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1. INTRODUCTION

Indonesia is a seismically active territory, having 3,486 earthquakes with a Richter magnitude greater
than 6.0 between 1976 and 2006. The Meteorology, Climatology, and Geophysics Agency's (19-year)
research has resulted in 27 damaging earthquakes and 13 earthquakes that caused tsunamis [1][2]. Every
year, Indonesia is hit by an average of 2 earthquakes and one tsunami [3]. There are several methods to
classify earthquakes depending on their causes. Seismologically, tectonic earthquakes are those that occur
when elastic energy held in tectonic plates releases. In other words, volcanic earthquakes occur when
volcanic activity causes earthquakes to occur [4]. Last but not least, earthquakes can be attributed to human
activity as a contributing factor. To give you a few examples, consider building high-dams and injecting
enormous amounts of water into rock aquifer or oil wells [5].
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Several studies on earthquake prediction have been carried out so far and have developed and used the
Random Forest method and one of the Machine Learning. According to [1], the process of predicting
earthquakes has been studied for a long time, but there is still uncertainty due to the diversity and complexity
of the earthquake phenomenon itself. According to [2], conducting a random forest prediction model to
identify the structural safety status of buildings damaged by the earthquake is probabilistic. According to [6],
in this study, an evaluation of the performance of the machine learning algorithm "Random Forests” was
carried out to classify seismic signals recorded at the Piton de la Fournaise volcano, La Reunion Island
(France). Meanwhile, [7], with data on water pipe damage due to the earthquake from February and June
2011 in Christchurch, New Zealand, compares four methods [8][9][10].

The ability to make appropriate choices after a large earthquake is critical for allowing short-term
decisions, such as those involving building evacuation or repair. Furthermore, by integrating fast building
damage assessment with short-term forecasts of seismicity and related hazards, it is possible to enhance
seismic crisis management and safety measures [11]. For short-term forecasting on a city-wide scale or in the
case of important buildings, performance levels linked to imminent occupancy or damage grades should be
taken into account. In particular, fast methods based on the Markov Chain have been utilized to evaluate
seismic risk assessment; however, the evaluation must be extended throughout the full length of the
aftershock series in order to account for possible damage accumulations resulting from the aftershock
sequence. After then, operational methods are needed to integrate aftershock occurrence predictions, damage
accumulation models, and building health characterizations in order to achieve the desired levels of damage.
It is common practice to make earthquake risk predictions during an aftershock series, which is based on
operational earthquake forecasting (OEF). Hermann et al. [12] utilized the OEF to predict the time-varying
seismic risk during an earthquake series scenario mimicking the 1356 Basel earthquake, which they found to
be accurate. They calculated the number of lives lost and the hazards associated with them in the near term in
order to support choices such as evacuation or the suspension of essential activities in reinforced concrete
(RC) structures. Aftershock sequences in Italy were analyzed retrospectively by Chioccarelli and lervolino
[4], who utilized OEF to conduct their study of loss estimates [13][14][15][16].

In seismic crises, decision-makers must take into account the increased susceptibility of structures as a
result of mainshock damage, as well as the time-variant vulnerability of buildings as a result of the possibility
of aftershock damage accumulation. Aftershock damage accumulation has been quantified using probabilistic
models in order to determine the relative contribution of aftershock damage accumulation to the damage
produced by the mainshock [17][18]. Evaluation of seismic performance and development of damage
accumulation models, in conjunction with a probabilistic assessment of aftershock occurrence, have been
carried out using Markov Chain-based methods, as has been done for aftershock occurrence. The majority of
research find that aftershocks provide a significant contribution to prediction of consequences and losses. The
short-term variability of a building's vulnerabilities, as measured in relation to the damage accrued over the
course of the whole seismic sequence, is a critical factor to consider when making short-term decisions
[18][11].

When buildings' stiffness progressively deteriorate before collapse, monitoring the elongation of their
fundamental period may aid in the assessment of seismic damage to such structures [19]. When considering
apparent structural stiffness and structural health, the fundamental period (or frequency) is considered to be a
surrogate [20][17][21]. It has been possible, for example, to investigate the impact of seismic damage
accumulation on a macro-seismic intensity estimate by using the residual stiffness of masonry structures
derived from period measurements [22][23]. We conducted laboratory experiments on unreinforced masonry
specimens in order to measure the fundamental frequency shift as a function of structural drift and the degree
of damage. Researchers have discovered empirical connections between the frequency shift and the damage
index for RC structures using experimental and computational methods [24][25][26]. In spite of this, building
tagging processes often give a red tag to structures that have suffered significant damage without collapsing,
and to structures that are deemed dangerous, unrepairable, or unworthy of repair. In this regard, the methods
described below are concerned with the probability of damage states ranging from minor to severe,
depending on the length of time that has passed since the collapse was seen [27][28][29].

Furthermore, [30][31][32] used Decision Tree Bagging and Random Forest in the field of earthquake
precursors to detect GPS-TEC (Total Electron Content) seismoionospheric anomalies around the time and
location of the Chile earthquake 27 February 2010. In [33], built an earthquake alert system in 9 countries to
minimize the earthquake's impact. Furthermore, [34], to predict the earthquake's strength in California using
the big data algorithm. And [35][36] applied the Artificial Neural Network Cross-Validation and AHP-
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TOPSIS methods to calculate the risk of an earthquake in Aceh, Indonesia. Based on previous research, it can
be seen that Random Forest can be used to predict earthquake disasters.

2. METHOD

Predicting the depth, strength/magnitude, and earthquake location (longitude and latitude) of an
earthquake using datasets taken from three monitoring stations. By using Random Forest to get accurate
results and using google collab as software that helps process data. Steps to make predictions using google
collab:

First, enter the dataset into Google Drive, then connect Google Drive with Google Collab to use the
dataset. Second, by using a random forest regressor and doing a split test. Third, determine the variables x
and y, where x is the data from the earthquake monitoring station, and y is the desired prediction result.
Fourth, separate train and test data with 289 train data sizes and 30 tests. Fifth, by using a random forest
regressor, predictions of the value will be made using the x test variable. Sixth, compare the results between
data, multi-random forest, and random forest in the form of plots. Seventh, the prediction results were
obtained from the earthquake's depth, strength, and location with a sure accuracy. Eighth, actions can be
taken to see the results more clearly.

In addition to using google collab, here are the four steps in the Random Forest algorithm [37]:

1. Choose a random hootstrap sample of size n (randomly taken n samples from the training set with

replacement)

2. Build a decision tree from the bootstrap sample. On each node:

a. Randomly select d features without replacement
b. Split the nodes using the feature that provides the best split according to the objective function.
3. Repeat steps 1) and 2) k

4. Combine predictions based on each tree to assign a class label based on the most votes.

Furthermore, by using the Random Forest algorithm with the Scikit-learn library, the following
equation is obtained [38]

1) The number of samples used is as many as the original data lines

N = Nparis data asli 1)
2) The following equation determines the value of d

dfityr = +/jumlah fitur 2

3) Decision Tree is an algorithm Cart Tree (Classification and Regression Trees)

a) Split data

split 0 = (j,t,) 3)
Quere(8) = (6, Y)|x; <ty 4)
Qright(g) = (x, y)lxj >l ®)

Information:

split 8 : split data

j : feature

tm : threshold value specified at node m

Quer¢(6) : data partition on the left child where the x value in feature j is less than or equal to
the threshold value at node m

Qrignt(6) : data partition on the right child where the x value in feature j is more than the
threshold value at node m

x : training data
y : class label
b) Impurity value of child node m
Genina(Q,0) = nICZtH (Qleft(e)) + n:;ilhtH (Qright(e)) (6)
H(Xm) = Zk Pmk(:l - Pmk) (7)
Prk = 3~ Zxierp [0 = 1) ®
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Information:

G.niia(Q, 6) : information gain child or impurity node m

Neft : the number of data partitions on the left child

Nyight : the number of data partitions on the right child

N, : the amount of data on node m

H(X,,) : function to find the impurity value

k : label class value

Pk : the proportion of class label k on node m

I : a lot of data that the value of the label classy is the same as the class k
i : row region on node m [0,1,2, ..., N,,, — 1]

Split data is done by selecting feature parameters and threshold node m, producing the
smallest Information Gain Child value.

0" = argmingGepua(Q, 0) ©)]
Information:
0" : the smallest information gain value of child node m
¢) Information Gain

16(Q,6) =~ (H(Q(8)) — Genua(Q, 6)) (10)
Information:
1G(Q,0) - information gain node m
N : the amount of data

H(Q(8))  :impurity parent pada node m
Geriia(Q,0) :information gain child pada node m
4) The Feature Importance function can be calculated from the average impurity reduction of all
decision trees in a Random Forest without assuming whether the data used are linearly separated
or not [12]. Find the value of feature importance can be seen in the following equation [39]:

a) Menghitung nilai importance pada setiap decision tree:
_ ZjlG;

Fl; = AT (17)
Information:
FI; :importance value for feature I in the decision tree
1G;  information gain value of the essential feature at node j
j  :node in a decision tree
i :featureindextoi
k  :all nodes in the decision tree
b) Calculating the value of feature importance in a random forest:
RFFI; = @ (12)
Information:
RFFI; :importance value for feature I in the decision tree
FI;; : amost crucial feature | in decision tree j
j : decision tree pada random forest
T : the number of decision trees in a random forest

5) Confusion Matrix is a matrix that describes the performance of an algorithm [12]. From the
Confusion Matrix, the values of false-negative (TFN), false positive (TFP), and true negative
(TTN) can be obtained with the equation as [18]
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TFNL = Z?zlxij (13)
Jj#i
TFPL = Z;'lzl x]'i (14)
J#i
TTN; = Z?:1 Yk=1 Xjk (15)
j#i ki
TTPay = Xj=1%ji (16)

From the above equation, the accuracy value is determined to determine the performance of the
algorithm. Accuracy is the overall average performance [40], following the form of the equation

accuracy =

3. RESULTS AND DISCUSSIONS

1) Using Google Collab

TTPan

Total number of testing entries

(17)

From table 1, it can be seen that the prediction and data values are almost the same, although they
are still inaccurate because the accuracy value is still 63%. Furthermore, it can be seen more clearly in the
table to compare the importance of the data and predictions of random forests.

10

1

12

13

14

Long
113.87
113.86
114.01
12.74
112.49
114.01
111.72
113.44
114.18
113.41
112.84
113.84
113.89
13.22

113.93

Table 1. the prediction and data values

Lat Depth(km)

-10.77

-10.68

-9.43

-9.35

-8.97

-9.39

-8.58

-5.61

-9.81

-9.19

-9.42

-10.71

-10.69

-9.28

-10.59

81.47

78.84

106.01

7.44

31.07

13.13

106.58

107.24

14.65

61.01

110.06

56.44

23.12

71.52

78.56

Mag pred_long

5.0

39

39

36

3.2

36

3.8

41

41

36

3.3

4.7

4.6

4.0

36

113.770315
113.628766
113.642565
112.787658
112.543365
114.010511
111.744921
113.402667
114.163239
113.439193
112.650624
113.844871
113.644369
113.208710

113.840103

pred_lat pred_depth

-10.760219

-10.790116

-9.645616

-9.071596

-8.730904

-9.397245

-5.468248

-9.258137

-9.438448

-9.189722

-9.222438

-10.747330

-10.554225

-9.210613

-9.907739

49.227277

61.577034

48.447260

64.325799

92.877491

36.133379

110.943944

51.144672

42947346

49.957257

95.281329

54.516259

49.385308

55.020431

74.764856

pred_mag
4724745
4066505
4.093076
3360742
3.427932
3684806
3.675805
4374296
4058913
3.566677
3.323480
4.030911
4143208
4197230

3.526163

The above method obtains the comparison results between the data, multi-random forest, and
random forest. The comparison of the values is illustrated in latitude and longitude coordinates. With

squares as data, circles as multi-random forest values , and triangles as random forest values, figure 1.
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Figure 1. Comparing random forests and the multi-output meta estimator

It can be seen more clearly that the prediction results are close to the data, so it can be said that the
prediction results are comparable to accurate. It's just that some predictions are wrong, as in the magnitude at
point 11; according to the data, the result is 4.7 SR while the forecast shows 4.03. To overcome this problem,
further iterations are needed to obtain the most fantastic accuracy of results.

2) Manual calculation

Using (1) to determine how many samples will be used in this study and obtained n = 386. Next,
look for the value of d using (2) and get the value d=\16=4. This means that four features will be used. Then
split the data using (3), where j is the magnitude and tm is used 4.0. Next, do a split with the conditions (4)
and (5) so that you get two groups, namely left (x_j<4) and right (x_j>4), as follows in table 2:

Table 2. split with the conditions

Class N Left N Right
0 16 43
1 16 1
2 7 2
4 3 1
5 19 13
7 5 0
8 0 2
9 17 2

10 0 3
12 14 10
13 1 6
16 30 18
17 4 0
18 25 16
19 1 1
20 4 3
21 4 4
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22 24 8
24 1 0
25 3 0
26 2 0
27 1 3
28 2 1
29 15 3
30 23 6
31 2 1
Total 239 147

Next, the Information Gain Child value of the magnitude feature will be searched using (6). First,
look for the value of left P_mk and right P mk using (8) and then look for the value of H(Q left (8)) and
H(Q right (8)) using (7). By doing the calculations, the values obtained are H(Q left (0))=0.9227 and
H(Q _right (8))=0.869. This followed by finding the value of Gchild(Q,0) with the following formula:

Nieft Nright

Genia(Q,0) = N H (Qleft(e)) =y H (Qright(g))
= 239 (0,9227) + 147 (0,869) = 0,9022
T 386 386 o

Based on these calculations, it is known that the child's information gain for the magnitude feature
with a threshold of 4 is 0.9022. Next, look for the attribute with the minimum child information gain value.
For the example of manual calculations, this value will be selected to find the information gain value. Find
the value of information by using (10), where the importance of H(Q(6)) and P_mk is the total number in
each class. After calculating the value of H(Q(6))=0.9164, which will be used to find the value of IG(Q,0)
with the following formula:

16(Q,6) = %(H(Q(G)) — Genna Q. 9))

_ 386 (0,9164 — 0,9022) = 0,0142
- 386 ’ ’ - ’

Next, the essential features will be searched using the IG(Q,0) value of the magnitude feature only,
so that by using (11), the value of FI_i=1 will be obtained. Furthermore, the value of the essential
components of the random forest was searched by using (12) the value of RFFI_i = 0.25. The importance
value of feature magnitude is 0.25.

Then look for the accuracy value using the original data and the prediction results with the value
TTP_all=243. TTP_all is the number of actual data entries equal to the predicted data. Then by using (17),
the following accuracy is obtained.

~ TTP,, U2 oy
accuracy = total entries tested 386 0

4,  CONCLUSION

From the two methods, it can be seen that the accuracy of the two calculations is relatively similar,
which is close to 63%. However, the accuracy of manual calculations can be improved by finding the
minimum child information gain value from other features such as deep, latitude, and longitude. As for the
measures using Google Collab, it can be iterated again to get the highest accuracy.
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