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Abstract

Detection of earthquake-precursor signals a few days before the earthquake day has
become an area of increasing interest. In recent years, it has been observed that the major
earthquakes and geomagnetic activity can cause significant disturbances and anomalies in
the ionospheric parameters such as Total Electron Content (TEC). TEC provides impor-
tant information about the detection of anomalies and disturbances related to seismic and
geomagnetic activity in the ionosphere. The main goal of this study is to classify the distur-
bances due to the seismic and geomagnetic activity in the ionosphere using TEC data. For
this purpose, the K-Nearest Neighbors (K-NN) algorithm is applied to TEC estimated from
Global Positioning System stations during five earthquakes with magnitudes Mw greater
than 5.6 between 1999 and 2016 and for the geomagnetically quiet and disturbed condi-
tions of the ionosphere. The data is divided into four classes as non-earthquake and non-
geomagnetic activity, geomagnetic activity, possible earthquake precursor and earthquake
for each earthquake. The study is performed into two groups as Group I, where five days
before the earthquake day are marked as precursor, and Group II, where three days are
marked as precursors. It is observed that 5055 test samples out of a total of 5184 are clas-
sified as true whereas 129 are classified as false for Group I. 3912 are classified as true and
105 are classified as false for Group II. For the possible earthquake class, the Accuracy
values increase inversely with the distance of the stations from the epicenter and directly
related to the magnitude of the earthquakes.
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1 Introduction

To reduce the likelihood of earthquake damage situations and potential risks, it is essential
to identify, classify, and predict the precursors before the strong earthquakes. The precur-
sor signals during the major earthquakes are detected and classified by the deterministic
models [1-4]. In these models, the signals have probabilities in terms of location, time and
magnitude of the earthquakes. The studies based on predicting, classifying and modeling
the earthquake-precursor signals are very recent in the literature. These studies progressed
after the second half of this century have grown in parallel to the multidisciplinary field
such as seismology [5], geology [6], physics [7, 8], remote sensing [9] and signal process-
ing [2] and etc. The studies based on the detection, classification and prediction of earth-
quake-precursor signals have presupposed on the techniques of observing and measuring
some variations in the Earth’s crust and then its coupling to the atmosphere couple days
before the maximum shock before the breakdown of the fault. Significant results have been
observed with strategies based on forecasting, categorizing, and modeling earthquake-pre-
cursor signals. They are all still in the surveying and development phases as of right now.
Most of the studies related to detection, classification and prediction of earthquake-precur-
sor signals are based on the empirical models that aim to detect the precursor signals a few
days before the strong earthquakes. However, the behavior of these precursor signals over
long time periods is still an area of research and interest. Therefore, there are still serious
discussion regarding the reproducibility and reliability of these techniques.

In order to prevent the damaging impacts of earthquakes, it is important to identify,
categorize, and predict the precursor signals before strong earthquakes. Before and dur-
ing earthquakes, the movements of the earth’s crust result in not only quakes but also sig-
nificant variations that human beings cannot sense directly. In recent years, these variations
have been modelled using different ionospheric parameters such as the critical frequency of
the ionosphere and the Total Electron Content (TEC). A crucial layer of the Earth’s atmos-
phere, the ionosphere, is situated between 60 and 1000 km above the surface. It profoundly
affects satellite and communication systems, near-Earth space events, Space Weather, and
the magnetic field of the Earth. The ionosphere is a dispersive and inhomogeneous plasma
medium that varies multiple scale spatially and temporally [10]. The spatio-temporal vari-
ability of the ionosphere incurs significant disturbed and anomalous signals in High Fre-
quency (HF) communication, satellite systems and satellite based navigation systems [11,
12], control and radar system. The ionosphere’s spatiotemporal variability, which is one of
the characteristics of the atmosphere, is precisely related to solar, geomagnetic, and seis-
mic activities. It is necessary to observe and model spatio-temporal variations in the iono-
sphere brought on by coupling of solar, geomagnetic, and seismic events for the welfare
and continuation of satellite-based navigation systems [13]. One of the most common iono-
spheric parameters, TEC is estimated from the ionospheric electron density distribution
and affected from the spatio-temporal variations caused by solar, geomagnetic, and seismic
activities. TEC is described as the sum of the free electrons throughout a ray path of the
radio waves between the satellite and the receiver [14, 15]. TEC is equal to 106 electrons
per square meter and its unit is TECU.

Within Earth’s upper atmosphere, there is a complex and dynamic interplay between
geomagnetic activity and ionospheric disturbances. Geomagnetic activity caused by
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fluctuations in the solar wind and the Earth’s magnetic field significantly influences the
ionosphere. Ionospheric disturbances may result from increased solar wind energy during
times of increased geomagnetic activity, such as during geomagnetic storms. These dis-
turbances appear as variations in the electron density, anomalies in the ionospheric layers,
and the anomalies in the ionospheric plasma [10, 16]. Understanding space weather phe-
nomena requires an understanding of the relationship between geomagnetic activity and
the ionosphere. The importance of tracking and forecasting geomagnetic conditions for a
range of technology applications on Earth and in space is highlighted by the impact that
ionospheric disturbances can have on satellite communication, radio wave propagation, and
navigation systems [11, 12]. When the effects of variables like fluctuating solar irradiance
and background seasonal changes are thoroughly eliminated, the response tendencies of
low- to high-latitude foF2 to rising geomagnetic activity are observed in [17]. Also, [18]
has indicated that the contribution of geomagnetic activity to the perturbation of the iono-
sphere is highly substantial during the solar minimum and ascending phase of the solar
cycle, but it is very small when geomagnetic activity is at its highest point, which often
occurs during the declining phase.

In recent years, one of the topics studied intensively in the literature is the Lithosphere-
Atmosphere—Ionosphere Coupling (LAIC) model [19, 20] that explains the coupling
between seismic activity and the electromagnetic condition of the ionosphere. These inves-
tigations, which have a recent history, indicate that there is a significant relation between
the strong earthquakes and anomalous signals in the ionosphere. The first studies of iono-
sphere effects about this coupling have been worked just after the Great Alaskan earth-
quake on Good Friday, March 27, 1964 [21-26]. The coupling of Acoustic Gravity Waves
(AGW) with the ionosphere is the first idea put forward for this coupling mechanism
between the ionosphere and seismicity [27, 28]. The first studies [29] and [30] have sug-
gested that the critical frequency of the E region of the ionosphere varies during the strong
earthquakes as seismic precursors. Also, Very Low Frequency (VLF) has been accepted
as seismic ionospheric precursors in this coupling. [31] has introduced that VLF sounds
recorded on satellites before the major earthquakes are not produced in the seismic areas
and do not interpenetrate to the ionosphere. In the studies about for the seismo-ionospheric
coupling model [7, 8, 32-35], the variability of the electron density of the ionosphere
obtained from the ionosonde and the Global Positioning System (GPS) networks has been
studied for the ionospheric disturbed and quiet conditions. In these studies, some anomalies
on the ionospheric TEC have been observed for the stations within the impact area of the
earthquake 1 to 5 days before the earthquake. Recently, in [2], a new a new technique, Sup-
port Vector Machine (SVM) classifier, based on the Machine Learning has been applied
on GPS-TEC data with geomagnetic indices for the detection of earthquake precursors.
During the validation period of 266 days, the SVM classifier detected seismic precursors in
17 out of 21 earthquakes while producing 7 false alarms, and in 22 out of 24 earthquakes
while generating 13 false alerts during the test period of 282 days.

The majority of analytical studies to find the ionospheric precursor have used the sta-
tistical techniques. In these studies [8, 32-34, 36—41], it has been tried to reveal the sta-
tistical relations between the ionospheric parameters such as TEC, critical frequency of
the ionospheric F2-region. There is still a great deficiency and demand in the application
of advanced signal processing techniques in order to detect and classify the ionospheric
abnormal signals during the geomagnetic and seismic activities. In recent years, powerful
algorithms have been developed that can use logarithmically increasing data and powerful
hardware to process them. Algorithms for Machine Learning (ML) are concerned with the
design and development of algorithms that allow computers to learn based on different
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forms of data, including sensor data or databases. The goal of ML algorithms is to ena-
ble computers to recognize the complex patterns and arrive at informed judgments using
data. In disciplines including statistics, probability theory, data mining, pattern recogni-
tion, artificial intelligence, adaptive control, and theoretical computer science, ML is so
widely used. To train computers to carry out tasks for which there is not a totally suit-
able algorithm, ML employs a range of techniques. One strategy is to declare some of the
right replies as valid when there are numerous possible responses. The algorithm(s) that
the computer uses to discover the right answers can then be developed using this as train-
ing data. In order to analyze this data intelligently and develop relevant real-world applica-
tions, the ML algorithms are especially applied to very wide areas such as image process-
ing with high-dimensional data [42], large cluster classification [43], finance [44], media
[45], healthcare [46] and email/spam filtering [47]..

In this study, K-Nearest Neighbors (K-NN) algorithm, one of the ML techniques, is
used to detect and classify the ionospheric disturbances during five strong earthquakes
with magnitudes Mw greater than 5.6 and geomagnetic activity. The K-NN algorithm is a
widely used algorithm because it is straightforward and simple to use, powerful and con-
venient to learn, and a non-parametric technique. The K-NN algorithm is a preferred option
for many applications because it has the potential to analyze complex data patterns and is
a simple and fast running algorithm. GPS-TEC obtained from International GNSS Service
(IGS) centers as IONOLAB-TEC outputs with 2.5 min resolution constitutes the data set
of this study. The K-NN algorithm is performed on GPS-TEC obtained for two geomag-
netically quiet days, one geomagnetically disturbed day, five and three days before the each
earthquake and the earthquake day. The data used in the study and the K-NN algorithm are
presented in Sects. 2 and 3, respectively. The results are given in Sect. 4.

2 The Data

The K-NN algorithm is applied to TEC estimates obtained for two geomagnetically quiet
days, one geomagnetically disturbed day, five and three days before the each earthquake
and the earthquake day, respectively. TEC estimates are obtained from fifteen IGS-GPS
stations listed in Table 2. Earthquake day’s information are obtained from United States
Geological Survey [48]. The chosen five earthquakes between 1999 and 2016 are listed in
Table 1. The variations of Kp, Ap and Dst indices are given for the chosen disturbed days
in Fig. 1.

TEC estimates used as the data source of this study are obtained from dual band GNSS
(Global Navigation Satellite Systems) receivers. TEC data are estimated as [ONOLAB-TEC

Table 1 The geographic locations, the date, the time, the magnitudes and the depths of the chosen earth-
quakes chosen for the study

Earthquakes  Date Time (UTC)  Latitude  Longitude = Magnitude Mw  Depth
(ODDMM YYYY) (hh:mm) (Richter) (km)

El 17 Aug 1999 00:02 40.74°N  29.86°E 7.4 17

E2 12 May 2008 06:28 31.02°N  103.36°E 7.9 10

E3 13 Jun 2008 23:43 39.03°N  140.88°E 6.9 7.8

E4 24 Aug 2016 01:36 42771°N  13.17°E 6.2 10

ES 24 Aug 2016 02:33 4279°N  13.15°E 5.6 10
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Fig. 1 The values of a Kp index, b Ap index and ¢ Dst index for October 22, 1999; d Kp index, e Ap index
and f Dst index for March 27, 2008; g Kp index, h Ap index and i Dst index for September 04, 2008 and j
Kp index, k) Ap index and 1 Dst index for September 02, 2016

-lr:cbz:tei(fnsT;lr:: dglt;gsg:}ptii&: GPS GPS Station Receiver ID Latitude Longitude

receiving stations used in the Ankara, Turkey ankr 39.69° N 3275°F

study Gebze, Turkey tubi 40.59° N 29.45°E
Sofia, Bulgaria sofi 42.55°N 23.39°E
Kunming, China kunm 24.88° N 102.79° E
Lhasa, China lhaz 29.49° N 91.10°E
Sheshan, China shao 30.92° N 121.20°E
Shaanxi, China xian 34.18°N 109.22°E
Mizusawa, Japan mizu 38.94° N 141.13° E
Mitaka, Japan mtka 35.49° N 139.56° E
Tsukuba, Japan tskb 35.92° N 140.08° E
Usuda, Japan usud 35.95°N 138.36° E
Genova, Italy geno 44.22° N 08.92°E
Torino, Italy ieng 44.82° N 07.63°E
Firenze, Italy igmi 43.60° N 11.21°E
Matera, Italy matl 40.45° N 16.70° E
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obtained with the Regularized Estimation (Reg-Est) algorithm. The Reg-Est algorithm is
a powerful algorithm that can estimate the GPS-TEC on a single station in the direction
of the local zenith as given in [14] and [49]. With the Reg-Est algorithm, GPS-TEC can
be estimated both as IONOLAB-STEC and IONOLAB-TEC for any geographic coordi-
nate for any days of ionosphere [50]. The ephemeris and IONospheric Exchange (IONEX)
records including Differential Code Biases (DCB) and Global Ionospheric Maps (GIM)
are obtained from Crustal Dynamics Data Information System (CDDIS), NASA’s Archive
Space Geodesy Data. In cases where Receiver DCBs are not available, IONEX files are
computed using IONOLAB-BIAS algorithm given in [51]. The IONOLAB-STEC and
IONOLAB-TEC can also be accessed from IONOLAB [15] as *.exe format [52]. In this
study, 2.5 min time resolution IONOLAB-TEC data are estimated for each GPS station
whose geographic coordinates are given in Table 2 [53].

The algorithm is applied into two groups. The ionosphere is relatively quiet both for
Group I and II during the chosen earthquake periods. Kp and Ap indices have maximum
values of 5 and 29, respectively. The Dst index reaches maximum -40 nT. The Kp and
the Ap indices are downloaded from Space Weather Prediction Center of National Oce-
anic and Atmospheric Administration [54]. The Dst indices are achieved from World Data
Center for Geomagnetism [55].

3 The K-Nearest Neighbors Algorithm

IONOLAB-TEC used in the study can be defined for day d of any u station as follows:

n 1)

Xypq= [xu;d(l) e Xg() ...xu;d(N)]

where x,;d(n) is the nth TEC measurement, x,,;d(/N) is the total amount of TEC samples on
day d and T is the transpose of the vector.

In many pattern classification studies, feature vectors are created using statistical fea-
tures. In this study, different days of any station compose the feature matrices for each sta-
tion from the TEC vectors defined by Eq. (1). For any station u, the feature matrix F, can
be defined as follows:

T
Fu = [xu;dl’xu;dZ’ ’xu;dm] (2)

where, the vectors x,.41,X,.40 ..., X,qm Tepresent the daily IONOLAB-TEC vectors
between the first and the last days of station u, respectively. For each earthquake, the fea-
ture matrix Fp combined with daily IONOLAB-TEC vectors of different stations u, v, y and
z can be defined as follows:

j— . . . T
FE - [xu;dl’ ’xu;dm’xv;dl’ ’xv;dm’xy;dl’ ’xy;dll’xz;dl’ ’xz;dm] (3)

The algorithm is applied using two different groups of approaches. The first two col-
umns of the feature matrices F' are accepted as having a non-earthquake and non-geo-
magnetic activity status. The fourth column is accepted as geomagnetic disturbed status.
The following five columns (columns 5-9) in Group I are accepted as having a possible
precursor status, and the final column (column 10) is recognized as having an earth-
quake status. The columns between five and seven are designated as a possible precursor
status in Group II. The last column (8) in Group II is designated as an earthquake status.
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To determine which day the earthquake precursor signals appear is the basis for two
techniques of the study.

Machine learning algorithms can be grouped into parametric and nonparametric
models. The K-Nearest Neighbors (K-NN) algorithm belongs to a subcategory of non-
parametric models defined as instance-based learning. Instance-based learning contains
the nearest neighbors and locally weighted regression methods conjecturing the samples
can be symbolized as points in the Euclidean space. The K-NN algorithm is an algo-
rithm performed on solving both classification and regression algorithms and can be
easily adapted to approximate continuous-valued target functions. The K-NN algorithm
is quickly executed for small training datasets. The algorithm does not need any prior
knowledge of the pattern of the data in the training set. If a new training set is added to
the existing pattern in the algorithm, no retraining is required. One of the critical points
for the performance of the K-NN algorithm is how to measure the closeness between
samples [56, 57].

Euclidean distance is a highly preferred metric for continuous variables located on a
straight line in Euclidean space. The K-NN algorithm classifies an unknown sample pre-
sented by some feature vector as a point in the feature space by calculating the distance
between the points in the training data set. The algorithm specifies the class of the point
between its k nearest neighbors [58]. When a new query example comes, its relationship
with the previously stored examples is tested in order to appoint a target function value
for the new example. In this study, the Euclidean distance between two days da and db
of the feature matrix of any station u is defined as follows [59]:

k

d(Fu) = Z (xu;da(n) - xu;db(n))2 @

n=1

For each earthquake, Eq. (4) can be defined for the feature matrix F, combined with
daily IONOLAB-TEC vectors of different stations as follow:

k

d(Fg) = \| Y (5a) = x,0m)° 5)

n=1

To estimate the value of the test data by weighted of its neighbors, the inverse Euclid-
ean distance weight is computed as follows:

w, = L
u Fu (6)

When the unbundled variables in the data set are in different units, it is crucial to
normalize the variables before calculating the distance. This poses a problem, as most
machine learning algorithms use the Euclidean distance between two data points in their
calculations. So in this case, both properties must be done in the same range. In order
to compensate this impact, it is necessary to get all properties to the same order of mag-
nitude. This can be accepted as normalization. In this study, Min Max Scaler (MMS)
function defined as follows is used for the normalization:

F,(n) — min(F,)
max(Fu) — min(F,) )

MMS =
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How the model is applied to data sets can be seen from the flow diagram given in Fig. 2.

After the training process, the classification success is checked with the test data. Four
different evaluation criteria, the Accuracy (A), Precision (P), Recall (RC) and F1 — score,
the parameters are used to evaluate the model performance. The formulas for these evalua-
tion metrics are defined as follows:

TP + TN
A= ®
TP+ FP+ TN + FN
TP
p=_—_""
TP + FP ©)
TP
C=——
TP + FN (10)
F1 — score = 2x PxRC (11)
P+RC

The higher A value is obtained where the most common evaluation metric and the better
the classification performance is calculated. P and RC are used to evaluate the accuracy of
the classifier. The small RC value shows that the classifier is aggrieved from many False
Negatives (FN) and the small P value shows that the classifier is aggrieved from a large
number of False Positives (FP). While True Positive (TP) refers to the correctly classi-
fied diseased cases, False Negative (FN) refers to the cases with the wrongly classified
disease. Similarly, True Negative (TN) refers to correctly classified healthy cases, while F/P
indicates incorrectly classified healthy cases. The F'1 — score is used to prevent incorrect
model selection in the data set that is not evenly distributed.

Create
IONOLAB Feature k-val
TEC Data : e
Matrices Selection
C‘"_'S"““ Calculate Invers Euclidean
Theoretical Sample Euclidean Distance as
Set and Output Distance Weight
Level
J
l Class-0
Normalizaton
with Min Max Predicted

Fig.2 The block diagram of the K-NN algorithm used in the study
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4 Results and Discussion

In this study, the K-NN algorithm defined in Sect. 3 is performed on IONOLAB-TEC esti-
mates in order to classify the ionospheric disturbances during five different earthquakes
periods with magnitudes Mw between 5.6 and 7.9 and geomagnetic activity periods. For
each earthquake, IONOLAB-TEC estimates are obtained from at least three stations. The
stations are chosen from those closest to the earthquake center and data available. The lack
of coarse data for chosen stations and days in the study is the cause of the missing values in
the chosen periods. The geographic coordinates of these GPS stations given in Table 2, dis-
tances to the epicenters and the coordinates of the earthquakes given in Table 1 are demon-
strated in Fig. 3.

Investigation periods for each earthquake are chosen into two groups. In Group I, five
days before the each earthquake are chosen as a possible earthquake precursors. In Group
I1, three days before the each earthquake are chosen as the same status. For both two groups
of application, two geomagnetically quiet days and one geomagnetically disturbed day are
chosen as non-earthquake and non-geomagnetic activity and geomagnetic activity, respec-
tively. In Fig. 4, the IONOLAB-TEC estimates for the closest stations to the epicenters are
given for one quiet day (Fig. 4a, d, g and j) for E1, E2, E3, E4 and E5, respectively. The
chosen geomagnetic disturbed days are represented in Fig. 4b, e, h and k. The red lines in
Fig. 4e, £, i and 1 demonstrate the five days before and the earthquake days of E1, E2, E3,
E4 and ES5, respectively. The distance between the stations to the earthquake epicenters vary
from 38 to 651 km. In Fig. 4, it is observed that TEC has minimum value one day before
El, three and five days before E2, one day before E3 and two days before E4 and ES5. Also,

45N

40° N

35" N

30°N
ns b

95E 100k 105k 110E NSE 10F

ay 2WE 25 3°p E 4F

45N 50°N

0N 45°N

15° N

30°N
o BVE nSE g uSE IS0E SE 'k g wE BE
Fig.3 Locations of reference stations given in Table 2 shown with blue circles and earthquakes shown with
red stars for: a E1, b E2, ¢ E3 and d E4 and ES given in Table 1
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IONOLOB-TEC (TECU)

12 16 8 122 16
Time (UT) Time (UT)

Fig. 4 IONOLAB-TEC values for tubi: a on August 07, 1999, b on October 22, 1999 and ¢ between August
12 and 17, 1999; for xian: d on May 02, 2008, e on March 27, 2008 and f between May 02 and 12, 2008;
for mizu: g on June 03, 2008, h on September 04, 2008 and i between June 03 and 13, 2008 and for igmi: j
on August 24, 2016, k on September 02, 2016 and 1 between August 14 and 24, 2016. Black and blue solid
lines represent IONOLAB-TEC values obtained for the geomagnetically quiet and disturbed days, respec-
tively. Red solid lines represent the IONOLAB-TEC values obtained for the six-day earthquake period
including five days before the earthquake and the day of the earthquake

TEC has maximum value four days before E1 and one day before E4 and ES. Three and four
days prior to the earthquake, the normal TEC corruption occurs during the E3 period. In all
geomagnetic disturbed days, TEC values are much greater than on all quiet days in Fig. 4.

In Group I, two days are marked as the non-earthquake and non-geomagnetic activ-
ity as O-class. One geomagnetic disturbed day (given in Fig. 4) is marked as 1-class. Five
days just before the each earthquake day are marked as the earthquake precursor status as
2-class. The earthquake day is assigned as earthquake status as 3-class. In Group I, similar
to Group I, two non-earthquake and non-geomagnetic activity days and one disturbed day
are as 0-class and 1-class, respectively. Three days just before the each earthquake day are
marked as the earthquake precursor status as 2-class. The earthquake day is assigned as
earthquake status as 3-class. 75% and 25% of the data consist of the feature matrices are
used for training and test, respectively. In this distinction, the samples are chosen randomly.
After the training process, the classification success is checked with the test data. Then, the
K-NN algorithm given in Sect. 3 is applied to the feature matrices during the training and
the test processes.

A methodological error occurs when a forecasting function’s parameters are obtained
and then evaluated on the same data: a model that could only repeat the samples’ tags that
it has just seen would have an ideal score, but it would be unable to predict anything useful
on data that has not yet been seen. The term "overfitting" describes this scenario. In order
to avoid it, it is customary to reserve a subset of the available data as a test set (X, Yyesr)
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while conducting a (supervised) Machine Learning experiment. Note that even in commer-
cial settings, Machine Learning often begins with an experiment, hence the term "trial" is
not limited to use in academic contexts only. In Fig. 5, a flow chart is given that shows how
the standard model training procedure for cross-validation is carried out.

In this study, the K-NN algorithm given in Sect. 3 is performed on the IONOLAB-TEC
estimates obtained during five earthquakes periods with magnitudes Mw between 5.6 and
7.9, geomagnetic storms and quiet days. IONOLAB-TEC estimates are normalized using
Eq. (7). The data sets for each earthquake are consists of a total of 5184 samples of 9 days
for Group I and 4632 of 7 days for Group II at 2.5 min resolution for one station. The fea-
ture matrix given by Eq. (5) for each earthquake consists of three station data for the E1
earthquake and four station data for the E2, E3 and E4 earthquakes. All stations located
around the epicenter of the earthquakes and providing data are used within the scope of the
study. As a result of the application of the Eq. (5), the confusion matrices obtained for each
earthquake are given in Figs. 6 and 7 for Group I and Group II, respectively. In the confu-
sion matrices where the true classes and predicted classes are shown, the four status are
given 0, 1, 2 and 3, respectively. When Figs. 6 and 7 are both investigated, it is observed
that the algorithm has the capability to distinguish the classification of four status in the
predictive and the true classes. How many of the test classes are accurately predicted when
compared to the true classes reveals the algorithm’s overall classification Accuracy. When
the confusion matrices are compared with each other, it is observed that the classification
success performance is generally high. The counts of the TP classes for all three status are
greater than 96%. The earthquake with the lowest rate of misclassification is observed at
status 1 for E2 for both Group I and Group 2 (Figs. 6a and 7a). In Group 1, 267 samples
are classified as non-earthquake and non geomagnetic activity (98.8%), all 138 samples are
classified as geomagnetic activity (100%), all 751 samples are classified as possible earth-
quake precursor (100%) and all 137 samples are classified as earthquake (100%) for E2. In
Group II, 1 and 3 classes are classified with 100% Accuracy while 0 and 2 classes are clas-
sified with 99.3% and 99.7 for E2, respectively.

Accuracy (A, Eq. (8)), Precision (P, Eq. (9)), Recall (RC, Eq. (10)) and F1 — score
(Eq. (11)) performance metrics are computed for each earthquake using the confusion matri-
ces given in Figs. 6 and 7 to evaluate the results. The metricsA,P, RC and F1 — score values
are comparatively given in Table 3 both for Group I and II for 2-class. It is observed that there
is a positive correlation between the A and the magnitude of the earthquake. The A values

Fig.5 Flow chart for the stand-
ard model training procedure for
cross-validation
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Fig.6 The confusion matrices for Group I in order of magnitude from greater to smaller for: a E2, b El, ¢
E3 and d E4 and E5

increase directly related to the magnitude of the earthquakes. A values for Group I are greater
than those for Group II when A values for Groups I and II are compared to one another.
All A values for Group I and II are over 96% for all four earthquakes. Small differences are
observed between classification accuracies of each region in the analysis results. In Machine
Learning, P and RC values should be 1 for good classification. For both Group I and Group
II, a positive correlation is observed between A values and earthquake magnitude. A values
increase depending on the magnitude of the earthquake. In this study, P values for two groups
are at least 95% and above. The F1 — score values, which is the weighted average of the P
andRC, are above 96% for both two groups. As shown in Table 3, the greater F'1 — score
values indicate that the classifier has the smaller FP and FN values. It is observed that the
proposed method has a good performance to be able to classify the possible earthquake pre-
cursor signals in the ionosphere based on the A and F'1 — score values in the study.

As a result of the application of the Eq. (4), A values are computed for each stations
within five different distance categories given in Table 4. The Accuracy values for each
station are comparatively given for class-2 both for Group I and II in Tables 5 and 6. It is
observed that the A values decrease as the distance of the station to the epicenter increases
for both Group I and II. It is observed that the A values decrease as the distance of the sta-
tion to the epicenter increases for both Group I and II. While the accuracy for stations in
the category C1 for Group I is about 60%, the A is about 50% for Group II. For Group II,
the A is about 50% for the stations in C1 and C2, but less than 50% for the stations in C3,
C4 and CS. If 50% for A values is accepted as the threshold for both two groups, A values
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Fig.7 The confusion matrices for Group II in order of magnitude from greater to smaller for: a E2, b E1, ¢

E3 and d E4 and E5

Table 3 Accuracy (A), Precision (P), Recall (RC) and F1 — score values of the all earthquakes arranged in

order of magnitude from highest to lowest

A(%) P(%) RC(%) F1 — score(%)
Group I Group 1T Group I Group II Group I Group II Group I Group 11
E2 99.8 99.7 99.7 99.8 100 99.8 99.8 99.8
El 96.8 97.6 96.9 96.4 98.2 98.6 97.5 97.5
E3 96.8 96.2 96.8 96.8 97.7 96.1 97.2 96.4
E4 96.5 96.0 97.7 95.9 97.5 96.4 97.5 96.1
Zz::)i(;ngl:s tcl?etedgizgflsc gr;)fut[l)]zd Category Distance to Epicenter (km) Stations
stations from the epicenters c1 0-50 mizu, tubi
C2 50-300 igmi, ankr
C3 300-500 tskb, geno, matl,
usud, mtka,
ieng
C4 500-1000 sofi, kunm, xian
C5 > 1000 lhaz, shao
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Table 5 Accuracy (A) values of the all stations ordered according to their distance to the epicenters from
the nearest to the farthest for Group I

Categories E2 El E3 E4

Station A(%) Station A% Station A(%) Station A(%)

Cl - - tubi 57.8 mizu 60.7 - -
Cc2 - - ankr 524 - - igmi 51.3
C3 - - - - tskb 51.3 geno 50.7
- - - - usud 50.8 matl 50.7
- - - - mtka 50.4 ieng 49.6
C4 xian 49.5 sofi 47.4 - - - -
kunm 49.0 - - - - - -
C5 lhaz 42.1 - - - - - -
shao 419 - - - - - -

Table 6 Accuracy (A) values of the all stations ordered according to their distance to the epicenters from
the nearest to the farthest for Group II

Categories E2 El E3 E4

Station A(%) Station A(%) Station A(%) Station A(%)

Cl - - tubi 48.7 mizu 49.0 - -
Cc2 - - ankr 47.4 - - igmi 46.0
C3 - - - - tskb 433 geno 43.9
- - - - usud 43.1 matl 43.8
- - - - mtka 43.1 ieng 42.4
C4 Xian 42.7 sofi 42.8 - - - -
kunm 42.9 - - - - - -
C5 lIhaz 41.8 - - - - - -
shao 40.8 - - - - - -

are greater than 50% for stations up to 272 km from the epicenters as they are smaller than
50% for stations up to 500 km from the epicenters.

In this study, the reason for taking the harmonic mean instead of a simple mean while
obtaining the experimental results is that extreme cases should not be ignored. Assum-
ing the Fl-score is simply averaged, a model with a P value of 1 and a RC value of 0 will
have an F1-score of 0.5. This would be misleading. The main reason for using the F1-score
parameter to evaluate model performance is to prevent a misleading result in an unevenly
distributed (unbalanced) data set.

Classifying the precursor signals in the ionosphere related to earthquakes can create
new opportunities for early warning systems. Accurately forecasting the occurrence of the
earthquakes has always been difficult since earthquakes are intricate geological phenom-
ena. According to this study, tracking specific ionospheric anomalies may yield important
insights prior to earthquake occurrences. Comprehending precursor signals in the iono-
sphere aids in the monitoring of ionospheric disturbances and anomalies. Not only can
monitoring these signals help with earthquake prediction, but it also sheds light on space
weather events. Enhancing ionospheric monitoring can assist reduce the effects of space
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weather events on GPS, satellite communication, and other technologies, improving their
performance and dependability. This study can motivate multi-disciplinary collaboration
between seismologists and space weather researchers. These disciplines have historically
worked independently, but the results in this study can point to the possibility that improve-
ments in both might come from a better comprehension of ionospheric processes. Through
this collaboration, it may be possible to create early warning systems that are more reliable
and to comprehend the intricate relationships that exist between Earth’s geophysical and
space environments.

5 Conclusion

In this study, the ionospheric disturbances due to the seismic and geomagnetic activity are
classified with the K-Nearest Neighbors (K-NN) algorithm by using GPS-TEC. TEC data
is estimated for 15 IGS stations during five earthquakes with magnitude between Mw 7.9
and 5.6, one geomagnetically disturbed day and two quiet days with no seismic and geo-
magnetic activity. The results are obtained into two application groups. In two groups, the
three non-earthquake and non-geomagnetic activity days are marked as the non-earthquake
status as O-class. One geomagnetic disturbed day is assigned as 1-class. In Group I, five
days before the each earthquake are accepted as the earthquake precursor status as 2-class.
In Group II, three days before the each earthquake are accepted as the earthquake precur-
sor status as 2-class. The earthquake days are assigned as earthquake status as 3-class both
for Group I and II. 75% and 25% of the data sets are used for training and test, respectively.
The K-NN algorithm is applied to the trained and tested data for all earthquakes and sta-
tions. Four different metrics, the Accuracy (A), Precision (P), Recall (RC) and F1 — score,
are calculated using confusion matrices to evaluate the performance of the model. Out of
5184 test samples, it is observed that 5055 are classed as true (97.5%), while 129 are clas-
sified as false (2.5%) for Group I. Out of 4017 test samples, 3912 and 105 samples are clas-
sified as true (97.4%) and false (2.6%) for Group II, respectively. The Accuracy values for
the possible earthquake class rise inversely with the distance of the stations to the epicent-
ers and are correlated with the magnitude of the earthquakes.

The results of this study may potentially be useful in the development of technologies
for better monitoring both space weather and pre-earthquake process and forecasting. This
could result in the improvement of current monitoring systems and the creation of new
tools that have a greater degree of precision in detecting ionospheric precursors. In conclu-
sion, the results of this study on classification ionospheric disturbances due to geomag-
netic and seismic activity have significant consequences for the fields of space weather
and seismology researches. Enhancing ionospheric monitoring and improving earthquake
prediction are potential benefits that highlight the significance of ongoing research and
cooperation in these areas for the advancement of knowledge in science and real-world
applications.
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