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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 \/ (z;,—x; 2+ (y, —y; )2(j>1) S
Occurrence time of first event t Set of d; D
Occurrence time of last event 1, Set of m; M

Longitude of i-th event X; Set of - D/M
Latitude of i-th event Vi Maximum value of S S
S]’Il X
Hypocentral depth of i-th event d; Set of da S'D
Magnitude of i-th event m; Set of ——= S/M
Setof #;4; - 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
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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/'Miers
Kurtosis of M 12 M Maximum value of T’ 32 T
Skewness of M 13 Mkew 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/Myean Kurtosis of T’ 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

= [f0: 700 F 300 3s] (1)

o714, A AF= FPE(L)239780712] HE(IMS 2 0 =7 vjdste] A=W, 1 F7]7139780 x 390|Tk

242 M2l

A= S ok S Bl 5 T
EEIMNS A= EAREY B 245 H QU] QItk(Li et al., 2018). 2A|YHL sk AR 27 E B, 4L A
Zh, 2 E7e 411, o] & fhof 2183510] FF & WSkt B o k= F35)(standardization) 2} |- 2|45 max-min) 2~

riu
L
(o]
(¢}
Am
iy
=
>,
K
)
ot
ol
>
=2
R
=
)
rO
of
o2
JE
filo
N
R
N
=
1
=

AL 71e =St BESF AADT L L] A B9 gho s M WE(v,) o] Bt} B2 BAE 2203
= wglsie, 4] )8 mEtt
- fi—w
k__ 7
Fl=—— 2)

A7V, pot o= A7t u, O HATO =HE ARl Bt BEwAto | v 24 AAAH 2 u, O] ATk 2ggke]
2}z 13k 00 B ZARITHA (3)).

. /¥ —min (u;)

Fr= ) — mi 3)

max (u;) — min (u;)

3714, max (u;) @k min (u,) 2 282} w, ol tit 2 Sgkat Fdgholoh,

= AR FIEET - 381



382

o5 AARRHE AL 1, o, max (u;), min (u,;)-> 282} ok53 7} 2pmof| A8k 2470 S 23Mth 2
Q7 et A} A 8 A ) 54 Rag lweko s, 2 AAe Fol 44 shol A8H A7 Tz
o] Aolgt o) Qlat JaRS A RS vl aslo

AP =4

g A e R0 BE Ak AEE B 2He 2jele] B0l Fgo 2 AfRel A9 ‘%—%E](Abdi and
Williams, 2010). 2+ P8} A2 2]7} 2185 392110] RS n 210 2 24517 QJeiA AA| A& FE(1)2] 3
A R 3070e] RO LA B Ak T, D8E0] 2 SNt A 7] g 1; -

(V,) & 351k 2] (4)).
I/n, = ['U() vy ..V, 'U”] (4)

nAH g0 8 T E|of Ahg o) AHglo] 4 AR H(L, )2 The A2 THETA (5)).

£ A 2] e e A S A A 10) R g BEel] Siel BAt TR B 24 9
S, 525G 18] ARG T ol ThE A 0] BALS H]wsleict,

AT 2] A3 A7 BReh A7 AR 2R AN SAFE Boto] 420l A4S Selsict. 7
] S8 A Sslo} 50} 541710 F
§510] A7) S 47|, HAe 7ol w2 7

e
e
nJlo
2

3421 2 o 23E| 2
H A= Global Centroid Moment Tensor(GCMT) catalog 25 36,699712] 2|7 AFAS] ARE A2 5 2} ek
=59l 39712 B 0 &2 /495 39,78071 AL=E 553 AHd 2Fdo] A-8E]7] Ao 2|3 7FEE D= A% AR 9]
Y AT, R, A, Zol, 7o) FE-E ZRRie] o) FEo] 23 A2 °F 30 km ©]5ke] Zlo]oflA] 'HAstal o
(Fig. 2a), M4.9~M5.1 Ato] 2] |21 o] BbA W17} 713 =k Fig. 2b). XM 2F4F &, 7 109 Lol A iAlRH 2] 71 AFA
Ao o]t 12N (Spean) THRE 100~150 km©[H, T 2|30 AT I=T] 285 AZEE] B (Tpen) HH-Z 0~202
o] 2Ath(Fig. 2¢ and 2d). AE7F AE-7F 2o H= 21%19] 21019 Wt (Dyean) T THE] B Myean)= T2 0~100 km
9} 5.2~5.4A10]0f| Z¥Zk B IS THFig. 2e and 2f).
Fig. 3-& Y A= 0t #23), -4, st AAIgE o] -85 ok A=) 217 Ate]9] A2 9] B Sean), THer
Z7lo] AYsh=| ARl AR B Tean), 2012 BIHDiean), THEE B Myean) ©] ZEE WERHT G2 212 S



7|AEkE A fIo AR 20 AR 24T AZE AR IR - 383

T5He S70] B9 km, day, km, M,©18, 0 D) FAZHCEAE) F) S OF 117.09] HolE BTk Fig.
3a). BESF AAUTE AU ARE U] A 54 BT FAZH 259175 MRS AR ES BTk Fig. 3). -
2k 27| B4 0] FONgE R Tt WA} ol AaHE B, SRR o]} 2T 03024 Y Ao

a) Depth of events c) Distribution of Smean e) Distribution of Dmean
I z 2500
© 200001 '8 _§ 12000+
3 £ 20001 . 10000
G 15000 - =
5 © 15001 5 8000
_g 8 g 6000
§ 100001 € 1000 E
P aC> £ 4000
4 [0)
= 5000 = 5001 £ 2000
0+ 7 T T 0 f " t T 0 " T T T T T
0 200 400 600 50 100 150 200 0 100 200 300 400 500 600
Depth (km) Smean (km) Dmean (km)
b) Magnitude of events d) Distribution of Tmean f) Distribution of Mmean
6000+ 30001 -
= 2 25001
% 5000 8 2500 3
et § £ 20001
G 4000 = 2000 2
— o —
[} posl © 1500
S 3000 @ 1500 .
g E 2
£ 20001 3 1000/ § 1000
c
= 2 2 500
10001 £ 5001 £
J [=
0 ? T T T 0 y y 0 " " " T
5 6 7 8 9 0 20 40 60 5.0 5.2 54 5.6 5.8
Magnitude (MW) Tmean (days) Mimean (MW)

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 (Dpesn) 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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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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a) Without scaler (6 PCs) b)  Standard scaler (6 PCs) c)
% 3000 RMSE = 3.7119 p RMSE = 0.4928 2
=2 3101 =
g 20004 g g
2 o =
5 10004 5 04 W‘ 2
© A i © ©
2l VN R 5 RMSE = 0.0581
0 10 20 30 0 10 20 30 ) 10 20 30
Feature index Feature index Feature index
d) Without scaler (16 PCs) e) Standard scaler (16 PCs) f) Max-min scaler (16 PCs)
2 3000 RMSE = 0.4380 . RMSE = 0.1319 9 1.0
= = 101 = N A
€ 2000 ] 5051\ A, ,/‘\r ™\ y
o o © W RRAY, v MoV A
[0 ©
LI EVaN _A 2 £ 5 RMSE = 00159
0 10 20 30 0 10 20 30 0 10 20 30
Feature index Feature index Feature index
Feature values Mean of feature value
— Original test data -=- QOriginal test data
—— Reconstructed test data === Reconstructed test data

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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