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Abstract

Recently, several studies have utilized machine learning to efficiently and accurately analyze seismic
data that are exponentially increasing. In this study, we expand earthquake information such as occur-
rence time, hypocentral location, and magnitude to produce a dataset for applying to machine learning,
reducing the dimension of the expended data into dominant features through principal component
analysis. The dimensional extended data comprises statistics of the earthquake information from the
Global Centroid Moment Tensor catalog containing 36,699 seismic events. We perform data prepro-
cessing using standard and max-min scaling and extract dominant features with principal components
analysis from the scaled dataset. The scaling methods significantly reduced the deviation of feature
values caused by different units. Among them, the standard scaling method transforms the median of
each feature with a smaller deviation than other scaling methods. The six principal components
extracted from the non-scaled dataset explain 99% of the original data. The sixteen principal compo-
nents from the datasets, which are applied with standardization or max-min scaling, reconstruct 98%
of the original datasets. These results indicate that more principal components are needed to preserve
original data information with even distributed feature values. We propose a data processing method
for efficient and accurate machine learning model to analyze the relationship between seismic data and
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Fig. 1. The global seismicity from the Global Centroid Moment Tensor (GCMT) catalog and spatio-temporal windows. The
GCMT catalog provides 36,699 seismic events (Step 1). The spatial windows (yellow and gray square) are located at the
center of M > 6.5 event (red star) in the orange square (Step 2). The spatio-temporal windows comprise seismic events
which occur before and after M = 6.5 event for five years from the spatial window in step 2 (Step 3). The length of the
temporal window is 3°, and all events in spatio-temporal windows are allocated to several windows by 50 events (see the
red square), producing 39,780 windows. i seismic events in the window contains the information of occurrence time (¢;),
longitude (z;), latitude (y,), depth (d;), and magnitude (m;).
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Table 1. Variables of seismic events in the spatio-temporal window

Descriptions Symbols Descriptions Symbols
Occurrence time of i-th event t Set of \/(xi —z;)?+ (g, —y;)? (G >4) S
Occurrence time of first event t Set of d; D
Occurrence time of last event t, Set of m; M

Longitude of i-th event X Set of mi- D/M
Latitude of i-th event Vi Maximum value of S S
Hypocentral depth of i-th event d; Set of Sziax S/D
Magnitude of i-th event m; Set of WLZ:X S/M
Setof#;,;-t; T Set of d; D
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Table 2. The expended features of the spatio-temporal window

Descriptions Feature index ~ Symbol Descriptions Feature index ~ Symbol
Maximum value of S 0 Shax Maximum value of S/D 20 S/Dinax
Average value of § 1 Shean Minimum value of /D 21 S/Diin
Maximum value of D 2 Dy Average of S/D 22 S'Dean
Minimum value of D 3 D,in Standard deviation of S/D 23 S/Dgia
Average of D 4 Dean Kurtosis of S/D 24 S/Diaurt
Standard deviation of D 5 Dy Skewness of S/D 25 S/Diers
Kurtosis of D 6 Dyt Maximum value of S/M 26 S/Myae




Table 2. Continued.

Descriptions Feature index ~ Symbol Descriptions Feature index ~ Symbol
Skewness of D 7 Dy Minimum value of S/M 27 S/'Myin
Maximum value of M 8 M Average of M 28 S/Mhyean
Minimum value of M 9 M, Standard deviation of S/M 29 S/Mya
Average of M 10 Mean Kurtosis of S/M 30 S/Murt
Standard deviation of M 11 My Skewness of S/M 31 S/ Mikers
Kurtosis of M 12 M Maximum value of T’ 32 T
Skewness of M 13 Mo Minimum value of T 33 Tonin
Maximum value of D/M 14 D/Myax Average of T 34 Trean
Minimum value of D/M 15 D/M,,i, Standard deviation of T’ 35 Toa
Average of D/'M 16 D/Mean Kurtosis of 7' 36 Tt
Standard deviation of D/M 17 D/My, Skewness of T’ 37 Tkew
Kurtosis of D/M 18 D/Ms Temporal length of window (z, - #,) 38 wy
Skewness of D/M 19 D/Mgery
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Fig. 2. Histogram describing the features before/after dimensional expansion (DE). (a—b) Hypocentral depth and magni-
tude before DE. (c-d) the distance between each event in windows (Snesn) and the difference time for the next event in
window ( 7pesn). (e=f) mean depth (Dnesn) and magnitude (Myesn) of seismic events in windows after DE.
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Fig. 3. Boxplots with the original and scaled features. The middle, upper, and bottom lines indicate median, 25 percentile,
and 75 percentile, respectively. The tails of box represent maximum and minimum values. Feature distribution of (a)
without scaler, (b) with standard scaler, (c) with max-min scaler. Feature without scaling represent up to 117 differences
between each feature by its units. The scalers reduce difference of feature values to ~0.6.
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=2 (6)1 o] A oJHthPartridge and Calvo, 1998).

20N
= ——5——,where \; > A\; >--> A3; > Agg 6)

Az o] FEA PR TE G2 ARgho] 45 AfrlE Weke] Akm o] Zite] STk Wigel, ¢ 7t 245 FAd
FARO AR t7 o] AHE v HEGH K Macciotta et al., 2010). 2AI L] @%ﬂ 2] o2 PEAt= 2] %, 6719] 5
e AHEt e SaAtE 0] 99%E A dst Ath(Fig. 4] TR A). mEelet - 2aeks A8t s A=
717116712t 147] oo] /g Ho] it 8k Ahw 0] B4 98% S Aot Hth(Fig. 42] T 254 A). o]i= 27
L Aol AJERI01 39700 54 F 167119] F42-2 ARl A Az o] E4e tiiE W9 e = ke LEhdnt.

1.04
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> 0.6

0.41 —o— Without scaler
—eo— Standard scaler
—e— Max-min scaler

0.2 L T T T T T T T T

1 6 1" 16 21 26 31 36

The number of PCs

Fig. 4. The cumulative explained variance (¢) of original and scaled training data with the number of principal components
(PCs). The reconstructed training data without scaler (blue line) explains 0.99 of the original features with six PCs. With
the standardization and max-min scaler, the sixteen PCs represent ~0.98 of the original data.
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39779 _ _ 2
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0.0581019L0m, 27| Aeo] 2G| 9 730l vlaH HrhA. O L e HATKFig. sband Sc). Bob ] F
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a) Without scaler (6 PCs)
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— Original test data -=- QOriginal test data
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Fig. 5. The feature values of original and reconstructed test data with 6 and 16 principal components (PCs). We compared
both data using maximum (upper solid line), minimum (bottom solid line), and mean values (dashed line). Root Mean
Square Error (RMSE) is used to quantify the difference between the original and reconstructed data. (a—c) the feature
values of the original test data and reconstructed test data with 6 PCs. (d-f) the feature values of the original test data and
reconstructed test data with 16 PCs.
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