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TABLE1
THE INTERMEDIATE EARTHQUAKE IN NORTHERN SUMATERA, PERIOD
JANUARY TO APRIL 2020

Origin Time Mag. Type Lat. Long. Depth Region
2020-03- jo M 1.24 9887 766 Northern Sumatra,
22T18:03:49 Indonesia
2020-03- 27T M 1.96 99.05 948 Northern Sumatra,
16T18:49:22 Indonesia
2020-03- e M 1.55 9882 845 Northern Sumatrm,
13T23:04:24 Indonesia
2020-02- Il M 1.32 9888 837 Nothern Sumatra,
16T12:59:38 Indonesia
2020-02- 43 M 1.50 98.89 789 Nothern Sumatra,
10T12:12:38 Indonesia
2020-02- 3I0M 1.94 9891 949 Norhern Sumatra,
09T17:14:24 Indonesia
2020-01- 32 M 1.12 9902 948 Northern Sumatra,
16TO0:14:27 Indonesia
TABLE Il
SHALLOW EARTHQUAKE IN NORTHERN SUMATRA, PERIOD JANUARY TO
APRIL 2020
Origin Time Mag. Type LatLong.Depth Region

2020-05- 26 M 1.0199.48 10.0 Northern Sumatra,
05T12:31:33 Indonesia
2020-05- 34 M 1.6799.21 10.0 Northern Sumatra,
03T13:46:19 Indonesia
2020-05- 21 M 1.1699.50 10.0 Northern Sumatra,
01T22:31:24 Indonesia
2020-04- 5.4 Mw(mB)1.1799 .46 10.0 Northern Sumatra,
30TO8:20:26 Indonesia
2020-04- 28M 2.9498.55 10.0 Northern Sumatra,
30T07:09:00 Indonesia
2020-04- 34 M 2.9698.55 10.0 Northern Sumatra,
28T07:38:16 Indonesia
2020-04- 32 M 2.9298.55 10.0 Northern Sumatra,
28T04:47:37 Indonesia
2020-04- 30 M 1.7899.18 10.0 Northern Sumatra,
21T05:27:10 Indonesia
2020-04- 31 M 1.0199.55 10.0 Northern Sumatra,
06T17:33:54 Indonesia
2020-04- 22M 1.7599.21 10.0 Northern Sumatra,
01T21:42:09 Indonesia
2020-03- 24 M 1.8399.14 10.0 Northern Sumatra,
31TO748:07 Indonesia
2020-03- 24 M 2.5798.32 10.3 Northern Sumatra,
22T19:47:29 Indonesia
2020-03- 27TM 1.8199.21 10.0 Northern Sumatra,
20T04:56:02 Indonesia
2020-03- 36 M 1.7399.01 10.0 Northern Sumatra,
10T21:21:40 Indonesia
2020-02- 39 M 3.1298.66 10.0 Northern Sumatra,
10T18:22:43 Indonesia
2020-02- 39M 1.8999.09 10.0 Northern Sumatra,
10T11:24:45 Indonesia
2020-02- 31 M 0.9799.48 10.0 Northern Sumatra,
09T19:17:55 Indonesia
2020-02- 32 M 2.7998.41 10.0 Northern Sumatra,
07T03:10:27 Indonesia
2020-02- 24 M 2.1598.38 48.7 Northern Sumatra,
05T22:21:20 Indonesia

In this study, we used the machine learning technique
based on the Support Vector Machine. Machine learning is
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defined as a mathematical model with several parameters
that need to be learned from the data. Celﬂnres et al. [11]
first presented support vector machines and have gained
popularity since then. SVM classifiers find a hyperplane that
maximizes the separation margin and uses a hinge loss
function when the data are not separable. Alternatively, the
geometric concept of margin can be viewed as a form of
regularization. Previous work has shown the equivalence
between support vector machines?ind a robust formulation
of the hinge loss classifier [12]. In this paper, we develop
Bw robust formulations for SVM and other classifiers,
which lead to further gains in out-of-sample accuracy
compared to non-robust methods. The Support Vector
Machine (SVM) Model has some hyper-parameters and
finding optimal hyper-parameter using the Grid-Search.
Furthermore, using the robust optimization for classifying
the dataset.

Generating adversarial examples of computing devices
gaining knowledge of strategies 1s essential for designing an
extra-strong classifier. Robust assist vector computing
device for classification and computational provides decision
characteristic immune to statistics perturbations [14]. In this
section, the waveforms data the place coaching information
are either linearly separable or non-linearly separable,
respectively, and furnish computational consequences for
real records units.

This paper used SVM to offer a perfect fit for each
parameter combination for classifying all sensors for
recorded the earthquake from January to April 2020. We still
use the approach as a version of stochastic neighbor
embedding (t-SNE) [15] to visualize the high-dimensional
waveforms data.

Other methods for extractng and analyzing the
waveforms data using wavelet-based machine learning to
computed the waveforms in machine learning python (Mlpy)
in time-frequency [16]. Mlpy is the module for desktop
learning constructed on the pinnacle of NumPy/Scipy and
the GNU, and we mix the mlpy to extract the nuclear
waveform and plotting the spectrum based on continuous
wavelet seriously change [17].

A regularly used complicated wavelet in CWT analysis is
the Morlet wavelet, which is used during this study as its
periodic sinusoidal form capacity that wavelet scales can
very fairly be approximated in terms of Hz frequency and
interpretation can, therefore, be linked to the existing giant
physique of work m seismology based on Fourier
frequencies [18], [19].

1. RESULTS AND DISCUSSION

The result of this study, shown in Fig 3, based totally on
the waveforms facts recorded, the new mini vicinity stations
detected the shallow (red circle) and intermediate (yellow
circle) earthquake from January to April 2020, in Fig. 3
indicated the distribution of earthquake ry[mlly held inland,
with very neighborhood ecarthquake. The results and
discussion may be presented separately or in one combined
section and may optionally be divided into headed
subsections.










10 to 100 km with 96.01 percent accuracy the usage of the
SVM model respectively and the wavelet spectral innt:
time-frequency location is all-new mini region stations that
showed to be good measures for seismic occasion class. The
computing device mastering techniques have an ideal
classification of low power indicators recorded at the new
mini region station in Northern Sumatera.
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