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Hotspots are indicators of forest and land fires. Hotspot monitoring can be
carried out with the help of remote sensing tools and geographic information
systems. Hotspot data is obtained from the MODIS sensors from the TERRA
and AQUA satellites which contain information on latitude and longitude
coordinates and the level of confidence divided by three levels, namely low,
medium and high confidence levels. Based on the spatial results, the number
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August. Districts that are dominant with hotspots are Karo Regency, Labuhan
hOtSPOF Batu Regency, Mandailing Natal Regency, Padang Lawas Regency and South
clusyerlng Tapanuli Regency. Based on the results, the process of applying the k-means
spatial clustering method to the weka application, the data obtained is in the form of
k-menas a clustered group and the results can be made into indicators in determining
sattelites hotspots in districts in North Sumatra province per month.
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1. INTRODUCTION

Forest and land fires in Indonesia are an important note for the government because they produce haze
and other impacts due to forest fires on the world community. Forest fires usually occur during the dry season.
For the island of Sumatra, the provinces that experience high potential for forest fires are Riau, Jambi and
South Sumatra every year. For the province of North Sumatra, there is the potential for forest fires in several
districts. Various efforts have been made by the government to tackle these forest fires [1].

Hotspots can be interpreted as indicators of forest fires. These land fires can be identified using remote
sensing technology [2]. One of the remote sensing technologies is the MODIS (Moderate resolution imaging
spectroradiometer) sensor from the TERRA and AQUA satellites owned by NASA (National Aeronautics and
Space Administration). These satellites record and monitor hotspots around the world in real time 24 hours.
The TERRA satellite which carries the MODIS sensor is an environmental observation satellite that can be
used for regional surface temperature data extraction [3].

Based on the results of the research that has been done, it can be seen that the analysis of the area of forest
and land fires using remote sensing technology can be carried out using two approaches, namely digital and
visual interpretation [4]. Hotspots can be validated by direct and indirect observation [5]. Direct observations
are carried out by checking directly into the area where there are many hotspots.

Hotspot data obtained from the MODIS satellites contains information on the coordinates of the location
of the area recorded by the satellite. The data of the coordinate location points were analyzed spatially and used
the K-Means algorithm. The k-means method is one of the clustering methods which aims to divide the data
set into clusters [6]. This method is used because the K-Means algorithm is easy to adapt and can be used for
processing large datasets.
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2. RESEARCH METHOD

Hotspots are hotspots that are indicated as points that have a higher temperature than the surroundings. In
the hotspot data generated from the MODIS sensor, the hotspot is the result of heat detection on a certain pixel
scale, for example 1 km x 1 km. Generally, the more hotspots that are detected in an area, the greater the
possibility of forest fires in that area [7].

LAPAN (National Institute of Aeronautics and Space) has issued technical guidance on the level of
confidence or confidence level of a hot spot to determine actions in dealing with it. Table 1 shows the meaning
of the level of confidence in the data taken from the technical guidelines [7].

Table 1. Meaning of Trust Interval in Hotspot Information

Confidence Level (C) Class

0% < C < 30% Low
30% < C < 80% Medium

80% < C < 100% High

The K-Means algorithm is one of the most frequently used data grouping techniques. K-Means groups similar
objects in the same cluster. An overview of the algorithm is as follows [9] determine the value of "K" or the
number of clusters desired and determine the centroid or cluster center. The centroid is determined randomly
from the existing data objects according to the value "K", if the value "K" is two then the centroid that is
determined is also two. Divide each object into the most similar clusters. The most similar clusters are those
with the closest centroid. Calculation of the proximity between the object and the centroid can be done using
a distance function, such as Euclidean Distance. Recalculate cluster “K” with the average of all objects assigned
to each cluster. Repeat the second and third steps until there are no more objects moving clusters [6].
The formulas used for k-means are:

p
2
dyj = Z{xik — %jie} @)
k=1
Where: d: distance, i: i1, 12, i3, ...... ,1p, j: 1, ji2, ji3, ...... , jeep, k: attribute value, n: dimension data, x: data

object.

3. RESULTS AND DISCUSSION
In this study, using hotspots or hotspots to provide solutions to existing problems using spatial distribution
and clustering using the k-means algorithm.
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Figure 1. Distribution of cumulative monthly spatial hotspots in 2014 - 2020

The spatial results of hotspots using the Arcgis Map application can be seen that many hotspots in the
districts of North Sumatra province occur in February, March, June, July, and August. In terms of
climatological factors and environmental factors, it affects the number of hotspots each month. From
climatological factors, the number of hotspots in North Sumatra is influenced by the reduced amount of rainfall
that month.

Distribution of Temporal Hotspot
in North Sumatera
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Figure 2. Graphics of monthly hotspot time series for 2014 — 2020
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The distribution of temporal hotspots in the districts of North Sumatra province, there are several
regencies where there are dominant hotspots per month. From Figure 2 it can be seen that there are 5 districts
that have many hotspots per month, such as Karo Regency, Labuhan Batu Regency, Mandailing Natal Regency,
Padang Lawas Regency and South Tapanuli Regency. The number of hotspots in the province of North Sumatra
in the period 2014 to 2020, the highest peak occurred in 2014 in February.

After doing the mapping using the arcgis map, then using the k-means algorithm clustering application
using the weka application. Using the Weka application by using sample data then creating the tested data and
it will produce predictions of hotspots that have the possibility of occurring in the district.

Missing values globally replaced with mean/mode
fates 10 —periatic-prving 1400 -zin-fesicy Tire taken to build model (full training data) : 0 seconds

Final cluster centroida:

=== Model and evaluation on training set ==
Clusters
Lrtribute Full Data 0 1 Clustered Instances
(35.0) (5.0) (28.0)

0 5 ( 15%)
1 28 ( 85%)

Kabupaten/Kota Rsahan Karo Lszhan
2014 0.9394 6.2 0
2015 0.0909 0.6 0 Class attribute: Hotspot

2016 0.3333 2.2 ] Classes to Clusters:

o ! ! ’ 0 1 <-- assigned to cluster
2018 0 0 0 P

2019 0 0 0 R

2020 0.1318 1.2 0

Hotapot b ¥ ¥ Cluster 0 < ¥
Cluster 1 <—- N

Figure 3. Implementation of the K-Means Clustering Method

In the implementation results using the k-mean clustering algorithm in weka, in January there are several
districts that are predicted to have hotspots, namely Karo, Mandailing Natal and South Tapanuli districts.

4. CONCLUSION

Based on the analysis of that can be drawn from this research, namely, among others, based on the results
of the spatial distribution of hotspots that are processed using the arcgis map, it can produce data on the number
of distribution of hotspots that are dominant in districts in North Sumatra province. The dominant districts to
watch out for in the dry season are Karo, Labuhan Batu, South Labuhan Batu, Mandailing Natal, South
Tapanuli and Padang Lawas. From the results (output) obtained from the process of applying the k-means
clustering method to the weka application, the data obtained is in the form of a clustered group and the results
can be made into indicators in determining hotspots in districts in North Sumatra province per month.
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1. INTRODUCTION

The 96031 station is one of the stations within the Medan zone which conveyed to watch the climate
information. As a climate station, the 96031 stations deliver climate parameter information to educate the
climate in-flight route zone, environment, climate issue, and horticulture [1], [2]. One of the vital climate
information in climate issues is the temperature normal. The temperature is an imperative calculate in all stages
of the climate issue, and the foremost imperative climate figure influencing fire behavior. Higher temperatures
cruel that heatwaves are likely to happen more frequently and final longer. Hotter temperatures can moreover
lead to a chain response of other varieties around the world [3], [4]. That's since expanding discussion
temperature too influences the seas, climate designs, snow and ice, and plants and creatures. In this think about,
we centered to assess the time-series of normal temperature collected from 96031 stations in Meteorology,
Climatology and Geophysics Territorial 1, North Sumatera, Indonesia.

Long Short-Term Memory (LSTM) networks are a substantial branch of Recurrent Neural Networks
(RNN), capable of learning long-term territories [5], [6]. LSTM is a model approach to solved some forecast
issues. As a type of recurrent neural network, LSTM can learn the order dependence between items in a
sequence. It also had the potential of being able to learn the context required to make predictions in time series
forecasting problems, rather than having this context pre-specified and fixed [7], [8]

The most objective of this consider to analyze middle factors, assess and anticipate the time-series of
normal temperature from 2008 until 2020 by utilizing the Long Short-Term Memory (LSTM) Demonstrate.
The models were tried utilizing climate time arrangement information at each station which collected and
compares the Root Cruel Square Mistake (RMSE) come about from the LTSM show. The comes about of this

Journal of Computation Physics and Earth Science Vol. 1, No. 1, April 2021: 6-9


https://journal.physan.org/index.php/jocpes/index
https://creativecommons.org/licenses/by-sa/4.0/
mailto:ilham_bmg@yahoo.co.id

test appear that the LSTM demonstrate with/or without middle of the road variable has way better execution in
case the time arrangement were accessible.

2. DATA AND METHOD

For this study, we utilized temperature data from the climate catalog of the Meteorology, Climatology,
and Geophysics Regional 1. The recorded temperature data was observed from 2008 to 2020, with the category
of the average temperature on the Medan City as observed of 96031 stations. The selection of temperature
series data provides a solid basis for evaluating the performance of observed that have been installed and
reviewed in previous reports. The 96031station located with latitude and longitude coordinates are 3.61, 98.78.
In this case, we focused on analyst the temperature data as time series recorded from each station in the Medan
area and using LSTM to train, test, and predict the time series as a previous study [5]-[7].

¢ Legend:

(LN .

? X, input
f forget gate
i, Imput gate
¢, cell update
G cell state

h 0, output gate

sl

h, output

Figure 1. The LSTM Model [8]

In figure 1, as a brief depiction, the input of the LSTM cell could be a time arrangement set of information
x that experiences a few sigmoid actuation doors c. Each entryway calculates a certain work to calculate the
cell states. What we are given is as it were an awfully brief clarification of how LSTM works. For more data
with respect to LSTM, it is still partway better to require a lesson on profound learning to advance get it the
concepts.

The LSTM cell comprises of an input door — which controls the stream of the input enactments into the
memory cell, yield door which controls the yield stream of the cell actuation, and overlooks door, which
channels the data from the input and past yield and chooses which one ought to be recollected or overlooked
and dropped out. Other than three doors the LSTM cell contains cell upgrade which is more often than not tanh
layer to be portion of the cell state. In each LSTM cell, the three factors are coming into the cell, the current
input xt, past yield ht-1, and past cell state ct-1. On the other hand, from each LSTM cell, two factors are
getting out the current yield ht and the current cell state ct.

In this section, you will learn about the concepts of mean squared error and R-squared. Mean squared
error (MSE) is the average sum of the squared difference between the actual value and the predicted or
estimated value. It is also termed as mean squared deviation (MSD) [9].
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Figure 2. Diagrammatic representation for understanding R-Squared [9]

R-Squared can also be represented using the following formula in eq.1. The diagram and note that greater
the value of SSR, more is the variance covered by the regression / best fit line out of total variance (SST).
:E: 2(9_}7)2 (1)

SST X —¥)?

Based on the diagram and note that smaller the value of SSE, smaller is the value of (SSE/SST) and hence

greater will be value of R-Squared as show in eq.2.
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3. RESULTS AND DISCUSSION

The initial information of normal temperature had been computed to see that we demonstrate forecast was
effective. In any case, it can be watched from the anticipated (n days) that the blunders are ordinarily from the
unexpected rise or decrease within the data such as in days 350-360. But, based on the primary 75 days, the
model can appropriately take after the design of the information. The visual of all information of succinct Balai
Besar (96041) can be appeared in fig.3.
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Figure 3. Stacked LSTM prediction results in 96031 Station
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The preparing bend, remaining plot, and diffuse plot are appeared utilizing these codes. The representation
of 96031 stations appears the esteem near to zero will speak to way better quality of the indicator within the
relapse demonstrate. It can be seen from figure 3 that the Stacked LSTM performed best compared to the types
of the station. We will also see that the single-cell worked incredibly utilizing 100 input days but we found that
this kind of setup was as well computationally costly. The bidirectional LSTM moreover performed more awful
with more input days. Based on the series data of temperature of 96031 stations, the MSE value is 0.36, and
R2 value is 0.25.

4. CONCLUSION

In this study, we found that LSTM may be a great device for foreseeing normal temperature information.
Based on the representation of 96031 stations that appeared, had an esteem near to zero will speak to superior
quality of the estimator/predictor (relapse show). Be that as it may, ready to see from here that there are a few
things to require domestic as lessons in utilizing LSTM. To begin with, more input days does not cruel that the
demonstrate will be more precise. Other than that, temperature information conditioning may, offer-assistance
in making the demonstrate more accurate. Finally, indeed in spite of the fact that we haven’t appeared, LSTM
needs a certain sum of information to be connected. From there, able to envision that LSTM can be utilized for
anticipating climate and patterns of normal temperature.
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The observation of broadband network seismic had been deployed in Sumatra
For-Arc. The waveform data for this study were recorded from January 2014
— December 2016. The earthquake event data were selected with the epicenter
of around 950 — 1800 in distance and Magnitude with more than 7 Mw. In this
case, we use shear wave splitting to determine an anisotropic structure in
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only correspond to the upper layer, which has the delay time duration of 0.5 —
0.8 s is the anisotropic layer located in the Mentawai Island. The fast an
anisotropic polarization direction found in Sumatra For-arc are parted into NE-
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1. INTRODUCTION

Sumatra is section of the Indonesia archipelago which has special geological conditions. It is positioned
between two massive plates, Indo-Australia Plate in the south and Eurasia Plate in the north. The subduction

of these two plates results in one of the

most energetic seismic things to do in the world (Figure 1). And if we

seem to be the proportion of the earthquake in Indonesia (Figure 2), indicates Indonesia are is a very energetic
area. The Sumatra Subduction Zone is one of the fantastic examples to find out about ocean-continental-

subduction zone on a large scale.

Thus, Sumatra is considered as an perfect surroundings to study the reason of earthquake mechanism in
a subduction zone is a vicinity where the Indo-Australia Plate is converging underneath the Eurasia Plate.

95 100 105

10 115 120° 125 130" 135" 140'

"o 15 120° 125° 130 135° 140

Figure 1. Seimicity of Indonesia
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The Indo-Australian Plate is moving northward at a rate of 6-7 cm/year [1], [2]. This Subduction
movement influences tectonic activity that occurs in Sumatra and some smaller islands around it.

2017

2011
2015

2013

Figure 2. Percentage of Earthquake in Indonesia 2010-2017, August

A study by [3], [4] is one of the most detailed studies focusing on the subduction zone and fault in the
north of Sumatra. In addition, a study by [5], [6] estimated anisotropic layers in Sumatra and Java by using a
few stations. Consequently, it only involves some of the investigated regions. In this case, the Sumatra For-arc
is a region that has a significant tectonic type. Up to this time, the study is still limited to an anisotropic
observation which is close to the Sumatra For-Arc.

-5

-10

Figure 3. BMKG (IA) Seismic Network

These two factors are the heritage of the study of anisotropic shape in Sumatra. This is file is furnished
with shear wave splitting commentary using facts taken from some seismic broadband station of the BMKG
community in Indonesia (Figure 3). The statement is constant with the preceding studies [7]-[9]. Yet, it gives
a denser density of earthquake monitoring station which deployed in Sumatra For-arc. Thus, it is feasible to
supply a better constraint to decide an anisotropic shape in Sumatra For-arc. In this research we choose to
center of attention on Sumatra Island, even though the preceding research have investigated a tectonic records
of Sumatra Island in Figure 4, starting from the plate reconstruction to the tomography, the research have not
explored but the subduction precipitated by the mantle motion.

2. DATA AND METHOD

This analyze about employed data that have been taken from six eternal stations of BMKG (lA) at the
identical time as GFZ (Geo For-Schungs-Zetrum) neighborhood and BMKG Libra Networks used to be used
to estimate the anisotropic characteristic below Sumatra For-Arc. Table 1 shows the neighborhood of
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earthquake monitoring stations. The statistics for this find out about was once earthquake records recorded
from January 2014 — December 2016. The earthquake match data had been chosen with the epicenter of
spherical 850 — 1800 in distance and Magnitude with greater than 7 Mw. The motive for deciding on the
epicenter due to the fact the event gorgeous a shear wave splitting analysis on SKS/SKKS wave phase.

Table 1. Station Seismic Monitoring

No Station Lat Long Sensor
1. SNSI 2.408 96.32 STS?2
2. PBSI -0.054 98.28 STS?2
3. SISI -1.326 99.08 STS2
4.
PPSI -2.7630 100.09 STS2
5.
EGSI -5.3524 102.27 STS?2
6.
GSl 1.3039 97.575 STS2, Triaxial

The distance additionally may want to warranty that the seismic wave nonetheless had ample energy [10]-
[13]. Shear wave splitting used the teleseismic data, specially SKS/SKSS phase, ordinarily to reflect the
anisotropic characteristics of the higher mantle [14], [15]. Figure 5 suggests most of the occasions that the
BMKG station discovered in Sumatra For-arc and surrounding regions. Before conducting the shear-wave
splitting analysis, first of all, the data of the SKS/SKKS wave section had been filtered, aiming to expand the
signal-to-noise ratio (SNR) and steadiness of the shear-wave splitting measurement by way of the use of a
bandpass filter with the frequency of 0.05- 4 Hz. This filtering resulted in, extra or less, the same splitting
parameter. Consequently, it showed that the high-frequency scattering does now not influence the considerable
result.

Depths(km)

Figu.re 4. Tele-seismic Event

3. RESULTS AND DISCUSSION

Before plotting the parameter of the result of the shear-wave splitting size the use of a technique developed
through [14], some seismograms recorded from the earthquake data that did not meet the standards had been
deleted. A seismogram recorded from the earthquake statistics that did not meet the criteria had been deleted.
A waveform of the earthquake that produced a extend time of extra than three seconds would be deleted. The
prolong time usually takes place for round 1 or 2 seconds. Every delay time of more than three seconds would
be regarded unrealistic to the appreciation of anisotropic media underneath the earth mantle [16], [17]. The
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seismic section was then checked visually and analyzed by the usage of a seismogram displayer as Figure 6
shows.
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Figure 5. Seismogram viewer after changing into LTQ (Radial, transverse, and Vertical) and applied Band
Pass Filter to reduce noise

The preparing bend, remaining plot, and diffuse plot are appeared utilizing these codes. The representation
of 96041 stations appears the esteem near to zero will speak to way better quality of the indicator within the
relapse demonstrate. It can be seen from figure 3 that the Stacked LSTM performed best compared to the types
of the station. We will also see that the single-cell worked incredibly utilizing 100 input days but we found that
this kind of setup was as well computationally costly. The bidirectional LSTM moreover performed more awful
with more input days. Based on the series data of temperature of 96041 stations, the MSE value is 0.01, and
R2 value is 0.98.
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Figure 6. Example of splitting measurements of EGSI station obtained using Split-Lab

The observation of the seismic anisotropy in Sumatra For-Arc shows the end result of the shear-wave
splitting calculation. For-Arc location is a place engulfing trench in the front of Sumatra For-Arc consists of
six recording stations; SNSI, PBSI, SISI, PPSI, EGSI, and GSI. On the different hand, in For-Arc area of
Mentawai Island, the end result of shear wave splitting measurements exhibit that there are two anisotropic
layers; upper and lower layers. The decrease anisotropic layer produces the lengthen time at the price of about
1.4-1.8 s that possesses the identical polarization course of NE — SW (northeast-southwest), and it is
perpendicular to the trench located in front of Sumatra For-Arc. The result of the shear-wave splitting
measurement on the Mentawai Island indicates that the path is usually parallel with Indo-Australian Absolute
Plate Movements.
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Figure 7. Example of double layer model fit at EGSI stations

The top left panel indicates the uncorrected radial (dashed) and transverse (solid) components. The middle
and bottom rows of panels show the diagnostic plots for the rotation-correlation technique and the transverse
aspect minimization method, respectively: from left to right, the corrected quickly (dashed) and sluggish (solid)
components, the corrected radial (dashed) and transverse (solid) components, the uncorrected (dashed) and
corrected (solid) particle motion diagrams, and the maps of correlation.

Three extraordinary splitting methods are compared (Rotation-correlation, Minimum Energy, and
Eigenvalue). For every technique, the returned azimuthal version of speedy orientation estimate (top row) and
lengthen time estimates (center row) are shown.

This result does now not swimsuit the international commentary of trench that had been conducted by
way of [14]. However, this result is relevant to the result of studies performed through [5], [12], [16] which
show that the result of the shear-wave splitting observation carried out on the Mentawai Islands possesses a
polarization route that is parallel with the Absolute Plate Movements (APM). This discovering indicates that
there are anisotropic plates underneath the Mentawai Islands.

These layers are anticipated to be subduction plates that exist below the Mentawai Islands. On the higher
anisotropic layer, it confirmed the extend time at the rate of around 0.5-0.8 s that possesses a polarization
direction which W-E (west-east) and parallel with the trench. This discovering potentially shows that there is
a shallower anisotropic quarter than a subduction zone. This anisotropic layer is presumed upon a Mentawai
Fault that exists below the Mentawai Islands. An appropriate rationalization describes the polarization course
which is perpendicular to the trench is the anisotropic layers under the earth crust.
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4. CONCLUSION

In this study, we current a new shear wave splitting end result in Sumatra For-Arc. The shear-wave
splitting measurement from SKS/SKKS segment used to be conducted by using teleseismic facts taken from a
everlasting station in Sumatra For-Arc. The valid effects have been won that they only correspond to six
stations. The findings show that there are two foremaost anisotropic layers fashioned in the For-Arc place (the
Mentawai Island). The top layer, which has a extend time period of 0.5 — 0.8 s is the anisotropic layer placed
in the Mentawai Island. The quick and anisotropic polarization path determined in Sumatra For-Arc is divided
into the North East-South West direction located on the top layer.
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1. INTRODUCTION

Ambient noise level or background noise level is the contextual sound level sound pressure level at a
given location in situ. The furthermost common source of ambient noise is from the exploit of human beings
at or near the surface of the Earth. In the previous noise studies of the earthquake, there is no attempt to screen
the continuous waveforms to eliminate body and surface waves from naturally occurring processing earthquake
signals. In this case, they are low-probability occurrences even at low power levels (small magnitude events)
related to the ambient surroundings at the seismic station.

The observed probability of the power spectral density as a tool to assess the field performance of
earthquake monitoring system and the statistical distribution of noise levels across the frequency spectrum [1].
The more statistically approach requires large sample sizes, which become the norm as advances in probability
power spectral density [2], [3]. In this study, we use the datasets of the broadband network from DNP, GBI,
and PLAI which deployed in BMKG network, Indonesia. Datasets on seismic background noise are collected,
amongst others, for assessing the suitability of sites for permanent seismic recordings. One of the most
important steps to be undertaken before the selection of suitable seismological recording sites is the
investigation of seismic background noise.

The power spectral density spectrum estimation, periodogram is not a consistent estimate of the power
spectrum [4], [5]. So, non-parametric methods are used for power spectrum estimation by smoothing and
averaging operations which are directly implied on the periodogram or the autocorrelation [6], [7]. The aim of
this paper to characterize the current and past performance and detecting the information on noise levels at
BMKG IA-Networks Station.

Journal of Computation Physics and Earth Science Vol. 1, No. 1, April 2021: 16-20


https://journal.physan.org/index.php/jocpes/index
https://creativecommons.org/licenses/by-sa/4.0/
mailto:dewi90kartika@gmail.com

17

2. DATA AND METHOD

The time series of waveform data were recorded in three locations in Indonesia: Denpasar-Bali, Ingas -
Bali, and Plampang - Nusa Tenggara Barat (NTB) for one month in August 2018. The waveform data were
employed from Indonesia Tsunami Early Warning System (Ina-TEWS) — BMKG-IA network in Table 1.

Table 1. Seismic Station of BMKG-1A Network and Location
No  Station Latitude Longitude  Networks

1. PLAI-IA  -8.83 117.78 Indonesia
2. IGBI -IA  -8.62 115.15 Indonesia
3. DNP-IA  -8.68 115.21 Indonesia

In Table 1, shown the seismic station which recorded the SEED channel, the network code is IA
(Indonesia), with channel code is BHZ (component Z).

The time series data in mini-SEED format obtained from the three stations were used for this study. An
average of an hour-long vertical, Z component data for one month on August 2018 from each station and their
respective noise spectra were plotted using spectral analysis methods. We use the power spectra to amplitude
measurements [8]-[10]. The spectral analysis is commonly used to make the correction of attenuation and
instrument displacement spectrum and determine the flat spectral level and corner frequency from which the
seismic [6], [11]-[13].

The flow diagram of Probability Density Function and Power Spectral Density can show in Fig.1. The
waveform data indicated the pre-processing by read of waveform data in hour.

Wavefo Frequency Smooth
rm Data Analysis Display

Figure 4. Tele-seismic Event

In this case, we remove instrument response and split into segment. The frequency analysis using FFT
each segment and not only compute power for each segment but also compute average power for the hour
interval. The smooth display shown the store of PSD and smoothing of power in octave.

3. RESULTS AND DISCUSSION

The figure [2-4] shows the result of probability power spectral density, which related plotted in power
amplitude (dB) versus periods (s) [7], [12], [14]-[17]. The upper black solid line means that the New High
Noise Model (NHNM) and the lower means that the New Low Noise Model. The DNP in figure 1 and PLAI
in figure 3 networks are represented the spectral probability density closer to the upper line or the network
means the new high noise model. In this case, the DNP and PLAI have a characterization of outliers and their
influence on the noise level. The PSD distribution in Fig.2 shows the noise at the DNP, the minimum and mode
power closely follow the especially in the frequency range above 1s.
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Figure 2. The PSD and PDF for DNP Broadband Seismic Network. The function is calculated using data
from 1 to 30 August 2018
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Figure 3. The PSD and PDF for IGBI Broadband Seismic Network. The function is calculated using data
from 1 to 30 August 2018
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Figure 4. The PSD and PDF for PLAI Broadband Seismic Network. The function is calculated using data
from 1 to 30 August 2018

In this case, the spectrum probability density of IGBI network is too flat, it means that there are several
of the waveforms in August is missed, it’s related to the gap of the waveform. The gaps can be represented in
the period in Fig. 4. The other case, the spectral probability density is represented between the NHNM and
NLNM. The green patches in periods represent available data, and red patches represent gaps in the stream that
were added to the probability power spectral density [9][18][10].
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Figure 5. The Spectral Probability Density value of DNP
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Figure 7. The Spectral probability density value of PLAI

In figure [5-7] show the information on metadata will be correctly picked for the respective start time of
the data-trace. This means that DPN, IGBI and PLAI instrument changes are correctly taken into account during
response removal. The time series of power spectral density of DPN, IGBI and PLAI network values can also
be extracted from the probability power spectral density by accessing the property PSD values and plotted
using the plot temporal method [19], [20].

4. CONCLUSION

The data used in the calculations are not separated out of earthquake, system and instrumental failures.
The PSDPDF is determined power spectral of background noise level. We have presented the consistency of
the spectral probability density is presented the DNP, IGBI, and PLAI network to verify the quality of data and
also acts as a test performance broadband network to the time taken by the broadband network in the field and
analysis the Lombok earthquake in 2018.
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1. INTRODUCTION

Every year Northern Sumatra of Indonesia spends hundreds of thousands in order to deal with the wildfire
breakout. This situation now not solely motives monetary damage however can additionally disrupt the
ecological stability by way of destroying vegetation and plants and fauna [1]. Wildfire is additionally
accountable for air pollution and changes in climatic circumstance over the period of time [2]. Over the decade
forest fire has turn out to be a major problem as it has endangered the lives of species. regardless of the massive
charges concerned in controlling these dead fires, they are additionally a essential problem in forest fires [3].
The forests on the border of Aek Godang areas, North Sumatra had been badly affected and would be impacted
by means of different areas in North Sumatra. The primary trouble of this study, how to computation the hotspot
in this location to predict the woodland fire. Firefighters are conscious of how forest fires can be unpredictable
[4]. However, if this data is obtained through them as a warning about the breakout in a timely manner then
this form of phenomenon can be anticipated, controlled mainly can be prevented. There are many typical
applied sciences that deal with wildfire hazard analysis. In this study, based on the description above, we are
aiming to remedy this trouble via a historical analysis of woodland and land furnace facts and the usage of
weather data to predict the extent of fires that have occurred. Then we also explored information mining
strategies to locate out and predict the depth of wooded area and land fires [5]. Fast detection is a key
component for controlling such a phenomenon. In achieving this, alternative options are needed. one of them
is the use of nearby sensor-based automatic equipment furnished by using a number of meteorological stations
[6]. causing meteorological conditions (such as temperature and wind) to affect wooded area and land fires, as
well as knowing what a furnace index, such as the Fire Weather Index (FWI), makes use of this data. FWI is
primarily based on the Index Spread Index (ISI) about the spread of furnace and wind speed, then the Buildup
Index (BUI) to calculate the quantity of gasoline that reasons a fire. All of this is used as a measure for the
well-known index of hearth hazard in woodland areas. In this work, we conducted statistics exploration with a
information mining (DM) strategy so that we may want to predict the place of forest fires and burned land [7].
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In this study we use Support Vector Machines (SVM)[9][10] and four distinct feature selection setups (using
spatial, temporal, FWI components and weather attributes), by carrying out tests on the latest real-world data,
data collected from the northern Sumatera. The satisfactory configuration end result is the use of the SVM
method with 4 meteorological enter parameters (namely relative humidity, rain, temperature, and wind) and is
capable to predict burnt areas from several widely wide-spread small fires. So, this know-how is very
supportive and useful in enhancing preventive motion and administration of firefighting sources (equipment
and people).

2. DATA AND METHOD

The dataset of this study had been collected in BMKG of Aek Godang Station, North Sumatera from 2017
years [1], form the LAPAN based on the Satellite of NOAA [2] and from PKHL Direktorat Pengendalian
Kebakaran Hutan [3]. There are more than 26 hotspots in the 2017 close to Aekgodang, Northern Sumatera
was recorded [4].

The FWI file is a pointer measuring chimney escalated and combining the two going before components.
In spite of the fact that the scale utilized is unmistakable for each issue of the FWI, the culminate fetched may
to show additional extreme combustion conditions. At that point the distinctive imperative component is that
the gasoline mugginess code requires memory (time slack) of the going before climate conditions: is 12 days
for DMC, sixteen hours for FFMC, and 52 days for DC. Usually, a basic pointer in figuring out the profundity
of lush region and arrive fires that take place.

Weather Rain
observations Relative Humidity Rain
or forecasts  Temperature Relative Humidity Rain
Wind Wind Temperature Temperature
' ' '
Fuel
Moisture FFMC DMC DC
Codes | | , |
= e ———————— _._.; Py _.i._ Py "
Fire
Behaviour 1Sl BUI
Indexes
| I
1
FWI

Figure 1. The Fire Weather Index structure [5]

A regression dataset D is made up of k € {1,..., N} examples, each mapping an input vector (x¥, ... x¥)
to a given target y,. The error is given by: e = y,, — y,. , where ¥, represents the predicted value for the k
input pattern. The overall performance is computed by a global metric, namely the Mean Absolute Deviation
(MAD) and Root Mean Squared (RMSE) [6], which can be computed as eq.1.
N

1
MAD = —Z -9
N lyie — Pl

i=1

M
RMSE =

In both metrics, lower values result in better predictive models. However, the RM SE is more sensitive to
high errors. Another possibility to compare regression models is the Regression Error Characteristic (REC)
curve, which plots the error tolerance (x-axis), given in terms of the absolute deviation, versus the percentage
of points predicted SVM present theoretical advantages over NN, such as the absence of local minimum the
model optimization phase. In SVM regression, the input x € RA is transformed into a high-dimensional
feature space, by using a nonlinear mapping. Then, the SVM finds the best linear separating hyperplane in the
feature space:

m
g=wot ) widi() @

i=
Where ¢;(x) represents a nonlinear transformation, according to the kernel function K(x,x") =
m o di(x);(x"). To estimate the best SVM, the e-insensitive loss function (Figure 4) is often used [6]. In

presenting hyper parameters and less numerical difficulty than other kernels such as polynomials and sigmoid
by using the popular Kernel Radial Basis Function.
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K(x,x") = exp(=yllx —x'|?),y > 0 (3)

The SVM performance is affected by three parameters: C- a trade-off between the model complexity

and the amount up to which deviations larger than € are to related; € - the width of the e-insensitive zone; and
y — the parameter of the kernel. Since the search space for the three parameters is high, the C and ¢ values will

be set using the heuristics proposed in: € = 3 (for standardized inputs) and € = 36 f% where & is the
standard deviation as predicted by a 3-nearest neighbor algorithm.
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Figure 2. Example of a linear SVM regression and the e-insensitive loss function

3. RESULTS AND DISCUSSION
Predicting fireplace burn of Aek Godang, Northern Sumatera region must assist in directing resources
over large areas. An exceptionally interpretable model might provide records on hearth prevention. One may
consequently be inclined to seem at multi-linear regression or generalized additive models.
The result of the split the statistics into coaching and trying out sets as shown in Figure 3.
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Figure 3. The distribution of the response variable

The response variable burned of Aek Godang, Northern Sumatera area, is extraordinarily skewed towards
small fires. It might be beneficial to transform this with e.g. a Log10() scaling. The visual-spatial statistic result
of this study proven in Figure four Most fires manifest at central and low X-Y coordinates, with the exception
of one very high hearth count grid reference at (8, 6). Comparing complete fires with the total burned region
there is some proof that fires at low X are small and numerous, where fires at high X are much less accepted
however larger.
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Figure 4. Visualize spatial statistics

The median burned region in Figure 5, reinforces the remaining bullet, that is to say, smaller fires
dominate low-X regions the place large fires dominate at high-X regions.
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Figure 5. Median Burned

Based on the express the average burned area is biggest in March (Figure 6). However, this may also be
the end result of a single or a few fires in view that the width of the distribution is small. The greatest fires have
a tendency to occur in the summer time months, Aug via Sep. There is no obvious fashion in location burned
on a given day of the week.
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Figure 6. Categorical Variable

In Figure 7, the fire depend as a characteristic of month and day appears like most fires take place in the
summer time months of August through September. Most fires manifest on the weekend, possibly pointing to
human recreation.
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Figure 7. The fire count as a function of month and day looks like
The FWI symptoms are all correlated with one another and with temperature. There may also be some

(multi) collinearity, which will amplify the variance of a geared up model. It may be beneficial to mix these
into a single predictor. We'll stick with the full set of predictors for now
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Figure 8. Correlation Matrix

Based on figure 8, the cross-validated imply absolute error from bagging is 0.09. Using default
hyperparameters is not the strongest way to examine fashions in this way but we'll assume that the default
hyperparameters are set to give practical starting points for most problems. This is very disappointing, the
mannequin predicts a nearly regular response. There also appears to be a lower limit on the expected burned
area. Does this mirror a lower restriction in the coaching data? It would be prudent to inspect this further.
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Figure 9. Test predictions against true burned area

The test set deviance increases beyond ~100 iterations, a clear signal that the model is overfitting. It would
have been useful to do this checking out on a separate validation dataset as an alternative of the check set. This
would have allowed us to go back and address the overfitting. Unfortunately, this is a very difficult dataset to
work within that it is small with few if any predictors nicely correlated with the response. We would likely
now not get any reward for similarly reducing the measurement of the coaching set.
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Figure 10. Training and test set deviance
All the fashions give comparable consequences and are tremendously poor, gradient boosting gives the
lowest cross-validation error so we will take this forward and attempt to tune the parameters. There is no huge
correlation between any one of the predictors and the response. A multilinear regression or generalized additive
model is probably no longer going to eke out a signal. Highly nonlinear techniques might be better suited at
the rate of interpretation.
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Many of the points have little or no significance in the closing model, they are probable adding noise,
indicating that some feature selection might be prudent. The temperature has the easiest significance of all the
features, which makes a lot of sense. However, each wind and rain have no importance. One might have
expected fires to burn much less vicinity at instances of high precipitation and for high winds to fan the flames.

The wooded area fires dataset used to be presented in Cortez and Morais 2007 [6], the place the authors
current an answer to this trouble the use of a trained support vector machine. In assessing the accuracy of their
mannequin they produce a REC curve, which plots the error tolerance (x-axis), given in terms of the absolute
deviation, versus the percentage of points envisioned in the tolerance (y-axis). The ideal regressor should
existing a REC region close to 0.5.
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Figure 12. REC Curve

4. CONCLUSION

Based on the result, there is little correlation between the predictor variables and the response variable. It
would be prudent to attempt and understand this lack of correlation better. Fire hostilities and prevention
exercise may be one motive for the found lack of correlation. The truth that this dataset exists suggests that
there is already some effort going into hearth prevention. One ought to imagine a situation in which many fires
have the ability to emerge as very massive but are extinguished before they have the risk to do so. If statistics
pertaining to furnace prevention is reachable it would likely be an extraordinarily precious addition to this
dataset. It was once shown that the gradient boosting model used to be likely overfitting. Controlling the depth
of timber and studying charge are two methods which were used to stop overfitting. Scikit-learn gives
numerous more, which includes the capacity to enforce a decrease bound on the number of samples in a leaf.
This limits the ability of the boosting algorithm to structure leaves that seize single outlying data points, hence
decreasing variance and overfitting. As with random forests, introducing randomization into the boosting
algorithm can additionally minimize variance. Scikit-learn affords two methods. First by using developing each
tree with a random subsample of the education set and 2nd via randomly subsampling the points viewed for
each node. In summary, a whole lot greater tuning of the mannequin is possible.

Gradient boosting based totally on the cross-validated mean absolute error from tuned gradient boosting
is 0.07, it performs characteristic selection naturally. However, with the use of a validation set, it would have
been feasible to use the feature importance plot above to do some guide characteristic selection. In particular,
most of the days and months have no relevance to the problem and are probably simply including noise.
Unfortunately, the use of a validation set for this motive would always reduce the coaching data, in addition
contributing to the situation of making an attempt to eke out a susceptible sign from a small dataset.
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