1st of January 2016 to the 31st
of December 2020. The final amount of SR registers is 79281. The data
comprise the raw signal, the LCF, and the extracted central frequency
value for each SR mode.
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Fig. 2. General model of the DL methodology used in this study. Different AE versions are used to compare its performance: (A) AE, (B) VAE, (C) or VQVAE. The

output can be: (1) Raw signal or (2) Lorentz signal.

Two processes have been employed to select the data set. First,
we use a reject filter presented in the previously commented research
(Cano-Domingo et al., 2021) and also a variability metric focused on
the frequencies between 6 Hz and 42 Hz. Second, the data are organized
in three different groups. For training purposes, the best-labeled set is
chosen. It means taking the registers not rejected by the filter and the
ones with Lorentz performance higher than 90 %, leading to 40,671 in-
puts. The second group is used for validation, consisting of the rejected
registers. The rejected register group is made up of 34,090 inputs. The
last group consists of all the SR input available, to analyze an overall
performance. Therefore, the total number of inputs is 79,281.

4.3. Computational and algorithmic complexity

Our framework heavily relies on convolution-based encoders and

decoders, as implemented in our three architectures (AE, VAE, and
VQVAE). Most of the computational cost arises from these convolu-
tional operations. Specifically, for a one-dimensional input signal of
length N = 256 that passes through three convolutional layers (each ap-
proximately halving the spatial dimension by using a stride of 2), the
complexity per convolutional layer can be expressed in terms of FLOPS
(Floating-Point Operations) as in Eq. (3):
FLOPS,,,, # 2% C;, X C,,, X K X % 3)
where C;, and C,,, represent the input and output channels, K is the ker-
nel size, N is the length of the input, and S is the stride used. The factor
2 accounts for multiplications and additions per convolution. In our con-
figuration, we use three convolutional layers with moderate channel ex-
pansions: from 1 to 16, from 16 to 32, and from 32 to 64 channels. With
strides of 2, the computational complexity remains manageable, typi-
cally resulting in millions of FLOPS per forward pass, comfortably han-
dled by modern GPUs. For the VQ-VAE, an additional complexity arises
from the vector quantization step, involving the calculation of pairwise
distances between encoder outputs and embedding vectors. This com-
plexity is given by Eq. (4):

FLOPS,,, ~ 2 x (batch_size X L X D X E), 4)

where L is the latent spatial dimension after convolution, D is the em-
bedding dimension (16 < D < 64), and E is the number of embeddings
(128 < E < 512). Again, these values are selected to keep computational
overhead within feasible limits. In the case of the VAE, the latent sam-
pling operation (reparameterization trick) involves negligible overhead
compared to convolutions, being primarily composed of simple element-
wise operations (Eq. (5)):

FLOPS ~ O(batch_size x latent_dim). 5)

vae_sampling

Overall, the primary computational load is driven by convolutional op-
erations, typically resulting in a total complexity of tens to hundreds
of millions of FLOPS per forward pass, depending on precise network
hyperparameters. With current GPU hardware capable of achieving
TFLOPS (trillions of FLOPS), the proposed models allow efficient train-
ing and inference, even for large-scale deployments.

5. Results

In this section, we present a set of results to show the performance of
our algorithm. First, three particular cases are presented as a represen-
tation of the DL performance over a SR register with different levels of
noise. Subsequently, a brief comparison between the RMSE for every DL
model is conducted. The next part analyses the frequency mode distribu-
tion of the LCF and also for each of the DL algorithms. A special mention
will be made to a quantitative likelihood analysis between the selected
and non-selected registers. Finally, a comparison between the diurnal
SR patterns obtained from two DL models and the LCF is discussed. A
detailed description of the experiments can be found at the public Git
repository: https://github.com/carloscanodomingo/SR_encoder

5.1. Outcome

In Fig. 3, three SR registers used by the six DL. models can be seen. For
the sake of comprehensibility, we have separated the three DL models
which use the Lorentz signal as output, in the top row, from the other
three that use the Raw one, in the bottom row.

The left column represents a SR register with low noise. In this case,
the Lorentz function can fit the signal entirely, and also, the DL Lorentz
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methods perform in a very similar way in terms of the position of the
peaks. Equivalently, when it comes to the raw DL models, the positions
of the peaks are also very similar to the ones of the original signal.
The central column shows an additional standard SR register, with a
substantial level of noise, but the result of the LCF fulfils the required
performance. Although the Lorentz DL models show slight differences
between the three reconstruction signals, it is seen that the peaks are
located very close to the LCF ones. It can be noticed that the main dis-
crepancy is found with the VQVAE Lorentz model. The raw DL models
also show a compelling performance. It is possible to see that the 10Hz
noisy peak in the input is ignored by the three models in the decoded
signal. Furthermore, most of the noise contained in the input signal is
not present in the output. This effect is possibly due to the dimension-
ality reduction performed within the learned space layer, as the system

leaves the noise variability out from the encoding. It may be observed
that the VQVAE model fit performance is substantially lower than that
of the other two models. The 5th mode also shows higher error than
the rest. However, this effect is also noticeable using the Lorentz pro-
cess. The right column shows an extremely noisy SR register. One can
observe that the noise level makes it exceedingly difficult in this case
to fit a Lorentz curve. As mentioned previously, the fitting mathemati-
cal procedure misestimates the SR signal completely. Not only the first
mode has been incorrectly located very close to 10 Hz but also the 4th
SR mode has not even been identified. The result for the DL models
shows noteworthy improvements over the LCF. The three can locate the
six peaks, and the decoded signal is more plausible than in the LCF. It
is possible to observe that the VAE performs considerably better than
the rest, remarkably similar to a SR register with no noise. On the con-
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Fig. 4. Frequency and decoded signal DL output for an average noisy register. Black lines: frequency extracted by the LCF.

trary, the VQVAE Lorentz shows a very irregular pattern. Apart from the
VQVAE, the raw DL models have encouraging results. Both the VAE and
AE can reduce the noise level of the original signal and reconstruct a
more likely SR register than the LCF. Although the peaks in the raw sig-
nal are barely discernible, excluding the first mode reveals a consistent
pattern between this signal and the two aforementioned DL models. The
results show very similar behavior to the LCF when the noise level is not
exceptionally high. On the other hand, when the noise level is relevant
enough, the DL algorithms provide a noticeable improvement over the
fitting procedure. A clear conclusion that emerges is that, considering
that a strong level of noise is present in around 40 % of our SR registers,
the employment of the DL methods becomes very relevant.

The frequency estimated for the average noisy register along with
the decoded signal of each of the DL models can be observed in Fig. 4.
The frequency result is also present in Table 1. It can be seen that there

Table 1
Frequency summary of the six DL models applied to an average noisy
register and LCF as the reference.

RAW LORENTZ
LCF AE VAE VQVAE AE VAE VQVAE

SR1 7.55 7.6 7.67 7.65 7.52 7.61 7.56

SR 2 14.20 14.2 14.21 14.22 14.23 14.17 14.18
SR 3 21.05 21.0 21.00 21.06 20.99 20.83 21.00
SR 4 27.55 27.5 27.58 27.53 27.36 27.39 27.44
SR 5 31.05 30.9 31.29 31.38 31.52 31.31 31.21
SR 6 40.15 40.0 39.95 39.97 40.00  40.22 40.03

are no substantial differences between the six SR modes with respect
to the reference value (in the corresponding column). These results are
consistent with the DL methodology presented. A substantial amount
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of average noisy SR registers is present in the input data set. Therefore,
the DL algorithm has effectively learned to extract the frequency even in
the presence of considerable noise, producing results that closely match
those obtained by the Lorentz algorithm. Since the Lorentz algorithm
provides values that accurately represent the true characteristics of the
SR, this close match indicates that the DL outputs are also a true repre-
sentation of the real nature of the SR.

A completely different behavior can be seen in Fig. 5. In this case,
the noise level is extremely high compared to the signal. It is impor-
tant to mention the level of noise around the 1st SR mode and the low
level of the signal in the peaks associated with the 4th and 5th modes.
Table 2 shows the estimated and reference frequencies. In the first mode,
the LCF captures a value of 8.25 Hz, which seems considerably far from
the typical results obtained in our observatory. At the same time, almost
all the DL models extract a value closer to the usual register and are also

Table 2
Frequency summary of the six DL models applied to an extremely noisy
register and LCF as the reference.

RAW LORENTZ
LCF AE VAE VQVAE AE VAE VQVAE
SR1 825 817 7.82 8.04 7.77 7.85 7.89

SR 2 14.05 14.04 14.08 13.99 14.04 14.05 13.95
SR 3 20.00 20.21 20.08 20.18 20.12 20.09 20.27
SR 4 25.50 26.54 26.42 26.47 26.44 26.32 26.49
SR 5 32.45 32.31 31.49 31.97 32.66 32.99 31.83
SR 6 36.30  40.05 39.33 40.02 40.28 40.30 38.72

consistent with the visual inspection of the raw data. The 2nd and 3rd
SR modes are almost equal along DL models and LCF. The behavior of
the 4th mode is completely different. There is a considerable consen-
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sus between the DL methods, with slight differences among them; all
are around 26.5 Hz. However, the LCF has extracted a value of 25.50 Hz,
which is not correct in light of the typical values of the 4th mode and also
from the visual observation of the raw signal. It can be explained by the
fact that the raw signal has a strong level of noise around the 25 Hz and
the peaks are almost indiscernible, so that any noisy little peak can be
considered as the LCF peak by the fit procedure. The 5th mode does not
show substantial differences either with the LCF or among the DL mod-
els, due to the prominence of this peak in the raw signal. On the other
hand, the 6th mode presents a typical problem using a fit procedure; the
RMSE is not taken into account properly because of the relatively low
value of the signal in this part. The fit algorithm has chosen a value that
minimizes the overall error, but not this mode. The LCF extracts a fre-
quency of 36.30 Hz while the DL models are around 40 Hz. The Lorentz
value is utterly inaccurate, as can be seen in the raw signal, but the DL
method can obtain a very plausible SR decoded segment, even in this
6th SR mode.

5.2. Interpretation

In view of the above results for the six SR modes, it is crucial to notice
that the decoded values of the AE and VAE are considerably higher than
those present in the raw signal. In contrast, the VQVAE model follows
the raw signal almost perfectly. Another important insight of this result
is the capability of the DL models to improve the LCF extraction proce-
dure. Even if the six models have different approaches to reconstructing
and estimating the peak frequencies, there are promising outcomes in
all of them.

With respect to the RMSE of each architecture, Fig. 6 shows the dif-
ferences between the estimated central frequency value extracted by the
LCF and the frequency output of the DL models. It is possible to observe
that the VAE and VQVAE perform better when the noise level is consid-
erable. In the bottom row of Fig. 6, the result for the Selected Registers
is shown. In general, it can be seen that the VAE models obtain higher
RMSE than the rest, which could be motivated by the randomization of
the latent space that can be seen as a generalization. It can be noticed
that the AE algorithm gets the best results for the 2nd, 3rd and 4th and
the VQVAE in the rest of the modes. This can be explained by the fact
that the 2nd, 3rd and 4th are usually prominence peaks, while the oth-
ers often have a high part of the noise, which can be a sign of the lack
of generalization for AE. This hypothesis is also supported by the RMSE
in the top row. In this row (non-selected patterns), the AE algorithm
performs worse than the rest of the DL models. Strikingly, the result for
the VAE Raw shows the best performance in several modes, and this

is especially relevant for the first mode. As it happens for the Selected
registers, the VQVAE shows the best results in the 5th and 6th modes.
It is important to remark that the RMSE values for the non-selected reg-
isters cannot be considered as a reference, but can be seen as a good
indicator.

In order to evaluate the accuracy of the DL methodology, we have
summarized the frequency distribution of the six SR modes using the
LCF (Fig. 7). For each SR mode, the two distributions are represented
together. The distributions for all registers (selected and non-selected)
are plotted in the outer area and with a strong color, while the distribu-
tions for only the selected ones are plotted in the inner area with a lighter
color. In line with the earlier results, the 1st, 5th and 6th modes present
a non-realistic pattern, completely unrelated to the selected ones. The
other modes do not show this great divergence, due to the previously
mentioned prominence of these peaks. The effect of the most relevant
criterion for rejecting a SR register can be seen in the 1st mode: All reg-
isters with an extracted 1st mode value outside the interval 7.5Hz and
8.2 Hz are not previously considered as valid SR registers.

In the following, we have evaluated quantitatively the similarity be-
tween the LCF for selected registers and the estimation for all registers
using the DL models by using the Kolmogorov-Smirnov (KS) test (Berger
& Zhou, 2014), where lower values represent a more likely common ori-
gin. This test measures if two samples could have been obtained from
the same distribution. For each mode, the LCF frequency in the selected
segments has been tested with the estimated output frequency of the
DL model considering all the registers. The results are summarized in
Table 3. The reference column represents the KS test between the LCF
output for all segments and the fit for the selected registers, which can
be considered as its performance.

A general improvement appears when using the DL models, particu-
larly relevant for the 1st mode, where all perform better than the LCF.
DL Raw models get a KS value around 0.08, substantially lower than
the DL Lorentz models with 0.11. Both are much better than the result
using the LCF, with a value of 0.22. This can also be observed through

Table 3
KS results for each DL model and SR mode.
RAW LORENTZ
Ref. AE VAE VQVAE AE VAE VQVAE

SR1 0.220 0.080 0.079 0.086 0.100 0.094 0.128
SR2 0.096 0.085 0.058 0.081 0.094 0.100 0.080
SR3 0.039 0.075 0.058 0.059 0.048 0.054 0.056
SR4 0.071 0.046 0.046 0.096 0.044 0.056 0.055
SR5 0.066 0.040 0.040 0.035 0.041 0.037 0.039
SR6 0.075 0.056 0.066 0.050 0.078 0.085 0.063
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the frequency distribution in Fig. 8(a). A fit curve has been included
to help with the comparison among the DL models. This curve is the
best Skew Normal Distribution (SND) fit to the selected LCF frequency
values. Compared to the LCF, the frequency distribution of the DL mod-
els is completely different for the non-selected, but very similar for the
selected ones.

The DL models applied for the 2nd, 4th, 5th and 6th modes perform
substantially better than the LCF. Commonly, for all modes, the VAE
Raw model obtains the best results. Surprisingly, no signs of improve-
ment were found for the 3rd SR mode. The frequency distribution of
each DL model can be seen in Fig. 8(b). As it can be deduced from the
figure, there are no relevant differences between the models, and also,
the data adjust almost entirely to a SND. It is also important to mention
that the value is considerably lower than for the rest of the modes in the
LCF column. The reason for this somewhat contradictory result is not
completely clear. However, two effects could explain it: one is the less
affected by noise lowest part of the spectrum, near 0 Hz, present in most
of the non-selected registers. Secondly, the magnetic field intensity de-
creases with the frequency in our experimental data, but it is still high
enough around 20 Hz, sometimes even higher than the magnetic field
intensity in the 2nd mode.

This result clearly shows that the critical error between the selected
registers and the non-selected ones using the LCF is located in the 1st
mode. However, by using the DL algorithm, the similitude between the
frequency values in the selected and non-selected registers can be dras-
tically reduced. It is essential to emphasize the importance of having a
processing tool that does not reject any of the SR registers.

Diurnal variations on SR frequency is a commonly studied event in
SR research. In this pattern, the frequency value is averaged for each
hour of the day. The regular differences among these 24-h evolutions in
different seasons are also well established. For validation, we included
the diurnal variation separated by season for all modes, Fig. 9.

For comparison purposes, we have chosen the two most promising
DL models, VAE Raw and VQVAE Lorentz, and the LCF. The frequency

10

values are separated by selected and non-selected registers. For all the
modes, the LCF in the selected registers performs outstandingly, with
very similar results to those obtained by other observatories presented
in the commented bibliography. It can also be observed that the three
models behave in an almost identical way in the selected rows - it is
hard to distinguish the lines between them.

In Fig. 9(a), the frequency diurnal variation of the first three modes
can be observed. For the 1st mode, it can be seen that the differences
between the selected and non-selected ones using the LCF are signifi-
cant. The selected are comprised in the interval (7.6-7.85), while the
non-selected expand the range to the interval (7.15-7.85). This lower
value cannot be plausible considering the results of other observatories.
The diurnal pattern obtained by the DL models shows a more likely vari-
ation, not only in terms of a more reduced interval, but also the shape of
the pattern is almost identical to the selected LCF, one for each season.
Although the two DL models show clear improvements, the VAE Raw
achieves a better resemblance with the selected pattern. For the 2nd
mode, the values are closer between the selected and non-selected reg-
isters. Nonetheless, the DL models obtain a more similar interval than
the LCF between the selected and non-selected registers. As noted in the
previous results, the 3rd mode characteristic allows the LCF to achieve
satisfactory outcomes even when the level of noise is relatively high.
Therefore, the results are very similar between the selected and non-
selected SR registers. The major improvement using the DL model can
be found focusing on the winter season. In this season, the values of the
LCF are in the interval 20 Hz to 20.45 Hz, whereas, in the non-selected
registers, the values are from 20 Hz to 20.35 Hz. This difference is also
followed by the VAE RAW model. Surprisingly, the VQVAE model con-
strains their variation to 20 Hz to 20.35 Hz as in that of the selected.

The 4th, 5th and 6th frequency diurnal variation can be found in
Fig. 9(b). It can be observed for the 4th and 5th mode that the major
differences between the LCF and the DL models are found in the winter
period. In this season, the values from the DL models seem to be more
in line with the rest of the year, whereas the LCF has a sharp difference
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Fig. 8. Best SND fit to the selected LCF frequency values versus DL output. (a) 1st SR mode, (b) 3rd SR mode.

from the previous and following season. For the 6th mode, the results
have to be taken cautiously due to two effects: the high level of noise
produced by the power lines and also due to the low level of magnetic
intensity in that frequency band. Nevertheless, the DL models perform
in a very similar way to the LCF. The most striking observation that
emerges from this mode is that, despite the problems involved, the sys-
tem can show substantially more minor differences between the selected
registers and the non-selected ones than the LCF.

11

6. Comparison to direct deep learning signal processing

To assess the effectiveness of our VAE-based algorithm beyond sim-
ple frequency prediction, we also compare it against a pure DL approach
that uses a CNN for frequency estimation. Unlike our proposed AE ap-
proach, which simultaneously learns to encode the signal and recon-
struct it, the CNN model focuses exclusively on predicting frequency
from the input signals. This comparison highlights the advantage of
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jointly learning signal representations (via reconstruction) rather than
optimizing solely for frequency prediction.

6.1. Experimental setup

We train a CNN on the same data set of low-noise signals originally
used for the AE training. Following standard practice for regression tasks
with this paradigm, the final layer outputs a single predicted frequency.
In opposition, our proposed VAE method learns a latent representation
while reconstructing the input signals. By preserving critical features
(including the frequency content) through reconstruction, the VAE ben-
efits from an additional objective beyond direct frequency regression,
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(a) ConvlD (Raw Input)

thereby making it more robust to noise. To evaluate generalization abil-
ity, we test both models on a highly noisy data set, which better rep-
resents the challenging real-world conditions that deviate substantially
from the low-noise domain of the training data.

6.2. Error comparison

We compare the model outputs against ground-truth frequencies us-
ing several criteria.

6.2.1. Distribution similarity
We examine how closely the predicted frequency distributions
match the true distribution. As illustrated in Fig. 10, the direct
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Fig. 10. Distribution of frequency estimations (LCF vs. CNN predictions). (a) uses the raw input signal, while (b) employs a Lorentz-based preprocessed input.
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Table 4

Comparison of KS statistics across architectures and input repre-

sentations.
SR MODE  VAE ConvlD-Raw  ConvlD-Lorentz  Ref.
SR1 0.094 0.243 0.360 0.220
SR2 0.100 0.271 0.142 0.096
SR3 0.054 0.163 0.169 0.039
SR4 0.056 0.129 0.141 0.071
SR5 0.037 0.241 0.150 0.066
SR6 0.085 0.382 0.362 0.075

frequency-estimation approach (CNN) appears to capture the overall fre-
quency distribution reasonably well. Between the two CNN variants —
one using raw data (Fig. 10(a)) and one using Lorentz-processed data
(Fig. 10(b) - the raw-data variant displays slightly less variability, sug-
gesting marginally better performance in certain regions.

6.2.2. Numerical metrics

Table 4 reports the Kolmogorov-Smirnov (KS) statistics for both CNN
variants (ConvlD-Raw and Conv1D-Lorentz), our VAE (LORENTZ) ap-
proach, and a reference (Ref.) method using a Lorentz curve fit. Lower
KS values indicate a closer match to the ground-truth distribution. Our
VAE achieves consistently low KS values across different scenarios,
demonstrating superior robustness in the presence of noise.

Our experiments indicate that training a CNN solely on low-noise
data restricts its ability to generalize to higher-noise environments. By
contrast, the VAE leverages a latent representation that must also re-
construct the original signal. This additional objective encourages the
model to learn more robust features, leading to improved performance
even under challenging conditions. Furthermore, the latent encoding de-
rived from the VAE offers valuable by-products for downstream tasks,
such as event detection, system-state characterization, or anomaly iden-
tification. While the CNN focuses exclusively on frequency prediction,
the VAE broader learned representation can thus serve multiple diag-
nostic and monitoring purposes. Hence, the VAE-based approach consis-
tently exhibits high fidelity across both optimal and worst-case scenar-
ios, surpassing purely frequency-focused CNN methods. These findings
underscore the importance of learning richer representations of the un-
derlying signal structure, rather than relying solely on direct frequency
regression.

7. Discussions

The general findings of the experiments following our initial assump-
tions are discussed in the following lines. In the second part of this sec-
tion, a projection of several practical areas for further application of the
generalizable proposed framework is also presented.

7.1. Limitations

One important restriction lies in our reliance on the LCF process to
generate the “ground truth” data for training and validation. Although
we adopt the VAE framework precisely because it can handle more vari-
ability and noise, our model’s performance ultimately depends on the
accuracy of these LCF-derived references during training. In scenarios
where the LCF fit is less reliable—even for moderate noise levels—its in-
accuracies can propagate through our pipeline, affecting both the latent
representation and the final frequency estimates.

A second limitation stems from the fact that SR stations can exhibit
distinctly different noise profiles, local interferences, and instrumenta-
tion setups. As a result, our current model requires station-specific fine-
tuning to adapt to each environment’s unique characteristics. While this
ensures more precise frequency extraction at each station, it also reduces
the “plug-and-play” nature of our approach and increases the effort re-
quired when deploying it across multiple stations or when station con-
ditions change over time.
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Finally, while our VAE-based method has proven robust at denoising
signals and extracting multiple SR modes, the first mode remains espe-
cially challenging under strong noise conditions. Although our latent-
space encoding appears to capture essential features of the SR spectrum
even in the presence of elevated noise, the accuracy of the first-mode
frequency extraction can be notably lower than in cleaner data. Ongo-
ing and future efforts will focus on refining the model architecture and
loss functions to further strengthen its resilience in these most difficult
scenarios.

7.2. Possible applications

The enhanced capability of our hybrid DL methodology to extract
multiple SR modes beyond the third opens up a wide range of appli-
cations in geophysical research. Traditionally, the LCF algorithm has
been limited to reliably extracting only the first three SR modes, due
to the mathematical complexity of fitting procedures over the noisy,
highly variable signals. This limitation has masked potential relation-
ships between SR and various natural events that manifest in higher-
order modes. Our methodology overcomes these challenges, thus allow-
ing the analysis of more complex links with such phenomena. In the
following, we illustrate scenarios in which the proposed methodology
can be successfully utilized.

Using only the LCF, the extraction of higher SR modes associated
with preseismic ionospheric anomalies has been problematic. Higher
modes could provide more information and improve the localized
changes in the ionosphere caused by stress accumulation in the Earth’s
crust prior to seismic events. Our hybrid technique could enable the
reliable extraction of these, potentially revealing subtle preseismic sig-
natures that were previously undetectable.

Small changes in the ionospheric conductivity profile, caused by fac-
tors such as solar radiation, geomagnetic storms, or atmospheric tides,
can affect the propagation characteristics of SR signals. Solar events like
solar flares and coronal mass ejections significantly impact the Earth’s
ionosphere, altering its conductivity and affecting SR signals. Our im-
proved approach would facilitate the extraction of critical information
contained in higher modes, providing a more comprehensive view of
how these activities influence the ionosphere and enhancing models
that predict space weather effects on communication and navigation
systems.

Atmospheric events such as thunderstorms and lightning activity in-
fluence the global electrical circuit and consequently the SR signals. The
ability of the methodology to extract additional modes would enable re-
searchers to investigate the relationship between atmospheric electrical
activity and SR signals more thoroughly, improving our understanding
of atmospheric-ionospheric coupling processes.

8. Conclusions and future work

This papers brings a new methodology as an alternative to the tra-
ditional LCF for SR signal analysis. The novel DL tool reduces the di-
mension of the SR frequency spectrum and includes a new regression
layer in the learned space that allows the simultaneous extraction of the
central values of the first six modes of the signal.

The proposed DL approach offers significant advantages over the
canonical LCF method. While the LCF is effective under ideal condi-
tions with low noise levels, it often struggles with noisy data, leading
to inaccurate frequency estimations and misidentification of SR modes,
especially beyond the third mode. In contrast, our DL model demon-
strates robust performance across varying noise levels, effectively de-
noising the input signals and accurately reconstructing the SR modes.
The ability of our model to maintain high accuracy in frequency estima-
tion, even in extremely noisy conditions where the LCF fails, highlights
the strength of the constructed methodology. Furthermore, by reducing
the reliance on fitting procedures that are sensitive to noise and data
variability, our approach provides a more reliable and comprehensive
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analysis of SR data. This not only enhances the quality of the extracted
features but also enables the inclusion of previously discarded segments,
thereby expanding the set available for research. The innovative aspect
of our method lies in its capacity to overcome the limitations of existing
techniques, offering improved accuracy, robustness, and applicability in
the analysis of SR signals under challenging conditions.

Moreover, our DL model exhibits the capability to discern patterns
depending on the hour and the season, generating the same number of
peaks at corresponding times as the LCF algorithm. In almost all modes,
the frequency values interval shows far greater similarities between the
previously selected and non-selected registers when using the DL ar-
chitecture. This consistency indicates that our methodology effectively
captures the intrinsic characteristics of the SR signals across different
temporal conditions. These results have further strengthened our confi-
dence in the use of DL autoencoders to enhance the LCF function. With
this new methodology, registers that have previously been rejected due
to high noise levels can now be considered for analysis. This inclusion
leads to the recovery of a large amount of previously unusable ELF
data, significantly increasing the volume of samples available for SR
research and potential applications. Using these additional data points,
researchers can perform more comprehensive studies, leading to deeper
insights and advances in understanding geophysical phenomena.

The presented DL approach is also computationally efficient, due to
the optimized architecture of the autoencoder, allowing effective pro-
cessing of SR data without excessive computational demands.

Although the model has been developed and tested using samples
from a single station, assessing its generalization capabilities is an im-
portant aspect of our future work. We plan to test the model on different
data sets and under varying conditions to evaluate its robustness across
diverse scenarios. By fine-tuning the approach to accommodate the spe-
cific characteristics of each station, we aim to demonstrate its adaptabil-
ity and effectiveness in analyzing SR signals from multiple sources.
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