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Abstract: There is increasing evidence that anomalies in the ionosphere could appear a few days
before large earthquakes. Many significant successes with using anomalies for predictions have
been reported, although they are usually limited, both in space, to a specific geographic area, and
in time, to one or a few events. To date, no solution has been presented that consistently yields
the location and magnitude of future earthquakes and thus can be used to develop a warning
service. The purpose of this research is to improve on the possible use of Global Ionospheric Maps
for earthquake prediction. The use of three-dimensional data matrices, having spatiotemporal
information to feed a convolutional neural network, is proposed in this contribution. This network
was trained on all large earthquakes occurring from the beginning of the year 2011 to the beginning
of October 2024 but it is proposed that it be periodically retrained with new data. This network
has reached an accuracy of around 60% in the validation data for a division into eight categories
of different earthquake magnitudes. Nevertheless, this percentage increases considerably if the
classification into neighboring categories is also accepted, something that could be clearly admissible
for the purposes of a warning system. The author believes that success in this endeavor has to
come from a collaborative effort. For this reason, the training and validation data with three-
dimensional matrices (latitude/longitude/time) of total electron content values along with the
subsequent earthquake magnitudes are provided in this paper along with the trained network.
Researchers are strongly encouraged to improve on the current neural network with or without the

inclusion of additional information.
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1. Introduction

The rapid development of artificial intelligence in its various forms, from deep learning
to generative artificial intelligence, has made it possible in the last few years to perform
tasks that previously seemed out of reach or totally impossible. Its immense potential for
accelerating scientific discovery cannot be ignored in any branch of scientific research today.

One of the topics considered an impossible task for centuries is the prediction of
future earthquakes based on some possible earthquake precursors; however, strange an-
imal behaviors prior to large earthquakes have been documented for many decades, for
example [1,2], and it cannot be ruled out that these anomalous behaviors could be triggered
by certain changes in the environment that are perceptible in the Earth’s surface, waters,
and the atmosphere. Inspired by this idea, some researchers have attained a relative degree
of success analyzing certain earthquake precursors. Many successful cases of detection
have been published in recent years [3-12]; however, a method producing consistent results
in the long term is still missing.

One of the most promising avenues for earthquake prediction is the study of the
ionosphere, the ionized part of the atmosphere, which extends from roughly 50 to 1000 km.
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In relation to the total thickness of the Earth, the analogy could be given that this layer is
like the skin of an apple in terms of relative thickness, Figure 1. Ionospheric anomalies,
such as abnormal values in the total electron content (TEC) of the ionosphere—a quantity
that can be obtained from the processing of Global Navigation Satellite Systems (GNSS)
signals—have been shown to occur a few days before several large earthquakes [3-7,10].

GNSS satelliteO

GNSS satellite

ionosphere

0 5,000 10,000 km

Figure 1. Earth, the ionosphere, and two example GNSS satellites at true scale (except for satellite
size). It can be observed that the ionosphere compared to the total terrestrial size is as thin as the skin
of an apple is compared to the whole apple, which is a reason for the strong electromagnetic coupling
between the lithosphere and the ionosphere. GNSS satellites orbit the Earth at much higher altitudes
but their observations at different frequencies in the L-band are sensitive to the ionosphere, since it
acts as a dispersive medium.

In the last three decades, the literature has well-documented the fact that electro-
magnetic perturbations reaching the ionosphere precede major earthquakes by a few
days [3-8,13-18]. The physics of the last stages of the earthquake’s preparation process
within the Earth’s crust, and the associated physical and chemical transformations in the
area, seem to be the reason for these anomalies. Several studies have described in detail par-
ticular electrification mechanisms of mechanically stressed crustal rocks that are compatible
with the final observation of electromagnetic anomalies in the ionosphere [16,19-22]. The
main idea common to these electrification mechanisms is that tectonic stresses cause mobile
dislocations in the rocks, which activate electronic charge carriers (positive holes) that also
propagate in the surrounding unstressed rocks. When these electronic carriers reach the
Earth’s surface, they trigger a series of additional reactions that result in ionization of the
air, injecting massive amounts of primarily positive ions into the atmosphere.

Laboratory tests have also confirmed the plausibility of the mechanism, for
example [23,24]. The generation of these stress-activated electronic charge carriers may
also cause ion emission by radon decay; this contributes to air ionization up into the iono-
sphere and other electric field variations in the biosphere, which could explain the unusual,
seemingly premonitory behavior observed in animals [16,25].

So far, the studies that have examined these anomalies as earthquake precursors
are relatively limited in time (a single or few events) or space (a particular geographic
area), for example [3-10]. With these partial successes and the accelerated development
of artificial intelligence, one can dream of developing a system for earthquake prediction
that consistently delivers the place and magnitude of the forthcoming large earthquakes to
happen anywhere on the Earth, much as the weather forecast services.
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Starting from the idea that although the underlying processes are not exactly known,
there may be sufficient features in the observed ionospheric anomalies to predict large
earthquakes in the coming days (until approximately one week later), I want to build a
prediction model based on some significant points of consensus already summarized in a
previous contribution [26]:

e Anomalous TEC values are observed from around one week to some hours before a
large earthquake with particular signatures that seem to start to be observable above
a magnitude of M, = 6 (even for My, = 5 in some cases), and much more clearly for
magnitudes above My, =7 [4-8,13,14,17,18,21,26-28].

e  The area of the ionosphere in which the anomaly is perceived is usually approximately
centered in the vertical of the epicenter [3,7,17,18,21] due to the injection of ions into
the atmosphere subsequent to the tectonic stresses produced beneath, and its extension
depends on the magnitude of the earthquake M, so that its radius is approximately
given by the following [3,26]:

r = eMe (@)

where ¢ is the base of the natural logarithm, or by the equivalent (as demonstrated
in [26]) Dobrovolsky formula [14,17,18,21,29]:

r=10043Me (2)

Although TEC values can be directly estimated from the observations of a GNSS
network, in the current work, it was preferred to use Global Ionospheric Maps (GIMs)
computed by the International GNSS Service, which are openly distributed to the users in
the form of daily files [30,31]. These GIMs were employed for their reliability, worldwide
coverage, and availability for many years, which allows for performing the current long-
term analysis.

Since TEC variations in both spatial and temporal components are going to be ana-
lyzed, the data structures will be 3D matrices, containing the TEC values for the different
latitudes and longitudes in the different rows and columns, respectively, and in the third
component, the different values for the different times (for example, every 2 h).

Deep learning methods, in particular Convolutional Neural Networks (CNN)—which
have shown a great performance in image classification, for example [32]—will be used to
construct a system with predictive abilities of future large earthquakes using TEC anomalies
from GIMs of the preceding days (approximately one week).

The rest of the paper is organized as follows. In Section 2, I describe the source of the
data and the preparation before they are used by the neural network presented. In particular,
it is explained how the three-dimensional matrices (latitude/longitude/time) of the TEC
values, along with the subsequent earthquake magnitudes for all large earthquakes that
have occurred since the beginning of 2011 until the beginning of October 2024, are obtained
(in Sections 2.1 and 2.2, respectively). These data are subsequently prepared in the form of
3D matrices, X, and corresponding scalar values, Y, respectively, and separated into training
and validation sets as explained in Section 2.3. The architecture of the neural network
used for this study is presented in Section 2.4. The results are presented and discussed
in Section 3 and Conclusions are given in Section 4, among which it is highlighted the
accuracy of nearly 60% obtained for the validation set.

It should be noted that neither the network nor its solution is intended to be optimal
due to, among other factors, the limited resources of the author’s personal computer with
which the computations were performed. For this reason, the training and validation
data, as well as the trained neural network, are provided as Supplementary Materials.
Researchers are strongly encouraged to improve on the current solution with or without
the inclusion of additional information.
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2. Materials and Methods
2.1. TEC Values

Anomalies in the TEC of the ionosphere can be obtained from the processing of con-
tinuously operating reference station GNSS networks or provided in the form of GIM
files by the IGS and its various Analysis Centers (ACs) [30,31]. As explained previ-
ously, these GIMs are used for the current study due to their reliability, global coverage,
and availability for many years. From the different GIM files computed by the different
ACs—namely the Chinese Academy of Science (CAS), the Center for Orbit Determination
in Europe (CODE), the European Space Agency (ESA), the Jet Propulsion Laboratory (JPL),
the Universitat Politecnica de Catalunya (UPC), and Wuhan University (WHU)—or the
IGS average product, the rapid solution computed by UPC (files with the extension “uprg”
downloadable from [31]) is used. For the 13.7 years under study, that is, from 1 January
2011 to 1 October 2024, these files provide TEC values in latitudinal and longitudinal grids
of 2.5-degree spacing in the latitude (from 87.5° S to 87.5° N) and 5-degree spacing in the
longitude (from —180° W to 180° E, being the extremes coincident). These were consistently
computed every two hours (it is worth mentioning that GIM files from other ACs changed
at some point from 2 h to 1 h) for the entire period of the study, with the exception of day
283 of 2018 to day 205 of 2019, where there is a data gap also present for the other IGS
ACs. The latency for the user to access these files is about 2 days (the same for the other
IGS ACs), which should be enough for most of the predictions, taking into account the
above-mentioned forecast period of up to one week.

Beyond the tectonic stresses leading to an earthquake, there are other sources of
anomalies in the TEC of the ionosphere coming from solar and geomagnetic activity, for
example [14,26]. Some indicators of them are the F10.7 index (representative of solar
activity), the Disturbance Storm Time (Dst) index, which measures the severity of magnetic
storms, the Kp index of global geomagnetic activity, and the Interplanetary Magnetic Field
(IMF), which refers to the magnetic field carried by the solar wind as it passes through
interplanetary space. While these variables could also be considered for the prediction, I can
make use of the usually different signatures of TEC anomalies of seismic origin and those
of other geomagnetic or solar origin that have been documented: while seismo-ionospheric
disturbances usually last a few hours [14,33,34], ionospheric disturbances of solar and other
geomagnetic origin usually last from several hours to a few days [35,36]. It is therefore
assumed that a detailed analysis of GIM files can be sufficient for earthquake prediction, at
least for the largest events.

Let us imagine that we would like to predict possible future earthquakes close to a
location of latitude ¢ = 28° N and longitude A = 84° N (indeed an earthquake of magni-
tude My = 7.8 happened on 25 April 2015, for example, with a quite close epicenter of
¢ = 28.231° N and longitude A = 84.731° N). Considering a spherical Earth of radius
R = 6371 km, some increments in latitude Ag and longitude AA correspond to distances
along the meridian d,,, and the parallel d, given, respectively, by the following:

dw = RAg 3)

dp = Rcos pAA 4)

The substitution of these d;, and d,, by the r in Equation (1) for a particular magnitude
of a subsequent earthquake (say My, = 8) gives the possible area of disturbance in the iono-
sphere to be looked for in the prior GIM files, Figure 2. That is, for My, = 8 in Equation (1)
the radius r results in 2981 km. According to Equation (3), with d,; equal to this length of
2981 km along the meridian and Earth’s radius R of 6371 km, this supposes an increment in
latitude Ag of 0.467894833 rad or 26.8° both north and south of the potential location of
the epicenter. Taking into account the 2.5-degree spacing in the latitude of the TEC values
in the GIM files, this represents some 10 cells north and south of the epicenter’s latitude.
Similarly, according to Equation (4), with d,, equal to this length of 2981 km along the 28° N
parallel and Earth’s radius R of 6371 km, this supposes an increment in longitude AA of
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0.529923675 rad or 30.4° both east and west of the potential location of the epicenter. Taking
into account the 5-degree spacing in the latitude of the TEC values in the GIM files, this
represents some 5 cells east and west of the epicenter’s longitude. Please note that, for the
purposes of better visualization, the cell grid size in Figure 2 has been enlarged so that it
does not correspond to the set of cells of 2.5° size in the latitude and 5° size in the longitude,
while the total extent of the affected area is represented fairly faithfully.

60° E 90° E 120°E

45°N |

30°N

0°N |-~

Figure 2. Example GIM subgrid to analyze for possible TEC anomalies. A star indicates the location
of the epicenter of the earthquake of magnitude My, = 7.8 that actually occurred on 25 April 2015.

In fact, the situation is a bit more complicated: as TEC variations in both spatial
and temporal components need to be analyzed, the data structures will be 3D matrices,
having in the different rows and columns the TEC values for the different latitudes and
longitudes, respectively, and in the third component, the different values for different times
(for example every 2 h) as taken from the GIM files. This idea is depicted in Figure 3, where,
instead of using a 2D matrix, a 3D matrix with the geographical area of interest for different
available times in the GIMs (from the most recent one back to several days before, as seen
for the purpose of prediction).

GIM ¢,

GIM t,

GIM t;
GIM t4

)

Figure 3. Illustration of a 3D matrix for enclosing a geographical area during several epochs ty, ty, t3,
ty included in the GIM files.

2.2. Earthquake Catalog

Now it has become clear how to retrieve the data to be analyzed in order to predict a
single earthquake, I want to explain how to obtain the complete earthquake dataset that
has been compiled for this study and, in the next subsection, how to work with it.
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The United States Geological Survey earthquake catalog [37] was used to retrieve the
set of earthquakes of magnitude M, 5.0 or higher from 1 January 2011 to 1 October 2024,
that is, almost the last 14 years. Earthquakes of magnitudes around My, 5.5 or lower (with
those below My, 5.0 simply excluded from this study) are understood to be little significant
for the prediction. To overcome a part of the overwhelming dominance of these lower-
magnitude events—which could hamper the estimation capabilities of the events with the
largest magnitudes—as well as to alleviate the computational requirements where possible,
I have simplified the list of earthquakes to deal with by randomly selecting only 10% of the
events with magnitudes below or equal to My, 5.5; 15% of the events with magnitudes from
My, 5.6 to My, 6.0; 50% of the events with magnitudes from My, 6.1 to My, 6.5; and all the
events with magnitudes higher than M,, 6.5. After this operative simplification, the list of
earthquakes used for training the network displays a magnitude distribution, as shown in
Table 1 and Figure 4.

Table 1. Distribution of earthquakes under study in terms of their magnitudes.

Approximate Magnitude M,
Group Number Magnitude My, Limits Number of Events
1 5.5 or less <5.75 2362
2 6.0 [5.75, 6.25) 736
3 6.5 [6.25, 6.75) 466
4 7.0 [6.75,7.25) 224
5 7.5 [7.25,7.75) 74
6 8.0 [7.75, 8.25) 24
7 8.5 [8.25, 8.75) 3
8 9.0 >8.75 1
2500 — . ; - : : : . :
2000
E’ 1500 -
@
B
3
E 1000
=
500 -

5 5.5 6 6.5 7 7.5 8 8.5 9
Earthquake magnitude Mw

Figure 4. Histogram of earthquake magnitudes.

The earthquakes in the first group are essentially understood as having little signifi-
cance for prediction purposes, so they are considered “non-significant earthquakes” for the
scope of this study. Instead, this study aims to explore the largest magnitudes, with those
in the groups of 7.0 and above as the main targets.

2.3. Training and Validation Data

The largest earthquake in the period of this study is the M, 9.1 Japan earthquake
that occurred on 11 March 2011, UTC 5:46, with an epicenter of latitude 38.297° N and
longitude 142.373° E. This magnitude of My, 9.1 is set to define the extent of the geographic
area to search for anomalies during the whole study; that is, according to Equation (1), an
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abnormal area with a radius r of 8103 km is conservatively used to define the increments in
latitude A and longitude AA from the epicenter by means of Equations (3) and (4), after
equating the distances along the meridian d;, and the parallel d, to this radius r, to define
an area of influence (refer to Figure 2, but in this case, a larger extension).

Now the idea is to go one by one through the whole earthquake list compiled previ-
ously (refer to Table 1 and Figure 4) and, for each earthquake, to construct the following:

e A predictor variable, denoted as the X variable, from the use of the GIM files of the
previous few days (excluding the file of the day of the earthquake)—that is, from
7 days before to 1 day before to predict the maximum earthquake. This X variable
turns out to be a 3D matrix with the following features:

- 60 rows, corresponding to the latitude range explained before;

- 73 columns. Since the length of the parallel arc depends on its latitude different
numbers of columns were obtained for the different latitudes, with high latitudes
needing the whole column range in the GIM, 73. Completing with zeros the other
column ranges was necessary to have a consistent size;

- 84 values in the third dimension, corresponding to the 7 days with data every 2 h
in the GIM files;

e A predicted variable, denoted as the Y variable, which is obtained from the earthquake
list as the highest magnitude of the earthquake occurring in the area from 7 days
before to 4 days after the earthquake under analysis. This is because there could be
aftershocks even larger than the selected earthquake, or previous events of greater
magnitude, and the predictor should capture them. The earthquake magnitude is
categorized in one of eight categories named as group number in Table 1 and this
category is stored as the Y variable.

It is worth mentioning that some earthquakes in the list could not be analyzed due to
the lack of GIMs for those days (data gaps already mentioned in Section 2.1) leaving the
total list of events to be predicted with available GIMs at 3815.

From the whole set of (X, Y) variables, 80% and 20% were selected as training and
validation sets, respectively.

2.4. Convolutional Neural Networks

As previously mentioned, Convolutional Neural Networks have demonstrated a high
performance in image classification. The current problem of forecasting the magnitude
of future earthquakes from a number of GIMs (refer to Figure 3, which shows the data
used for the prediction) can also be understood as a problem of image classification (into
the categories of Table 1) from a number of GIMs that are the analog of the 3-channel
RGB images.

In a previous work [26], the author presented an estimator with significant success for
large earthquake prediction after the extensive testing of all earthquakes of magnitudes
My, of 4.0 or higher that occurred worldwide during the years 2011 to 2018 in the form of a
nonlinear regression model. Unfortunately, the application to subsequent years has proved
to be quite disappointing. Whatever the reason for this limitation, it is clear that some data
typically change or evolve, as is the case for TEC values, which are certainly higher these
days than between 2011 and 2018 (due to the solar cycle), and any approach, whatever it is,
must evolve over time and allow for the incorporation of recent data and not remain frozen
in the past.

This is why, with the solution presented here—which has been trained with data from
1 January 2011 to 1 October 2024—it is understood that it should be trained periodically
with updated data.

We use a network of four convolutional layers, the first with 16, the second with 32,
the third with 64, and the fourth with 128 feature maps, all of them with filters of sizes 5 x 5
and zero padding equal to one. There is also a fully connected layer which is connected to a
softmax output layer, Figure 5. The Stochastic Gradient Descent with Momentum (SGDM)
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Convolution (5, 16)

Batch Normalization §>
RelU

Max Pooling (2, 2)

is used for the adjustment. The training, validation, and testing that will be later explained
were all performed using the Matlab Deep Learning Toolbox [38].

Convolution (5, 32) Convolution (5, 64) .
Convolution (5, 128)

Batch Normalization Batch Normalization L Softmax Layer
§> §> Batch Normalization §> Fully Connected Layer §>

RelU RelLU Classification Layer
RelU

Max Pooling (2, 2) Max Pooling (2, 2)
Figure 5. Scheme of the network layers.

Although the solutions tested so far have by no means been exhausted, the CNN
approach for regression testing was not successful, while the approach with the CNN for
classification has been successful, as presented later. Many ideas to improve the network
design may be possible. In the spirit of a collaborative effort of this presentation, the training
and validation data (that is, both the three-dimensional matrices and the magnitudes of
the subsequent earthquake magnitudes for the entire dataset) are provided in this paper
along with the trained network (in Matlab format) for other researchers to try to improve
the design of the network to enhance the prediction results that will be presented next.

3. Results and Discussion

The neural network has been trained with the training variables mentioned in
Section 2.3, which are available for the readers in Supplementary Materials S1 and S2,
respectively (Xtraining and Ytraining). They comprise 80% of the earthquake-related
information for the period under study (from 1 January 2011 to 1 October 2024). The
remaining 20% of the information has been used for validation, these are the validation
variables mentioned in Section 2.3, which are available for the readers in Supplemen-
tary Materials S3 and 54, respectively (Xvalidation and Yvalidation). As acknowledged
in Section 2.2, the number earthquakes of the smallest magnitudes (mainly those below
My, 6.0) have been reduced to provide a more manageable dataset; first, because their
representation in the dataset is still very abundant, and second, because following the
expressions in use, Equations (1)—(4), the areas affected by earthquakes of these magnitudes
are comparatively much smaller than those of the largest magnitudes. Please remember, in
this regard, anomalies that could be triggered by events of magnitudes below M,, 5.5 are
considered in the same group as calm periods (refer to group number 1 in Table 1) since
this research is mainly aimed at the potential detection of very large earthquakes.

The training and validation process was performed using the Matlab Deep Learning
Toolbox [38] on a standard personal computer; Figure 6 shows its evolution.

The Stochastic Gradient Descent with Momentum optimizer has been used to update
the weights. It has a validation frequency of 5, which helps maintain a strong link between
the validation data and training data without excessively increasing the computational
burden of validation, and a minibatch size of 100, which is a value in the mid-size range
commonly used for image classification. A relatively large number of epochs (150) and
iterations (4500 in total, 30 per epoch) have been selected, although the accuracy of both
the training and validation sets tend to stabilize a bit after reaching the middle of the
calculation. Until then, a fairly gradual increase in accuracy for both the training and the
validation sets is observed.

After 150 epochs, a validation accuracy of 59.70% is achieved. This is a greater
success than it may seem since first, having eight categories (those in Table 1), the incorrect
prediction of an earthquake with a neighboring category could also serve for the purpose
of a warning system, and, second, because the magnitude values close to the interval
limits (for example, a magnitude value of My, 6.2, which belongs to category 2 but is very
close to belonging to category 3, see Table 1) can be, almost equally well, attributed to
both categories.
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Training Progress (16-0ct-2024 12:42:32)

Results
Validation accuracy:
Training finished

Training Time
Start time:
Elapsed time:

Training Cycle
Epoch:

Iteration
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Masximum iterations:
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Figure 6. Evolution of the network training.
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— -@— - Validation
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Overall, the confusion matrix obtained for the whole dataset is shown in Figure 7,
where the color intensity gives an indication of the reliability according to the number of
instances in each classification: in different intensities of blue for diagonal values, which
refer to correct classification, and in different intensities of red for off-diagonal values,
which imply misclassification and are rather pale in this case, with darker values indicating

a higher number of classification errors.

55| 379 23 33 16 4 1
6 9 80 34 26 11 5
6.5 12 24 0 28 8 4 2
7 10 18 26 810 6 2
@75 4 10 10 15 306 1
% 8 2 5 1 3 2 110
E 8.5 2 1 1 16
9 1 9

90.7% 90.8% 90.8%  90.0%

90.8%

89.4% 88.9%

100.0%

9.3% 9.2% 9.2% 10.0% | 92% | 106% | 11.1%

55 6 6.5 7 7.5 8 8.5
Predicted Class

16.9%
9.6%
7.1%
7.1%
11.6%
10.6%

20.0%

10.0%

Figure 7. Confusion matrix for the eight categories (here named with the central My, values) as

defined in Table 1.

As can be seen, the diagonal values clearly dominate the matrix, with adjacent cat-
egories having the second main importance. It must be considered that in the current
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References

implementation, the attributed category is the one to which the network attributes a higher
probability. Other alternatives, such as performing a weighted average considering the
probabilities of the different classes, could also be explored in the future.

Please remember that a single event (like the only one with a magnitude M,, above 9)
can be predicted several days before (not only one day before). Figure 7 does not represent
the number of earthquakes in each category but the prediction versus true numbers for the
different tests.

The trained neural network is also offered to the readers in Supplementary Materials
S5 in the Matlab .mat format.

4. Conclusions

Based on the proven evidence that large earthquakes are often preceded by ionospheric
anomalies, the idea of an earthquake warning system based on periodically trained neural
networks using GIMs has been presented. The necessary information to be collected for
this purpose—three-dimensional matrices from the GIM files for the analysis of the space—
time anomalies—has been introduced. The training and validation data—also using an
earthquake catalog—for the whole period from 1 January 2011 to 1 October 2024 have
been offered to the readers, as well as the neural network that has been trained for this
purpose. The network has reached an accuracy of around 60% in the validation data
for a division into eight categories of different earthquake magnitudes, a percentage that
increases considerably if the classification in the neighboring categories is also accepted,
something that could be clearly admissible for the purposes of a warning system.

Many ideas to enhance the network design may be possible, these are left to the
reader along with the network and dataset used for the current study in order to see how
much the performance can be improved, either with or without the inclusion of additional
information such as, for example, indices of geomagnetic activity. The periodic updating of
the network with updated GIMs, for example once a month, is in any case necessary for its
application to an earthquake warning service. Although the research leading to a feasible
earthquake warning system is clearly unfinished, it is firmly believed that such a system
will be developed sooner or later and that one of its key components will be based, in one
way or another, on a significant amount of information from the ionosphere.

Supplementary Materials: The following supporting information can be downloaded at: https:
//doi.org/10.5281/zenodo.14196868, Data file S1: Xtraining.mat, X variables used for training; Data
file S2: Ytraining.mat, Y variables used for training; Data file S3: Xvalidation.mat, X variables used
for validation; Data file S4: Yvalidation.mat, Y variables used for validation; Data file S5: net24f.mat,
trained network.
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