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Deep Learning (DL) has shown capability in many areas of impact on everyday life. The paper proposes a DL
architecture tailored for event detection from examining the time evolution of a signal. With temporal char-
acteristics extracted by a Convolutional Neural Network (CNN) encoder and fed as input to a recurrent neural
network, the model targets the detection of a possibly occurring investigated event in the given time interval.
The utility of DL methodologies to solve physical problems is demonstrated for an application of the complex
experimentally-studied existing interaction between Schumann Resonance (SR) and seismic activity. SR signals
are electromagnetic waves propagating along the Earth-ionosphere cavity. Intense lightning activity is continu-
ously present at the same locations around the world, being sensitive to physical perturbation. Seismic activity
modifies this steady lightning pattern. The new DL model is applied to answer the research question of whether
the variation of the SR signal is truly a verifiable forerunner of seismic activity. Several parameter configurations
are explored, either model-related or linked to criteria for selecting seismic events. Results show preliminary
evidence about the relation between distance-intensity space and SR perturbation, and provide valuable corrob-
oration about the sensitivity of the sensor to a specific azimuth between the observatory and the Earthquake (EQ)
epicenter, hence argumentatively supporting the SR temporal characteristics as an early seismic warning. This
is the first generalization of seismic disturbance as a derivative of the SR, based only on its signal time series
variation, as a hypothesized precursor of the EQ event.

Resonance (SR) electromagnetic waves that circulate along the Earth-
ionosphere cavity and if these can be discovered by DL.

1. Introduction

Deep Learning (DL) has become a permanent actor of real-world mod-
eling, with a wide range of applications in various fields. Its strong ca-
pabilities also specifically target signal processing in domains such as
medicine [1-4], physics [5,6] and energy systems [7-9]. These advances
demonstrate the versatility and effectiveness of DL methods in extract-
ing information from signal data.

In this article, we propose a DL methodology for yet another appli-
cation toward signal processing. The research question we try to an-
swer is whether seismic activity can be adequately detected from po-
tential warning signals given by the temporal evolution of Schumann
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The motivation for the current investigated hypothesis stems from
the fact that the SR field has gained a huge interest driven mainly by
two factors: i) the deployment of a large number of new Extremely Low
Frequency (ELF) observatories (waves < 300 Hz) [10], and ii) the possi-
bility to tackle the problem with more complex models i.e. by Machine
Learning (ML) [11]. The current attention in the SR field is centered
on two aspects: i) detection and study of the regular variation of each
observatory, for example in Portishead (UK) [12], in the Artic and An-
tartic [13] or in Epirus (Greece) [14], and ii) linking the SR variations to
other natural phenomena, such as geomagnetic storms [15], energetic
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Fig. 1. Spectrum of SR signal with the most relevant parameters for each SR mode: f;: peak frequency, W;: Full width at half maximum, /;: peak intensity, Q;:

Q-factor.

solar effect [16] or lightning activity [17], bearing human and economic
impact [18-20].

Moreover, in this line, the relationship with Earthquake (EQ) events
has attracted the attention of the scientific community. EQs are the
releases of energy accumulated in the Earth crust, mainly due to fric-
tion between tectonic plates. This violent release creates seismic waves
[21]. The intrinsic nature of the phenomenon that provokes the sud-
den liberation of energy in an EQ is a challenging field to understand,
mainly due to irregular forces at an unpredictable time. For this reason,
it is possible to consider that every EQ can be seen as an unrepeatable
event resulting from the distinct interaction of many factors, since each
EQ is a unique event, although the results of EQs as ground motions
tend to be similar. Specifically concerning the SR-EQ connection, there
is evidence of some detectable perturbations in the Earth-ionosphere
electromagnetic cavity before and after the release of an EQ. Studies
across multiple regions and different stations (Middle America, Europe,
Asia) have noted this relationship looking at EQs taking place 10 years
apart [22,23].

The energy of the system is mainly produced by continuous dis-
charges of lightning across the Earth [24]. Due to the impulse response
of the Earth-ionosphere cavity, the waves that correspond to its reso-
nance frequencies persist. The fundamental frequency and its five lower
modes are around 7.8 Hz, 14 Hz, 20Hz, 26 Hz, 33 Hz and 39 Hz [12]. As
can be seen in Fig. 1, SR can be characterized by the parameters of each
mode, which can be summarized in three: I;) Intensity value, f;) Fre-
quency value, and Q,) Q-factor. The intensity value is strongly correlated
with the intensity of the lightning activity. The frequency of each mode
depends on the location of the lightning activity relative to the observa-
tory and the conditions of the electromagnetic cavity. Asymmetries play
an important role in this aspect; the Q-factor is the relationship between
the energy accumulated in the cavity and the energy dissipated in each
cycle. This factor is highly dependent on the height of the ionosphere
and its composition [25,26]. Ogawa proposed a simplified analytical so-
lution for the Q-factor in 1970 [27] (Eq. (1)), where Q is the Q-factor
of the SR, w, the SR angular frequency, u the permeability cavity, o the
conductivity of the ionosphere and & the height of the ionosphere. It can
be observed that there is a strong dependency between the Q-factor and
the ionosphere conductivity, which corresponds to the virtual height of
the ionosphere.

O0=h-\iw no <1)

In light of all of the above, the contribution of the proposed method-
ology is a new DL architecture that explores SR parameters for a warn-
ing EQ system using a long-term period (5 years). The available data
allowed us to work on this larger temporal frame, and thus objectively
validate the behavior of the model over time. The proposed approach
focuses on recognizing the time variation of SR characteristics and has
been studied for sensitivity under different EQ conditions, for its poten-
tial towards early recognition. The approach proves the advantages of
reducing the dimensionality of the signal spectrum and examines dif-
ferent DL architectures for SR variation analysis. These findings pave
the way for further research in the field of EQ detection based on SR
parameter precursors.

The leading theory in this respect is that the Mesoscale convec-
tive systems continuously produce high-intensity lightning discharges
around a relative fixed location. A large EQ may change the electromag-
netic state of the ionosphere, causing the SR signal to suffer progressive
variations in the parameters - frequency and, consequently, Q-factor.
Our hypothesis is that a DL model can learn the seismic pattern varia-
tion in the SR parameters when trained with long time series, assuming
the appropriate approach is chosen and physical-based EQ criteria are
followed.

The architecture introduced in this paper uses the outcome of a
CNN encoder introduced in earlier research [28] that extracts the non-
permanent characteristics from the SR signal. This resulting sequence
of consecutive SR codes thus becomes the input of the proposed recur-
rent DL network - namely, a Gated Recurrent Unit (GRU) - while the
EQ events are presented as the output. Through the multimodal data
coupling between SR signals with known EQ events and their DL mod-
eling through the novel approach, we thus show a new possibility of
analysis of this valuable interrelation that could act as an early warning
system.

The paper is structured as follows. Section 2 contextualizes the con-
nection between EQs and their probable herald in the Earth spheres, as
well as the DL entries in the field. Data collection and pre-processing are
given in Section 3. The proposed method, in terms of mechanisms and
considered problem characteristics, is described in Section 4. Section 5
presents the results obtained, along with the experimental setup. The
findings are discussed in Section 6 and the final conclusions are reached
in Section 7.
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2. Literature review

Early warning strategies based on the ground signal produced by
the energy release allow to minimize the consequences of an imminent
EQ, by giving people the chance to reach a safe spot [29]. However,
these systems only predict the impact of an EQ, but not their occur-
rence. Another approach is to analyze time series statistically or with
ML techniques [30,31]. Although these techniques obtained encourag-
ing results, the intricate nature of the EQ source makes the estimation
based on historical data very unreliable.

Several efforts have been made to understand the mechanisms of
coupling parameters among lithosphere, atmosphere, and ionosphere
with EQ events. In [32], the authors analyzed the variation of six pa-
rameters related to the stated layers, from the subsurface to the lower
atmosphere with respect to two strong EQs. The results demonstrate
the quasi-synchronous coupling between these parameters prior to EQ
events in Nepal. As an interesting result, it is possible to see the abrupt
drop in surface air temperature immediately before the EQ event. Fur-
thermore, in [33], the authors provide valuable evidence of the rela-
tionship between EQ events and the variation of the spatial distribution
of surface and atmospheric parameters. They exposed the synchronous
changes in the surface-atmosphere conditions in the stage of an EQ
preparation and after.

Various works focus on studying the ionospheric precursors for mon-
itoring the EQ activity [34]. A systematic review about the effect of EQ
in the ELF band can be found in [35]. The aim is based on some com-
pelling ideas such as i) ground and underground Electro-Magnetism (EM)
waves can penetrate, propagate and reach the ionosphere, leading to
a modification of their characteristics, ii) ionospheric disturbance may
change up to 5 days before the EQ event or iii) the extension can oc-
cupy about 5°. Furthermore, post EQ anomalies in the ionosphere af-
ter EQ have been satisfactorily detected using Global Navigation Satel-
lite Systems (GNSS) [36]. The Lincoln laboratory at MIT is currently de-
veloping a ML-based project, trained on ionospheric activity preceding
an EQ [37]. Ionospheric perturbations were detected roughly 10 days
before four EQs in a Chinese province [38]. In [39], ionospheric elec-
tron density was also observed 40 days before and 1-5 days after EQ in
China, with electromagnetic signals detected seconds before the event.
Two geomagnetic anomalies recorded from stations within an epicentral
distance of 191km preceded by 7 months a large EQ in western China
[40]. Ionospheric precursors of another EQ in China were also analysed
in [41] to detect seismic anomalies.

The application of DL in the EQ field has been demonstrated to be
an auspicious tool. The usage of an AutoEncoder (AE) based on an Long
Short-Term Memory (LSTM) DL network is able to suspect the occur-
rence of an EQ based on the ionosphere data [42]. Furthermore, re-
cent research has proposed a framework to estimate the EQ magnitude
based on the LSTM architecture [43]. A monitoring system for early
warning based on DL with an IoT network is shown in [44]. The sys-
tem is able to detect the magnitude and the location of an EQ only 3s
after the events using an AE with a CNN architecture. Another exam-
ple can be found in [45], where the authors proposed a novel method-
ology for parameter classification in an early warning strategy. A re-
cent article also explores a complex DL architecture based on a com-
pact convolutional transformer to predict the arrival of the P-waves
and S-waves of an EQ [46]. Additionally, the work of [47] employs a
CNN in an EQ prompt warning system, based on speed-of-light prompt
elastogravity signals from Japan. As also demonstrated in many other
practical domains of application dealing with signals and their tem-
poral analysis, the current supremacy of DL as opposed to the classi-
cal time series approach stems from its simulation of the neural sys-
tem and the capabilities of the current hardware to process numer-
ous layers fed with a large amount of data. Moreover, its additional
architectures for signal dimensionality reduction support its successful
utilization in real-world applications, where noise and complexity are
present.

Knowledge-Based Systems 328 (2025) 114166

Last but not least, several authors have tried characterizing the re-
lationship between EQ events and the wave generated in the cavity,
the SR. The detection of SR anomalies related to an EQ have been sat-
isfactorily discovered in different locations around the globe in recent
years: Japan [48], Mexico [49], and Greece [50]. In [26], the authors
indicated its relationship with EQ of magnitude more than 7 and Source-
Observer Distance (SOD) up to 3000 km. In addition, the effectiveness of
SR records to be used as seismic precursors was studied in [51].

For a more visible positioning of the current research, the research
matrix in Table 1 summarizes the main directions of the state of the art,
from EQ detection to connection with geosphere changes (including SR),
and from traditional approaches to ML and DL.

Within this conceptual context, the research gap in hypothesis and
method filled by the present work is given by CNN encoded transient
characteristics of the SR modeled by a Recurrent Neural Network (RNN),
as a precursor of EQ events.

3. Data

The modality for data collection and processing is described in the
following.

3.1. SR measurements

The SR signal was obtained through the observatory “Sierra de los
Filabres”. It was developed by the research group TIC-019 University
of Almeria. The system comprises two high-sensitivity orthogonal ELF
sensors followed by a high-resolution acquisition stage. The observatory
is entirely isolated from any human interference and has been contin-
uously measuring since 2015. The SR data used for this investigation
range from January 2016 to December 2020; a detailed explanation of
the observatory is given in [10]. Data are collected in a 30-minute regis-
ter, and a Lorentzian fit algorithm is applied to each segment to extract
the most useful information. Information about the processing algorithm
can be found in [52].

3.2. SR encoding

The SR signal presents a recurrent shape that is more or less identical
for each register. On top of that, some changes related to the parameters
take place because of different conditions. To focus on the time variabil-
ity of the SR signal, it is essential to remove the part of the signal that
is very common between sequential days. In previous research [53], we
developed a DL encoding that reduces the SR spectrum to only ten val-
ues per register. These ten values represent the SR signal variation, but
not the standard shape. From this encoding, the DL architecture can de-
code the signal with minimal loss. Reducing the number of variables is
an important aspect to allow the DL time series detector to focus on the
time evolution of the signal. The results showed a solid improvement
over the raw SR spectrum [28]. A general view of the encoder can be
seen in Fig. 2. The encoder reduces the input from 256 components, cor-
responding to the SR spectrum, to 10 codes. A randomization layer is
added to allow generalization [54]. The three convolutional layers use a
kernel size of 3 and stride 1 so that each filter spans roughly one quarter
of the fundamental SR mode (~8 Hz), capturing local spectral variations
without losing frequency resolution. To improve the performance of the
DL EQ detector, a standardization process is needed. The mean value
of the SR mean code is set to 0, and the standard deviation of the SR
standard deviation codes is set to 1.

3.3. Seasonality normalization

Although the canonical SR spectrum is remarkably stable, its am-
plitude slowly drifts with the solar-controlled ionospheric conductiv-
ity, leading to pronounced diurnal and seasonal envelopes. The varia-
tional AE itself acts as a data-driven high-pass filter: because its decoder
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Table 1
Research matrix of condensed related literature context.
Entry  Concept Hypothesis Method Findings
[31] Hazard analysis, damage detection ML approach Survey of models ML potential for EQ analysis and manage-

[30]1 Nowecasting EQ EQ cycle analysis

[33] Surface / atmosphere linked parameters Correlation of satellite observa-
tion data with EQs

[39] Lithosphere, atmosphere, ionosphere changes Modifications in the geospheres
before EQs

[41] Atmospheric-ionospheric precursors Variations before EQs

[43] EQ magnitude prediction
mation
[46] EQ waves phase-picking Seismogram analysis

[48] SR- EQ link

[49] SR- EQ connection
event

Seismic station providing infor-

SR anomaly prior and after EQ

SR anomaly around the seismic

ment

Signals detected in a correlation time series
corresponding to EQ

Atmospheric changes before EQs

ML: Clustering, EMA, PCA,
Random Forest (RF)
Anomalous background variation

Mean and standard deviation,
Anomaly detection

Anomaly detection, wavelet trans-  Irregularities in the seismic preparatory
formation phase

DL: LSTM Competitive estimation, even with remote
station

Production-ready accuracy

Intensity of all SR modes

Geolayers interaction before EQs

DL: CNN Transformer
Riccati and 2D telegraph equa-
tions

Anomaly detection Frequency and amplitude anomalies

=,

CNN
32x64

input |) [ CNN I cNN ]

Full Connected | II Sample
256x1 |\ | 128x32 64x64 |
A

10x Norm(p,a) | 1| 10x1
i

A

Fig. 2. DL encoder architecture. It is composed of three convolutional layers,
followed by a fully connected layer with 20 outputs, 10 outputs for the mean
and another 10 outputs for the standard deviation of each code.

learns the recurrent SR template, the 10 latent codes are forced to rep-
resent only cycle-to-cycle deviations for the complete training protocol
[55,56]. This normalization ensures that the daily and seasonal period-
icity does not leak into the time series detector.

3.4. SR latent embedding pre-processing summary

Each 30-min ELF spectrum is first decomposed by a 6-mode
Lorentzian fit that isolates the normal cavity modes. The resulting en-
velope is then compressed by a denoising AE that maps the 256-bin
spectrum to a 10-value latent code. Training on spectra intentionally
corrupted with low-level Gaussian noise yields a representation robust
to common environmental and instrumental disturbances. Previous val-
idation shows a reconstruction error below 2% for clean data and be-
low 4 % for noisy segments, sufficient for the present work, which relies
only on the temporal differences Az, between successive codes. A further
Kolmogorov-Smirnov (KS) test confirms that the latent-code distributions
of clean and noisy registers are statistically similar; therefore, retaining
the estimated codes, even when noise is present, is preferable to discard-
ing the affected segments, as it preserves the continuity required by the
downstream time-series detector.

3.5. EQ data

The EQ database was obtained using data from the United States Ge-
ological Survey. This US Agency gathers information about all EQs with
a magnitude greater than 4.5. We have collected information on every
EQ that occurred between the start of 2016 and the end of 2020. The EQ
data have been acquired through a public EQ Repository [57]. For each
EQ, we have obtained the exact location, the origin intensity (measured
on the Richter magnitude scale) and the depth. The location has been
used to compute the SOD and the azimuth. EQs can be produced on the
surface of the crust and deep below the crust.

The complete USGS catalogue for the study period (2016-2020) lists
35023 EQs with magnitude M > 3.0. Because not every event is ex-
pected to produce a detectable SR perturbation at the Sierra de los Fi-
labres observatory, we applied a pragmatic distance-magnitude filter:
only events whose epicentral distance is small enough-relative to their
magnitude-to exceed a fixed magnitude-distance score were retained. This
criterion reduces the working set, providing a better-balanced dataset
while preserving the events most likely to leave an ELF footprint in
the observatory records. Investigating whether the proposed system can
learn to focus on an even more informative subset is left to later sections
of the manuscript. From the events detected, we retained three for val-
idation. To ensure sufficient training data, we excluded the first three
years of recordings from candidate selection. We then ranked the top
20 earthquakes based on a relevance score combining moment magni-
tude and epicentral distance. To avoid outliers, the three highest-scoring
events were discarded, and three events were randomly selected from
the remaining 17. These selected earthquakes were excluded from every
training fold and used exclusively for validation.

4. Methodology

The general idea is to recognize the time during SR evolution to
detect possible ELF perturbations produced by EQ events. Due to the
inherent difficulty of characterizing the impact of an EQ in the ELF band,
the proposed architecture contains a high degree of flexibility. One of
the expected impacts of this methodology is the provision of different
models of EQ predictors using the explored parameter characterization
for future research developments in this area.

4.1. General architecture

The time slot considered in this investigation is the 30-min segment
of each SR distribution code, so the EQ database has to be adjusted to
that of our observatory. Each EQ is suited in one SR time slot. However,
it is not possible to know the duration of the EQ perturbation, so each
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Fig. 3. General scheme of the proposed DL architecture.

one of the EQ responses has been increased from a one-time slot (30 min)
to more, depending on the values (6 — 24 h).

The input of the system consists of the SR distribution codes result-
ing from the CNN encoder [28]. Each code is composed of mean and
standard deviation values corresponding to a Gaussian probability dis-
tribution. The input consists of a sequence of SR codes. The number of
SR codes that make up a sequence is a parameter of the methodology.
The entire data sequence is fed to a RNN network. The network’s first
step is to sample one SR code for each SR distribution code. This is done
following Eq. (2), where n is each input of the batch, y, and ¢, are the
values associated to one SR distribution code and x, the input of the
RNN cell.

x, = Norm(u,,c,) 2

The central RNN cell is a bi-directional GRU network composed of
three layers, with a dropout of 0.5 between them. This cell will be ex-
plained in Section 4.3. The state of the final layer of the Bi-directional
GRU cell is connected to two fully connected layers with a dropout of
0.5. The first fully connected layer takes the output state, performs a
dropout, and connects to 128 values as its output. The next layer takes
the 128 values and outputs a single value. After the completed input
sequence is fed to the network, the system calculates the expected out-
put, which is a single value related to the occurrence of the EQ in the
time interval corresponding to the middle of the SR sequence. For ex-
ample, if the sequence length is 1440, the expected output corresponds
to the SR EQ influence at the time slot 720. Even when the EQ per-
turbation is widened, the number of ones in the output (EQ pertur-
bation) is much lower than that of the zeros (non-EQ perturbation),
so the algorithm would learn to reduce the error by always predict-
ing a zero. To avoid this problem, the inputs of the training step are
chosen randomly with the same probability of taking one sequence as
a zero-sequence. An image of the general architecture can be seen in
Fig. 3.

The loss function used in this methodology can be seen in Eq. (3),
where n is each input of the batch, /, the calculated loss, y, is the ground-
truth output, .S is the sigmoid function, and x, is the sampled version
of the input. The Sigmoid function obtains a value of 0 or 1 from a

continuous output.

Ly = [y, - 10g(S(x,)) + (1 = y,) - log(1 = S(x,))] 3
4.2. EQ parameters

As commented above, the absence of a clear definition on the re-
lationship between EQ and SR makes this research complex. There are
several possibilities to model this influence, and the system can explore
which combination fits better for predicting the EQ event in the SR sig-
nal.

4.2.1. EQ selection

One aspect is to select criteria from the EQ characteristics. The sys-
tem may only be able to detect the closest ones, the most intense ones,
or within a specific arc. Three parameters will be compared: magnitude,
distance between the observer and the EQ event and angle between the
observatory and the EQ event. Magnitude and SOD are correlated pa-
rameters. The more intense an EQ is, the further a seismograph detects
the seismic event. We hypothesized the same idea for the ELF data and
explored the perceptibility radius [58]. Its general formula can be found
in the literature Eq. (4).

D = 104M*8 &)

M stands for the magnitude, D for distance. However, the values of
A and B are broadly different from those of the seismic sensor, because
the propagation constant of the ELF band is entirely lower than the me-
chanic one in the seismic field.

The perceptibility curve defines whether an earthquake of a given mag-
nitude could realistically be detected at a given distance. This curve
is defined in log-log space as log;,(D) = A - M + B, where the coeffi-
cients A and B are computed dynamically, using two reference points
in the magnitude-distance plane. The first reference magnitude M,
corresponds to a distance dist,,, and the second magnitude is de-
fined by adding M, to the first, with its corresponding distance be-
ing disty,,, +dist,,,,. These two points define a straight line in log
space that is used to compute whether an earthquake falls within the
detectable region: specifically, whether its actual distance is less than
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or equal to 104M+8_1f the condition is satisfied, then the event is con-
sidered.
An example can be seen in Fig. 4.

4.2.2. EQ perturbation in ELF records

Another aspect is the time interval around an EQ in which a per-
turbation can be detected using SR data; the time evolution of the SR
signal has to be monitored to detect the variations associated with the
event. According to the literature, perturbations have been identified
more than ten days before and five days after the event. We select mul-
tiple values in 2.5 day steps before and after the EQ. We have called it
Sequence length.

In the seismic field, the duration of the EQ is usually less than 1 min.
Although the effect in the ELF spectrum is not determined, a more ex-
tensive repercussion in the ELF field can be expected. We have set this
variable EQ windows as a parameter and test the values between 6 h and
24 h.

4.3. DL cells

The central DL cell used in this research is the bidirectional GRU. A
GRU cell presents the advantage of having the memory unit combined
along with the network and fewer gates, so the number of parameters
can be decreased without substantially reducing performance. Further-
more, the bidirectional architecture can be used when the system allows
an offline mode, which is when the complete sequence is known before
the start, as in this case. To compare with other cells, different archi-
tectures have been chosen: CNN with 1 dimension and ten channels,
CNN with two dimensions 10 - sequence_length, LSTM and unidirectional
GRU.

4.4. Detection performance

The aim is to measure the detection (or recognition) success ratio
of the EQs. But, as it was exposed in the introduction, the detection of
EQ using the SR signal is not an easy task; the impact of an EQ in the
ELF band is not formally characterized in the literature. Therefore, the
classification of EQ in their relation with the SR signal has not been
sufficiently modeled. Also, it is challenging to know which ones can be
perceived. It is also important to remember the unbalanced expected
result, with much more predicted values of 1 than for 0, so the sys-
tem has to learn the same pattern when the number of EQs is small.
The proposed architecture has been trained and validated under several

configurations with different sets of parameters. Every time the configu-
ration parameter values are restarted and a new training process begins
is called a realization.

To select the validation data set from all the SR codes sequences,
three EQs have been randomly chosen in each setup, as detailed un-
der subsection 3.5. Therefore, each realization has its EQ selection. All
sequences that have at least one value of this EQ have been removed
from the training data set. To extract the metrics, the SR code sequence
of these EQ has been chosen along with several sequences surrounding
the EQ, most of them zeros. These SR sequence codes are gathered and
compose the validation data set.

To solve this problem, three primary approaches have been used:
i) to discard all the iterations when the training loss or the validation
loss is lower than the stopping threshold; ii) to discard all the real-
izations which have more ones than zeros in the validation data set;
and iii) to detect when the model has predicted the EQ with at least 1
value.

An example of a validation data set with two predictions can be seen
in Fig. 5. The number of EQs is set to 3, but there are a few values at
the end of the validation data set. This effect is caused by randomly
choosing three EQ and the points surrounding them. Sometimes, there
is an EQ very close to another.

Due to the random choice of three EQ, some realizations could have
a higher probability of correctly predicting the output than others. The
chances of detecting EQs are not established, but it can be guessed that
not all EQ have the same impact on the ELF band. Hence, several re-
alizations with the same configuration have been performed to extract
experimental evidence with statistical support.

Recognition ratio. For every realization, we keep three unseen earth-
quake (EQ) events as validation targets. An event is considered a can-
didate EQ when the reference mask remains positive for a sufficient
number of samples (at least half the expected window length, L, /2).
The recognition ratio (RR) is then defined as

N, detected
Ngq

RR = 5)
where Ngq is the number of candidate earthquakes (three in our setup)
and Ny ecieq 1S the subset for which the model produced a positive re-
sponse in the corresponding interval. This metric is computed indepen-
dently for each realization and then aggregated over multiple runs with
the same configuration to assess performance stability.

To quantitatively assess the similarity between the values of the dif-
ferent parameters, we used the KS test [59], where the lower values
represent a more likely common origin. This test measures whether two
samples could have been obtained from the same distribution with the
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Fig. 5. Example of a validation data set with 3 real EQs (in orange) and two detected (in green). X-axis represents the time in steps of 30min and y-axis EQ presence.

Three validation sets are represented together.

Table 2

Initial sweep parameter configuration values.
Variable Values range Step
Sequential Length [240 - 1920] 240
EQ Window [12 - 48] 12
Azimuth [15° -90°] 15°
Distance Start [1000 km - 4000 km ] 1000 km
Distance Delta [1000 km — 4000 km ] 1000 km
Distance Max [4000 km - 16000 km ] 2000 km

null hypothesis. In the figures on the experimental results in Section 5,
we have included the KS value, which corresponds to the p-value of the
null hypothesis. A KS value of 0.049 shows enough evidence to con-
sider that the two configurations represent different models with 95 %
confidence.

5. Results

The focus of this research is to explore the feasibility of detecting EQs
in the SR signal using DL, along with establishing a set of parameters
that can be used in future scientific works for different architectures. As
mentioned in the previous section, the approach used was to randomize
the EQs to be predicted, and average the realization to find the best
parameters for the model. A sequential path has been followed, starting
with the stages used in previous research [28]:

1. Selection of the problem-related parameters of the approach: sequen-
tial length, EQ window and the position in the sequence length to
detect the EQ.

2. Relation between SOD and Magnitude in EQ detection using SR.

3. Importance of the azimuth between the EQ epicenter and the obser-
vatory.

4. Comparison with other DL architectures.

5.1. EQ parameters

As a first attempt to find the best configuration of the EQ-related vari-
ables, a combination of 6 parameters has been used. This first subsection
investigates their influence. The parameters can be seen in Table 2.

The first column indicates the parameter name, the second column
the limits of its value, and the last column the interval between consec-
utive values. As an example, the EQ window possible values are: 12, 24,
36 or 48.

The total number of models trained is 872, including those with-
out convergence. It is possible to know the relative importance of each
parameter in relation to the success ratio obtained (percentage of EQ
detected on total EQ in the validation data set) using an explanatory
model over a regression. A Gradient Boosting Machines (GBM) ML model
[60] has been used in conjunction with DALEX [61] to understand the

Mean variable-importance

Dist Start

EQ window
Azimuth

Dist Delta
Sequence Length

Dist Max

0

=3
o

0 0.00: 0.010 0.015
Root mean square error (RMSE) loss after permutations

Fig. 6. Variable significance for the initial configuration sweep.

results. In Fig. 6, the variable importance of each parameter in the ini-
tial configuration is shown. It can be seen that the minimum SOD value
is followed by the EQ window. The sequence length is less relevant than
expected.

To remove the variance introduced by parameter permutation, some
parameter values were fixed while studying their individual impact. Se-
quence length is the first to be fixed. The ratio obtained in each realiza-
tion with the same sequence length was averaged, and the results can
be seen in Fig. 7(a). Due to the high number of different combinations
included in each group of realizations, the success ratio is relatively low
and there is no substantial difference between the groups. However, the
best values are obtained using the value of 1200. In order to discuss the
EQ window, only realizations with a sequence length of 1200 will be
used; the number of realizations that fulfill this criterion are 89. The re-
sults are not conclusive enough to ensure statistical difference between
groups, except for the 12 EQ window value, based on the KS test over
the 24 EQ value, as it can be seen in Fig. 7(b).

The offset for EQ detection is the position in the sequence in which
the system predicts the EQ. To compare the possibilities for the model,
the first configuration of EQ parameters will be used; more than 5 of
magnitude and distance less than 3000 km. The result can be observed
in Fig. 8. The symmetric pattern around the 0.5 value is clear, which
is consistent with the bidirectional system used in this research. In the
following, an offset label of 0.05 will be used, that is, at the beginning
of the SR sequence.

5.2. Relation between SOD and magnitude in the detection

Based on the results obtained in the prior subsection, in this part the
criteria used for selecting EQs will be explored. The previous results set
the following configuration: i) sequence length 1200; ii) EQ window 24
and iii) offset ratio 0.05 %. In this analysis, a maximum azimuth of 45°
was chosen. As mentioned, the most important parameter seems to be
the start distance related to the selection of EQ. A sweep configuration
for this parameter can be seen in Fig. 9(a). The results show no clear
differences between 3500 km and 4000 km. However, significant differ-
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Fig. 7. Mean ratio obtained for each group. KS is the p-value of the KS test between the selected group and the others. The color intensity represents the SD ratio.
(a): Group based: Sequence Length, reference KS: sequence length = 1200. Realizations: 692. (b): Group based: EQ windows, reference KS: 24, filter to sequence

length = 1200. Realizations: 89.

ences can be seen for the rest of the groups. It can be determined that
1000 km, 2000 km and 3000 km are not the same model as the refer-
ence (4000 km) with 95 % confidence. It is also important to note that
2500 km presents a mean ratio similar to the reference, but SD is sub-
stantially higher, around the double of the reference. In light of these
results, the next step is to determine the best value for SOD at the second
point, using a value of 4000 km in the first.

Due to the high variability of the system, there is no clear pattern.
Just as well, the results of the KS test are not solid enough to reject the
hypothesis that all groups are taken from the same model, as can be
seen in Fig. 9(b). However, considerable differences can be extracted,
such as the worst result for the 3000 km group. The best result has been
obtained with a distance delta of 4000 km. The last part for selecting EQ
based on SOD and magnitude is decided if a limit in the maximum SOD
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is needed. This could happen because the formula associated with the
perceptibility radius increases exponentially on the second coordinate.
In Fig. 9(c), it is possible to notice a symmetrical pattern in which the
best results are related to the extreme values, 6000 km and 14000 km.
The KS is not conclusive since the p-value is higher than the minimum
needed to discard the null hypothesis, but it is very likely that the ex-
treme values are not related to the middle one, 10000 km. The SD ratio
is also interesting because the first category does present a similar mean
value to the last, but SD value is doubled, so the best result can be seen
when the maximum allowed SOD is 14000 km. The best selection for
the coordinate space can be seen in Fig. 10.

5.3. Importance of the azimuth between the EQ epicenter and the
observatory

The criteria for selecting EQs is based on the assumption that the
best result can be achieved when the azimuth between the ELF obser-
vatory and the EQ is less than 45° [62]. However, a robust analysis is
needed to explore the best options to detect EQ occurrence. In this anal-
ysis, a wide range of maximum azimuth values for the North-South (NS)
sensor is examined. The minimum azimuth is 15° and the maximum is
90°, which corresponds to all values. Since the sensor under study is
the NS, the azimuth is in correspondence over the parallel. The results
can be observed in Fig. 11, showing that the maximum value is found
with a maximum azimuth of 60°. These results have to be carefully in-
spected because the maximum azimuth limits the number of EQs that
the system has to learn. Therefore, an optimal number of values can be
obtained when the maximum azimuth is 60. To support the validity of
this approach, two different orientation of the EQ selection have been
selected. It is expected that the NS sensor is more sensitive to the EQ
produced in the coordinates where the sensor has the highest value of
its radiation diagram, perpendicular to the coil axis. These two orienta-
tions can be seen in Fig. 12. In Fig. 12(a), the criteria used for selecting
EQ correspond with the maximum radiation reception obtained by the
NS sensor: in red the maximum azimuth allowed of 60° over the paral-
lel, and in blue with 30°. In Fig. 12(b) the sensor is orthogonal to the EQ
detected. The main aim of this approach is to compare whether there
is a particular sensitivity for EQs in orientation. The results can be seen
in Fig. 13. Fig. 13(a) corresponds to a maximum azimuth allowed be-
tween the observatory and the EQ of 30°, and Fig. 13(b) corresponds
to the maximum azimuth of 60°. It is possible to see that the NS sensor
obtained considerably better results when the EQs to detect are aligned
with the maximum sensor sensitivity for both cases, 30° and 60°. As ex-
posed previously, performance improves when the maximum azimuth
allowed is 60° compared with a maximum azimuth value of 30°. This

is again validated when the orthogonal orientation for selecting EQs is
used. The results are also supported by the KS values; there is enough
evidence to confirm that the system is sensitive to EQs with more than
99 % confidence.

5.4. Comparison with other DL architectures

To provide a comparison between different DL architectures for the
current task, five DL models have been selected:

e GRU: RNN that uses gating mechanisms to regulate the flow of in-
formation and persistence of memory in the network.

¢ BI-GRU: Bidirectional version of GRU that processes sequential data
from past to future and future to past, resulting in better performance
on tasks with bidirectional dependencies.

e LSTM: RNN that uses an internal memory cell and gates to handle
long-term dependencies while retaining information from the near
past.

e CNN-1D: is a 1D CNN designed for processing 1-dimensional data
such as sequences of text or audio signals. It has difficulty in captur-
ing long-range dependencies.

e CNN-2D: is a 2D CNN designed for processing 2-dimensional data
such as images. Now, this network is used as a spectrogram detector
using the codified version of the SR spectrum. The main disadvantage
is the difficulty to detect long-term dependencies.

5.4.1. EQpred common backbone

All variants start from the same two-stage design. The network re-
ceives a multivariate sequence X € R7*10, where the 10 channels corre-
spond to the synchronized seismic sensors and T is the window length (2
000 samples, 20s in our experiments). First, a feature extractor-chosen
among a family of recurrent or convolutional networks—maps the in-
put to a fixed-length vector h € R%eat. Second, a lightweight regression
head produces the final scalar output (EQ probability to the next event).
For uni-directional RNNs we set dy.,; = h (hidden size), whereas for the
bidirectional GRU we use dg.,; = 2h. In every model we apply weight
decay of 107 and Adam optimizer, learning rate 103, batch size 128.
The hyper-parameters used for each one were derived automatically.

¢ GRU (1-direction) - 0.29 M params. Two-layer GRU with hidden size
64 and inter-layer dropout 0.2. Only the final hidden state is for-
warded to the regression head.

e Bi-GRU - 0.58 M params. Bidirectional architecture; the last forward
and backward states are concatenated, doubling the feature dimen-
sion and giving the best empirical performance. As the best result-
ing approach, a full depiction of its hyper-parameter value selection
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Fig. 12. EQ selection based on the azimuth maximum difference between the location of the observatory and the epicenter. Blue area: 30° maximum azimuth
deviation, red area: 60° maximum azimuth deviation. (a) Aligned with the NS sensor, (b) perpendicular to the NS sensor.
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with respect to the problem considered is given separately in subsec-
tion 5.4.2.

e LSTM - 0.31 M params. Two-layer LSTM (again h =64, dropout 0.2).
We keep only the top-layer hidden state h;.

e CNN-1D - 44k params. Three-layer CNN (kernel depth 16, 32, 64,
size 10) and 2 fully-connected layers. Captures short-/mid-range pat-
terns but struggles with long-term dependencies.

e CNN-2D - 46k params. Identical layout in 2-D (kernel (10 x 1), stride
(2x 1)) applied on spectrogram-like inputs; otherwise mirrors the 1-
D CNN. Performs poorly on very long sequences owing to limited
receptive field.

The results can be seen in Fig. 14. The highest ratio value is ob-
tained by the Bi-GRU architecture, although the GRU architecture also
achieved satisfactory results. On the other hand, the CNN 1D and LSTM
models performed considerably worse than the first two, with a higher
value of SD. Surprisingly, the CNN 2D is not able to converge in any of
the simulations.

The detection of EQ through SR signals is a complex task that can be
assisted by the use of a specialized DL network, as it has been demon-
strated in this paper. Despite the lack of systematic evidence of an effect
on seismic signals, an appropriate DL network is capable of detecting
some EQs in a long-term series. This is because RNN have the ability
to analyze and learn from the time patterns in seismic signals, allowing
them to detect events that manual inspection may miss. The ability of
the network to both remember changes related to the event and forget
the rest allows it to achieve EQ detection over time.

5.4.2. Hyper-parameter search and sensitivity analysis

To justify the choice of Bi-GRU settings (number of hidden units
h, number of stacked layers L, and dropout probability p), we car-
ried out an exhaustive grid search, followed by 10 independent
re-runs of the best configuration. The search space comprised h €
{20,50,100, 150,200}, L € {1,2,3} and p € {0.0,0.2,0.5,0.8}, yielding
5% 3 x4 =60 combinations. Each candidate was trained with five-fold

12

cross-validation on the train + val split and ranked by the mean recogni-
tion ratio.

Fig. 15(left) shows that A = 150 consistently attains the highest
recognition ratio while also preserving a high test accuracy. Over-
all accuracy compares the predicted vector of the network with the
ground truth output. Increasing 4 beyond 150 yields diminishing re-
turns and, for h = 200, even a slight performance drop-suggesting over-
parameterization.

In the middle panel we observe a clear preference for a single Bi-
GRU layer (L = 1), whereas deeper stacks (L > 2) systematically de-
grade both accuracy and recognition ratio. This indicates that a shallow
recurrent backbone is sufficient, once bidirectional context is available.

Finally, the right-hand panel highlights a sweet spot at p = .5. Lower
dropout (0.0 — 0.2) leads to mild overfitting, whereas aggressive regu-
larisation (p = .8) impairs convergence.

The optimal triple (A, L, p) = (150, 1,0.5) was therefore selected for
the final model. To verify robustness we re-trained this configuration ten
times with different random seeds; the mean recognition ratio remained
around 70 %.

5.4.3. Comparison with a classical random forest baseline

To probe whether a carefully-tuned classical model could rival the
sequence-aware Bi-GRU, we executed a 50-trial search that combines
PCA for dimensionality reduction and a RF classifier. Each trial altered
seven knobs:

. PCA components k €[50, 300] — spectral sub-space fed to the forest,
Number of trees n.y €[200, 1200] — ensemble size,

Maximum depth d,, €{4,...,30,None} — tree complexity,

. Min. samples split mg,; €[2, 10],

Min. samples leaf mc[1,5] — both acting as regularisers,

. Feature subset for node splits (sqrt, log2, or all), and

. Bootstrap sampling (on/off).

NOoO U A WN e

Every candidate was scored with the recognition ratio on the same
held-out validation windows used for the Bi-GRU evaluation.
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Table 3
Held-out validation performance after RF hyper-parameter tuning ver-
sus the optimised Bi-GRU.

RF (tuned) Bi-GRU (best)
Input representation 960 % 10 flatten 960 x 10 sequence
PCA dimension k 150 -
Forest size / hidden units 1000 trees -
Overall Accuracy 0.6 + 0.02 0.72 + 0.045
Recognition ratio 0.213 (best)

0.052 + 0.078 (mean)  0.785 + 0.015

Fig. 16 visualises the distribution of recognition ratios per hyper-
parameter value. Results remain comparatively low for most settings:
half of the trials yield virtually no recognised earthquakes. The single
outlier (k=150, g =1000, dyy,y =6, Mmgpie =10, myeer=3, no feature sub-
sampling, no bootstrap) peaks at 0.213, yet raising tree count or depth
beyond this point, or compressing further to k=50, offering no benefit.
The flat response confirms that model capacity is not the bottleneck;
once the 9600-D window is flattened, the temporal cues sought by the
Bi-GRU are irretrievably lost.

Flattening each 20-minute Schumann-resonance window into a static
vector strips away phase and lag relationships that manifest only across
time steps. Consequently, even 1000 deep trees cannot discriminate the
subtle pre-seismic signatures that a recurrent model captures through
gated temporal dynamics. Although classical tuning improves RF results
from 0.000 to 0.213, the gap to the Bi-GRU’s 0.785 remains substan-
tial, underscoring the need for explicitly temporal architectures in SR-
based earthquake detection (Table 3).

6. Discussion

The model used in this research takes advantage of the recent de-
velopments on DL to expose several interesting effects related to the
relationship between SR and EQ detection. Although a growing interest
in this connection has been reached in recent years, the development of
a DL detection model has not been proposed before.

6.1. Parameter selection

Different configurations of the several parameters contained in the
model were explored. These configurations were tested looking mainly
for two outcomes: to improve the performance of the model and to en-
hance the similarity between the EQ detector and their physical nature.
The former is only interesting for this particular model. However, the
latter can provide invaluable information to established evidence about
the physical relationship between EQ and SR. In this discussion, these
two aspects will be compared against each other. Explanatory mod-
els have been demonstrated as an effective method to understand the
complex relationship inherent to intricate DL models. Using these tech-
niques, it is possible to discern the most relevant parameters for the
proposed model.

It has been stated that one observatory is not enough to detect
all EQs, since the chance to detect their impact on the ionosphere
depends on the proximity of the electromagnetic sensors to the epi-
center. This implies that it is not possible to detect far away seismic
movement with one station. However, this leads to the hypothesis that
by aggregating several observatories it would be possible to geolocate
the EQ epicenter based on SR measurements. This makes distance in
which it is possible to detect EQ the most important variable in this
model.

The length of the EQ windows, the maximum azimuth allowed, and
the delta distance have obtained a very similar value of importance,
which means that these variables contribute substantially. Contrary to
the expectation, the sequence length does not reach a high value of im-
portance; this can be explained by the fact that the other variables are
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determined to effectively detect the EQ, while the sequence length only
improved the detection. These results are in line with the theoretical
literature which relates the local state of the ionosphere with the fre-
quency and Q-factor value of SR, both of them codified in the model
input. On the other hand, the sequence length and EQ windows com-
parison offer an interesting evidence of the long-time dependency of
the SR and EQ. However, these results are not completely conclusive,
since the range of the different parameters makes it difficult to establish
a unique criterion.

The parameter called offset, which is related to the position of the
EQ occurrence in the segment, shows the best performance in the ex-
treme values, and this can be explained by the bidirectional approach
of the Bi-GRU model. The system is able to detect better when the EQ
has been produced close to the end or the beginning of the sequence.
The criteria used to establish which EQ can be perceived by an ELF ob-
servatory is under study, as it was explained in the introduction. In this
respect, different strategies for selecting EQ have been followed, based
on parameters using the perceptibility radius. The best outcomes, con-
sidering either mean value and SD, were presented in Fig. 10. The first
conclusion to be drawn from these results is that the system can learn
better when further away EQs are taken into account, as long as these
EQs are particularly intense. The second conclusion is that considering
just the nearest is not enough for the model to learn the EQ pattern. This
fact can be explained because there are few EQs near the ELF observa-
tory.

In our study, we empirically tested various distance thresholds to de-
termine the optimal range for EQ detection using SR data. We found that
a threshold of 14000 km yielded the best model performance. This re-
sult is physically plausible: the Earth-ionosphere cavity supports global
electromagnetic resonances with fundamental wavelengths of approxi-
mately 40000 km, so an 14000 km cap corresponds to just 0.2 1 and
lies well within the first-order SR propagation regime.

Independent SR polarization studies report path-lengths of
10500 km for individual ELF transients [63], while clear mode shifts
up to ~3000 km for moment magnitude [26]. Nonetheless, further
external validation is warranted, and future work will investigate this
threshold with additional multi-station data.

The azimuth selection provides precious information about the sen-
sitivity of our sensors. Also, it supports the validity of the model, con-
trasting its performance when the same criteria for selecting the EQs
related to the maximum azimuth are followed, but with two different
approaches: one aligned with the maximum radiation pattern of the SR
sensor and the other in the opposite alienation. Results show that per-
formance deeply deteriorates when the selected EQs are not in line with
the sensor sensitivity, reducing the success ratio by 3.

Although different DL models have been studied in a preliminary
version of this research, five have been chosen to be compared in this
paper. The GRU model has demonstrated to detect the EQ occurrence
with the highest success ratio. In contrast, CNN 1D has detection capa-
bilities in some cases, while the CNN 2D, which is similar to a codified
spectrum, cannot detect under any circumstances the EQ occurrence.
The criteria for the successful detection of some EQs by the network
and its failure to detect others is beyond the scope of this article. How-
ever, a comprehensive analysis of each EQ will be thoroughly studied
in future works.

This study deliberately focuses on the largest and closest EQs avail-
able to our station. They were chosen according to two deterministic
criteria. The first is highest local impact: we ranked all events recorded
during the study period by M,, and kept only those in the upper tail of
the distribution. The second is station proximity: we retained only events
whose epicenters fell inside the radius in which our single-station array
maintains a favorable signal-to-noise ratio.

While this yields a small validation set, it maximizes waveform
quality and offers a stringent proof-of-concept test for the proposed
human-response sensing paradigm. The encouraging results must nev-
ertheless be interpreted with caution: the model generalization to
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Fig. 17. Model predictions (filled circles: predicted = 1; crosses: predicted = 0) in the training set visualised in the magnitude-distance plane and colored by North-
South (NS) region. Correct detections cluster at short epicentral distances (<10000km) and/or higher magnitudes, indicating that the network has learned a

physically plausible decision boundary.

weaker or more distant events remains unverified. Ongoing deploy-
ments at additional sites and an expanded catalogue will allow stan-
dard cross-validation and a thorough assessment of stability in future
work.

6.2. Architecture rationale

The architectural choices for the two DL blocks are next summarized.

Spectral encoder. The three convolutional layers of the encoder em-
ploy a kernel size of 3 and stride 1 along the spectral axis, mirroring the
~2 Hz spacing between adjacent Schumann-resonance modes within the
0-30 Hz band. Small kernels allow each filter to learn a localised reso-
nance peak, while unit stride preserves the full spectral resolution (256
bins) required to track subtle frequency shifts. The feature map depths
were established in our previous work as the best compromise between
reconstruction fidelity and model size, and are retained here for consis-
tency.

Temporal encoder. A systematic grid search! selected a single-layer
BiGRU with 150 hidden units per direction and dropout p =.5. Hid-
den size 150 provides enough capacity to model the long-range evolu-
tion of SR codes, yet remains below the over-parameterization threshold
observed for 4 > 150. Bidirectionality is crucial because the EQ offset
within the 20s window is unknown; processing the sequence both for-
ward and backward enables the network to detect perturbations that
may appear near either edge. Ten independent re-runs of this config-
uration yield a mean recognition ratio of 78.5% =+ 1.56, confirming its
robustness.

6.3. Explainability analysis (XAD)

To dispel the “black-box” concern and to understand what the Bi-
GRU actually learns, we applied SHapley Additive exPlanations (SHAP)
to the full training set, where a sufficiently large number of EQ windows
is available. Three complementary views are provided below.

Fig. 17 shows that true positives concentrate at distances below
~10000km and, for larger distances, at magnitudes M,, > 6. This pat-
tern mirrors the empirical detectability surface discussed in Section 5
and confirms that the model is not over-fitting random noise.

The SHAP heat-map in Fig. 18 reveals strong, structured contribu-
tions from eight of the ten latent codes, while NS[0] and NS[7] remain
near-neutral. Because each code captures a distinct spectral variation,

1 60 configurations, 5-fold cross-validation; details in Section 5.4.2.
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the plot suggests that the detector relies on physically meaningful fea-
tures rather than artefacts of the encoding.

Aggregating absolute SHAP values over the ten codes (Fig. 19) shows
that the model pays most attention to the beginning and end of each 30-
min segment, while the middle part is largely ignored. This behaviour is
expected: SR perturbations caused by an EQ tend to be short-lived and
therefore fall near the window edges after random offsetting (Section 3).
The plot corroborates the physical interpretation that the detector is
reacting to genuine transient signatures.

Taken together, these visualizations demonstrate that the DL model
is not a pure black box: it learns a distance-magnitude relationship con-
sistent with geophysical constraints, focuses on eight informative latent
features, and localises its attention to plausible time spans within each
register.

6.4. Comparison with traditional methods

Traditional EQ detection methods generally fall into seismic-based
triggers, ionospheric precursors, and geochemical anomalies. Short-term
seismic triggers, such as STA/LTA algorithms or network-based early-
warning systems (e.g., ShakeAlert), achieve high detection probabili-
ties (90-95 % for magnitudes M > 4.5) but provide little advance warn-
ing, detecting EQs within seconds after rupture onset. Regional methods
utilizing ionospheric Total Electron Content (TEC) anomalies can offer
hours to days of lead-time for large EQs (M > 6), but with moderate de-
tection probabilities around 60-80 % and notable false positives related
to geomagnetic activity. Geochemical indicators, particularly radon gas
emissions, yield days-to-months lead-time but typically have lower de-
tection probability (30-50 %) and sparse monitoring coverage.

In order to attain a quantitative comparison with traditional modal-
ities, Table 4 collates representative values reported in the literature
for three well-studied precursor channels: short-term seismic triggers
(STA/LTA), ionospheric total-electron-content (TEC) anomalies, and
geochemical radon emissions. Each modality trades detection proba-
bility against lead-time: STA/LTA achieves >90 % detection within sec-
onds of rupture; TEC disturbances reach ~ hour-to-day horizons with
magnitude-dependent hit rates ranging from 46% (M <5) to 100 %
(M > 6); radon studies seldom exceed 70 % and suffer from sparse spa-
tial coverage. Against this backdrop, our Schumann-resonance Bi-GRU
delivers a preliminary recognition ratio of 78.5% inside a +12h win-
dow, suggesting that SR-based monitoring could complement existing
approaches in the moderate lead-time niche.

Compared to these classical approaches, our SR-based DL model tar-
gets a unique segment, providing moderate spatial coverage with po-
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Fig. 19. Normalised mean |SHAP| across the 960-sample input sequence (0.5h). The first and last ~80 samples carry the highest importance, consistent with the
bidirectional GRU focusing on the sequence edges where abrupt SR changes often occur.

Table 4 tential early detection capabilities. Future comparative studies should
Tlustrative detection performance reported for different precursor fam- evaluate precision and recall metrics within identical validation settings,
ilies. Values are taken from the cited studies and are not directly com- determining optimal conditions under which SR-based methods outper-
parable across rows. form or complement traditional detection techniques.

We also added a RF baseline as a representative classical machine-

Modality lead-time detection prob. Reference . . . .
learning technique. Despite a hyper-parameter procedure independent
Seismi; STA/LTA triggelr 1-10s 0% [64] trainings, its mean recognition ratio was 0.213, sharply contrasting with
. . Y
fonospheric TEC anomaly 30 min 46-100% [65] the 0.785 achieved by our best Bi-GRU. The RF failure underscores the
Radon emission anomaly days <22% [66]

SR Bi-GRU (this work) up to 240 78.5% _ importance of models that explicitly exploit temporal dynamics; simple
vectorization discards phase relationships indispensable for discriminat-
ing subtle Schumann-Resonance precursors.

a8 Magnitude-dependent: 46.5% for M < 5, 81.5% for 5 < M < 6,
and 100 % for M > 6.
b Validation window spans +12 h around each event.
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7. Conclusions

To sum up, this work explores a potential solution for early warning
of Earthquake (EQ) activity by analyzing the variations of the Schumann
Resonance (SR) signal over a long period, taking advantage of the re-
cent advances and power of Deep Learning (DL) models to reveal compli-
cated patterns in physical phenomena. A deep Artificial Intelligence (AI)
approach is proposed to detect perturbations of the steady patterns in
intense lightning discharges associated with seismic activity.

Importantly, while the deep learning models employed here can act
as black boxes, our sequential analysis of model architectures and pa-
rameters allows us to extract meaningful insights about the factors most
relevant to EQ detection. We emphasize that enhancing model inter-
pretability with dedicated explainable AI techniques-such as SHAP or
Grad-CAM-is a promising avenue for future work, and we intend to pur-
sue this in subsequent studies to further substantiate the physical rele-
vance of the patterns learned by the DL models.

More than 20 Bi-GRU configurations were trained, logged, and statis-
tically compared. The systematic grid search not only produced the best
model (72 % overall accuracy, 78.5 % recognition ratio) but also reduced
the risk of reporting a lucky hyper-parameter choice.

A classical Random Forest (RF) baseline was enhanced with a 50-trial
Optuna hyper-parameter search combining PCA (50-300 components)
and core forest parameters (200-1200 trees, depth 4-30, split rules, fea-
ture sampling, and bootstrap). Each SR window (960 x 10 samples)
was flattened into a 9600-dimensional vector. The best RF configuration
(150 PCA components, 1000 trees, depth 6, split 10, leaf 3, no feature
sub-sampling, no bootstrap) reached a recognition ratio of 0.213, with
a mean of 0.05 + 0.078 across all trials. Despite this tuning gain, the
RF remains well below the Bi-GRU’s recognition ratio of 0.785, under-
scoring the need for models that explicitly capture temporal dynamics.

This stark contrast confirms that (i) sequential context is crucial for
capturing SR precursory signatures and (ii) naive vectorisation of the
signal is unable to exploit those dynamics.

The literature context lacking the generalization on the physical SR
- EQ relationship gave way to examine several configurations of the pa-
rameters involved in the model and the criteria used to select EQs. The
results of the different configurations of the model have been examined
for similarity using the Kolmogorov-Smirnov (KS) test, to provide a quan-
titative index of each parameter performance.

From evaluating the significance of the different variables involved,
the critical one is the maximum distance at which the model will con-
sider EQs with a magnitude over five. The window size for EQ detection
and the azimuth maximum difference are considered of moderate im-
portance, along with the distance increments for an EQ of higher mag-
nitude.

The successful application of a perceptibility radius to select the EQs
from the magnitude-Source-Observer Distance (SOD) space also reflects
the importance of these two variables, present in the analytical solutions
used for the seismic wave, but adapted to the Extremely Low Frequency
(ELF) signal analyzed by DL methods.

The azimuth maximum difference tests reveal the sensibility of the
sensor to detect EQs in the area of the antenna’s angular pattern. Ver-
ifying that perturbations introduced by EQs behave as the rest of the
sources validates this detection methodology by distinctly recognizing
the constraints of the physical relationship.

The results of this study provide empirical evidence about the valid-
ity of the proposed DL architecture. This approach joins the theoretical
SR knowledge and the DL methods to explore the complex relationship
between SR and EQ. This work may prove to be a stepping stone for fur-
ther research with the aim to generalize the connection between seismic
activity and SR records, while confirming the suitability of DL to solve
intricate physical problems of signal processing.

The next step in the confirmation is our proof of concept is to test its
generalization ability and statistical validity across several regions and
sensor setups. In this respect, several future endeavors are targeted: (i)
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deploy identical sensors at two neighboring sites, (ii) expand the cata-
logue through data sharing with national agencies, and (iii) repeat the
analysis with standard k-fold cross-validation once the enlarged data set
becomes available.
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