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Abstract: The introduction of statistical pattern recognition becomes highly important for assessing disaster threats
such as earthquakes. This approach is significantly more comprehensive and suitable for long-term event forecasting.
Therefore, in the future, efforts can be promptly made to reduce the risk of disasters resulting from anomalies in
lithospheric activity, especially frequent earthquakes in the Sumatra Island region, Indonesia. Statistical pattern analysis
of lithospheric activity anomalies can be categorized through classification. Earthquake classification is performed based
on magnitude scale and mathematical calculations of earthquake parameter unit conversion. The classification method
employed in this research includes machine learning methods like k-nearest neighbor and support vector machine. The
evaluation metrics used for machine learning models are model accuracy and confusion matrix tables.
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Introduction

Indonesia is situated within the Pacific Ring of Fire, which is
in the Pacific Ocean, making it prone to earthquakes and
volcanic eruptions. Earthquakes occur because of their
geographic location between the Indo-Australian Plate, the
Eurasian Plate and the Pacific Plate. The movement between
these plates causes earthquakes that occur in Indonesia. One
example of movement between plates is the meeting
between the Indo-Australian plate and the Eurasian plate in
the Java Island region, which is known as the Sunda
subduction zone. As a result, the Indo-Australian plate sinks
beneath the Eurasian plate, which causes earthquakes and
volcanic eruptions. According to experts, approximately 81%
of earthquakes occur in Indonesia [1].

Earthquakes in Indonesia have had a significant impact on
society and the environment. According to the Ministry of
Energy and Mineral Resources (ESDM), 25 regions in
Indonesia are prone to earthquakes [2]. One of these areas is
Sumatra Island, which is crossed by active faults, volcanic

paths, and subduction zones [4]. The earthquakes that
occurred on Sumatra Island involved large shifts such as the
Semangko Fault, Sumatra Fault and Mentawai Fault, with the
most significant earthquake occurring in West Sumatra in
2004 [5].

In this research, earthquake locations were
determined to carry out statistical analysis of the frequency
and distribution of seismic data in the Sunda Strait region
using a machine learning approach. The machine learning
approach used is classification using the Support Vector
Machine (SVM) and K-Nearest Neighbor (KNN) methods.
SVM is a learning system that uses a hypothesis space in the
form of a linear function in high-dimensional features based
on optimization theory. The goal of using SVM is to build a
model to predict given test data. Meanwhile, KNN aims to
classify based on the closest distance to other objects based
on attributes and training data. This research aims to
compare the SVM and KNN methods to identify earthquake-
prone locations, with the hope of enhancing the
understanding of seismic patterns and activities, as well as
evaluating geohazard risks in the Sunda Strait region.
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Method

Dataset

The review of lithospheric dynamic phenomena in this study
includes the timing of earthquake events in Indonesia [6].
Tectonic earthquake activity data will be compiled from the
global earthquake database at earthquake.usgs.gov; in this
case, specially on the sumatera region. The earthquake data
collected includes the time of the earthquake, epicenter
coordinates, earthquake magnitude and depth of the
earthquake epicenter.

The compiled data that has been compiled will also be cross-
reviewed with experts from the Indonesian Center for
Volcanology and Geological Disaster Mitigation (PVMBG) and
the Indonesian Meteorology, Climatology and Geophysics
Agency (BMKG) [7]. The amount of data acquired was
16,263, with 22 columns of features. Then, proceed with data
cleaning for data with NaN values and incomplete data. So,
14,607 earthquake data remain with the MB (body-wave
magnitude) and Mw (moment magnitude) magnitude scales.
This scale measures the energy released by an earthquake
based on primary wave signals (P-wave) that propagate
through the earth's core. Over time, the magnitude scale has
evolved, and today, Mb magnitude is often used together
with Mw (Moment Magnitude) [8], which is considered to be
a more accurate measure of the total energy released by an

earthquake in Table 1.
Table 1 Dataset of Sumatran earthquakes from 1990-2023

lafitude longitude depth mag rms class cassdepth years months days Hours Minutes Seconds
990 1 140 3

1
1
1
1
1

Exploratory Data Analysis

After cleaning the data, continue with Exploratory Data
Analysis (EDA) to review information that may not have been
revealed. Then, see the correlation between features
through data visualization graphs. Correlation analysis can be
seen from the scatter graph shown in Figure 1 on the
magnitude of all features. Based on the scatter graph, it was
found that the relationship between the features was
normally and evenly distributed, except for 2 features,
namely the magnitude class and the depth class. These two
features are the result of a classification of earthquakes on
the scale of magnitude and depth of the Sumatra
earthquake. According to research on earthquake
classification according to the magnitude scale, it is shown in
Table 1.
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Figljre 1 Sumatera Earthquavke Magnitude Scatter Graphi

Table 2 Classification of Earthquakes Based on the
Magnitude Scale

Small Light Moderate Strong Great
Earthquake  Earthquake  Earthquake Earthquake Earthquake
Magnitude

& Magnitude Magnitude Magnitude Magnitude 7.0

less than
4.0-49 5.0-5.9 6.0-6.9 -79
4.0
Impact: Can
Impact: cause Impact: May
i Impact: Can
Often felt, damage to cause serious
Impact: not o i cause
but buildings in damage to o
felt and o . significant
damage the buildings in o
recorded damage within
often earthquake the affected

occurs

source

area.

a large radius.

area.

The Sumatra earthquake hotspot area is shown in Figure 2.
In this study, the earthquake hotspots were limited to the
island of Sumatra and its surroundings.
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Figure 2 Sumatra earthquake hotspot area and surrounding
areas

Next, to determine the earthquake depth classification
features, they are sorted based on the research [9,10,11]
presented in Table 3. Shallow earthquakes occur at depths
relatively close to the earth's surface. The impact can be
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greater in densely populated areas because earthquake
vibrations are felt more directly.

Table 3 Earthquake depth classification features

Shallow Medium Deep Earthquake
Earthquake Earthquake
0-70 km 70 —300 km More than 300 km
Shallow Intermediate Deep earthquakes occur at
earthquakes earthquakes great depths in the Earth's

occur at depths
relatively close to
the earth's
surface. The
impact can be
greater in densely
populated areas
because
earthquake
vibrations are felt
more directly.

occur at greater
depths within the
earth's crust.
Earthquakes at
these depths are
often associated
with subduction
zones and can
cause significant
damage,
especially around

mantle. This type of
earthquake usually does not
cause significant damage to
the surface because the
vibrations have propagated
over a greater distance from
the epicentre.

the epicentre

Intermediate earthquakes occur at greater depths within the
Earth's crust and are often associated with subduction zones.
These earthquakes can cause significant damage, especially
near the epicenter, especially around the epicenter deep
earthquakes occur at great depths in the Earth's mantle. This
type of earthquake usually does not cause significant
damage to the surface because the vibrations have
propagated over a greater distance from the epicenter.

Classification of Earthquakes

Based on Table 2 and Table 3, this study uses two
classifications of earthquakes according to the magnitude
scale and according to the depth of the earthquake. The
number of classes that appear based on the magnitude scale
is shown in Figure 3a. Meanwhile, based on the depth of the
earthquake, the number of classes is shown in Figure 3b. The
classification is divided into two classes, namely 0 and 1 with
specifications for small and light earthquakes, then the rest
are medium and strong earthquakes according to the
magnitude scale. Next is the classification of earthquakes
according to earthquake depth which is divided into two
classes, namely, shallow earthquakes and medium earth
quakes.
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Figure 3 The Number of Classes in Earthquake Classification
Based on (a) Magnitude Scale and (b) Earthquake Depth

KNN (K-Nearest Neighbor)
The K-Nearest Neighbors (KNN) classification method is an

approach in machine learning that is used to predict the class
of new data based on the majority class of the K nearest
neighbors [12]. The main process of KNN begins by
determining the K value, which represents the number of
nearest neighbors that will be used to determine the class of
new data. In feature space, the distance between new data
((w)) with each data in the training dataset ((v)) is
measured using the Euclidean distance formula: d(u,v) =

Vo, (u; — v;)?). After that, KNN selects K training data

points with the smallest distance to the new data point and
determines the majority class of the K neighbors as the
predicted class ((9)) [13]. In a mathematical formula, this
can be represented as (§ =argarg Y. 1(v; =))) ,
where (¥) is predicted class, (y;) is the class of the i th
neighbor, and (I) is the indicator function (1 if true, 0 if false)
[14].

SVM (Support Vector Machine)

Support Vector Machine (SVM) is a machine learning method
that works with the Structural Risk Minimization (SRM)
principle, which aims to find the best hyperplane that
separates two classes in the input space [15]. This method
uses hypotheses in the form of linear functions in a high-
dimensional feature space by implementing bias learning
derived from statistical learning theory [16]. The level of
accuracy in the model that will be produced by the switching
process with SVM is very dependent on the kernel function
and parameters used [17]. The classification process will use
Equation 1. With b being the bias.

y={+1, ifb+a’™x>+1 -1, ifb+a’<-1 (1)

The kernel function used is as follows in equation 2.
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K(x,x;) = exp(=yllx = yl|*) (2)

The strength of SVM is that it avoids overfitting with small
samples and is less sensitive to imbalanced distributions.

Model Evalution
The classification method in this research will be evaluated

based on the accuracy and performance of the classification
technique to determine its effectiveness. Evaluation is
carried out to find the optimal solution resulting from various
complex classification methods and is carried out repeatedly
[18]. Testing of this research was carried out on test data for
the classification function that had been trained. The results
of this test are in the form of a prediction class, which will be
compared with the fact class in the test data using a
confusion matrix, as in Table 4 [19].

Table 4 Confussion Matrix

Actual
TRUE FALSE
Prediction TRUE TP FP
(True Positive) (False Positive)

FALSE FN TN

(False Negative) (True Negative)

True Positive (TP) shows the number of testing data that the
model classifies as the true class. False Positive (FP) shows
the number of testing data in the column that matches the
class but does not include TP. False Negative (FN) shows the
number of testing data in rows that match the class but do
not include TP. True Negative (TN) shows the amount of
testing data in each column and row but does not include the
class column and row [20].

Several standard measurements can be used to measure
classification with two class labels, namely accuracy, true
positive rate, false positive rate, true negative rate, false
negative rate, and precision. The measurement used in this
research is accuracy [21]. Accuracy is used to show accuracy
of sentiment analysis; to calculate accuracy, Equation 3 is
used.

| ~ TP + TN
Couracy =rp { TN + FP + FN

4 | Journal of Science and Applicative Technology, vol. 9 (1), 2025, pp. 13-18

Journal of Science and Applicative Technology

Results And Discussion
In this study, the ratio of training data to test data was 80:20,

with training data being 80% and test data being 20%. The
accuracy results and f1 score with the KNN classification
model are shown in Table 5. Meanwhile, the accuracy results
and f1 score with the SVM classification model with radial
basis function (RBF) kernel parameters are shown in Table 6.

Table 5 Accuracy Results and F1 Score of KNN Classification
Model

Class Precision  Recall F1-score
0 0.99 1.00 1.00
1 1.00 0.95 0.97
Accuracy 0.99

Table 6 Accuracy Results and F1 Score of SVM Classification
Model

Class Precision  Recall Fl-score
0 0.96 1.00 0.98
1 1.00 0.65 0.79
Accuracy 0.96

The confusion matrix obtained from the two models above
is shown in Table 7 and Table 8. The number of test data for

each class 0 and 1 is 2523 and 301 data.
Table 7 Confussion Matrix of KNN Classification Model

Class True False
0 True 2523 0
1 False 15 286

Table 8 Confussion Matrix of SVM Classification Model

Class True False
0 True 2523 0
1 False 105 196

Based on the results above, the accuracy of the KNN
classification model is 0.9922 or 99%. This result is proven by
the error found to be very small with a K value of 24. The
error value is 0.0046, which is shown in the KNN graph with
each K value from 1 to 40 in Figure 4.
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Error Rate vs. K Value
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Figure 4 Error Rate Graph with K Value
Meanwhile, the confusion matrix value of the KNN

classification model obtained was that in class 1, there
were 15 incorrect guesses found. Next, check the value
of each C parameter in the SVM classification model.
The parameter C in the SYM model controls the trade-
off between obtaining the maximum margin and
allowing some data points to violate the decision
boundary (margin). Parameter C is called the penalty
parameter for misclassification of the training data. The
best C value in the model is 1. Because the results
shown are values 1 to 50, a stable value is found
throughout the increase in the C value, as shown in
Figure 5.

Figure 5 Graph of C values against evaluation metrics

Conclusions

Based on the results found in the KNN classification model,
the optimal K value is 24, which yields a very low error rate
and increases the accuracy of each «class to 99
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percentMeanwhile, in the SVM classification model, the C
value is stable up to 50, so the margin of error for each class
is very small. However, the value shown in the confusion
matrix guesses table is that the KNN model is superior in
guessing class 1 in earthquake classification. The SVM
accuracy value obtained was 96 percent. A comparison of the
accuracy results and the f1 score proves that not much data
processing is needed to get an accurate value
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