948 % 5N i EBR B2 Earth Science Vol.48 No.5
2023 451 http://www.earth-science.net May 2023

https://doi.org/10.3799/dqkx.2022.338

BT RIEHCIZ M 2 W 28 /Y 35 B 1 5 20 B ol A= &Y

W E, THR, K OB, Hrast,y &'

1.PEAREHIBRAFHMEMLE IR IRESHTELER T, ZLAITARE 150080
QHEREGEBLETEFRES LHT, ZLAITERE 150080

O ST Z R TN T A B IR M R U B KR, AR PO T M R T 8 R B K A T X 4 AT LR R it B AR
R RE A O P AL B WA R — A A T b AR 3 W A SR, SRR A B2 A SO DL A T R AR ML R B T R E B
[ s, 2 85000 1 B 55 B0 o I IA) 6 /N, e vk S S 0N L R T R e IR (AL, R T — B TR I A T 4% 11 S
bR ZUEE I BB B T 2010— 2021 4F K-NET £ ¥ # @ 450 Y, I %6 B 2022 4F 3 H My, 7.3 Hiu i 25 11y 52 191 0 Tk A 2
LU W] P Uk B3k 5 AT DL G0 3R B A B D25 T B0 B L Pk B3k 3 s B AE DR A Th EBR 2l 96.47 % 45 Y A9 LSTM 4
Y P T R TR () o o R S T A b R T N A e R A A LR A AR

SRR AR ZUEE SO AR I 2 TR EE A 2 5 b AR U TR M T

FESES: P315 XEHS: 1000—2383(2023)05— 1853 —12 i EHA:2022—08—19

A Real-Time Seismic Intensity Prediction Model Based on
Long Short-Term Memory Neural Network

Hu Jinjun'*", Ding Yitian"?, Zhang Hui"*, Jin Chaoyue'*, Tang Chao'"*
1. Key Laboratory of Earthquake Engineering and Engineering Vibration, Institute of Engineering Mechanics,

China Earthquake Administration, Harbin 150080, China
2. Key Laboratory of Earthquake Disaster Mitigation, Ministry of Emergency Management, Harbin 150080, China

Abstract: Real-time intensity prediction can estimate the maximum possible impact of an earthquake based on P-wave before the
arrival of destructive seismic waves. Earthquake early warning targets can take measures to reduce the potential damage. Peak P-
wave displacement amplitude is a parameter that effectively estimates the peak ground motion, however, it is difficult to fully
characterize the information in ground motion by a single or multiple parameters. Meanwhile, the calculation of the parameter
requires the determination of the time window size, and continuous prediction cannot be achieved. To solve the above problems, a
prediction model based on long short-term memory network is proposed in this paper. The model is constructed based on K-NET
data from 2010-2021, and the M,,, 7.3 earthquake event in March 2022 is selected as a case to validate the model. The results
show that the intensity can be predicted at each time step of the record after the P-wave arrival, and the accuracy in the test set is
96.47% at 3 seconds after P-wave arrival. The LSTM model proposed in this paper improves the accuracy and continuity of
intensity prediction and can provide a scientific basis for earthquake early warning and emergency response.
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T B G S R A4 B A RS DR S 0 AL T (E
RIS R IE S 80 P, il WFSE N B4R T R A8 T 4 1
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43 (squared velocity integral, ID2) %5 (Festa et al.,
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Table 1 MSE and training time for different LSTM network

structures (validation set)

No. MZREE  RUZAICH R MSE Il 2R ]
1 1 8 828.350 6 13 477.373 6
2 1 16 667.354 3 14 354.786 8
3 1 32 569.153 7 16 753.753 1
4 1 64 448.534 1 13578.8415
5 1 128 392.6177 6 252.108 5
6 2 8 355.5563 5 22833.1137
7 2 16 328.543 4 23 788.3574
8 2 32 267.564 8 22 879.357 4
9 2 64 228.820 8 20 708.898 1
10 2 128 224.943 3 22 326.148 8
11 3 8 297.358 7 32443.092 9
12 3 16 276.548 6 34 512.3657
13 3 32 257.789 3 33 574.789 3
14 3 64 234.638 5 32 876.654 7
15 3 128 238.049 9 29 957.053 3
16 4 8 295.915 5 39 464.159 2
17 4 16 268.465 1 40 873.546 1
18 4 32 243.1657 37453.312 8
19 4 64 225.2677 33 316.395 8
20 4 128 226.192' 1 38 112.503 2

e HoAb# 2 Bl M« Learning rate=10 ° Batch size=50;

Maximum iterations= 100 (Early stop=30).
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Fig. 11 (a) to (1) are the predicted and observed values of the instrumental seismic intensity with time for different intensities

4 A

T B E LSTM £ & I 2k 56 1 5 7 — IR
Hi 5% b R IR R B, AR SCHE R 2022 4F 3 1 kR
1) Moy 7.3 Hb 5%, %F 52 J5 B 2 200 km LA N /Y B
A A g S 2L 80 AN #E AT M, JF R A M AR il
S QS 1B A e Ll A 2 i 1 = B Tl O VA
A 4 & 9a BT 7, & 9b Sy $50I A0 RE Y S [E] 3 A,
Bl 9c o T Bt A & b ic ¢ 20 1 804 4 A

K10 R T S i A T F R S R o

FUE Z 0]/ 8% 25 . AF 6 uh WAl & S Z TR0 Y
B 25415 B K, A B A5 i) ) AR 25 38 0/ L A A
JE N 2,550 Myya<<4.5 (JK 8 52 26 FAs (50 28) 1Y
&l ZU R A W Al A T 4.5 My, <
6.5 (AL MA@ Lk), fERT 2 s i Z1 & B
T (IR TENE 2N TN 3-8 i e =l W T | B L
JIN R B ARG A T R R TRD 4 B o ek S
SR T O L U M S TR I %) b R BB A
SIS M B R T AR A, 2 T AS ] A
OIS 000 Z Y S AR A AL R 1la~111RER T



1862 HERBL2E  http://www.earth-science.net

o548 %

N [R) B0 31 PRI ) 990 00 2 S A T ) R (ELAR 3R P
213K B B TE], G0l A 2 b AR B B R [R] B A R 2R
AR [ A B | B (0, AR 3 WL DN A 52 i B BE
IR 21 2 AR 2 O I 1 e KB B, 1D 11 v Ay B[R] AR
2L B R B A R KB RE B2 L e KB AE 5~6
JEE J0 B R, A AR AT LA P 3k B 3k S B Fe o JL R ) 1
W f R FUEE (B 11a~110) .l n, & 11a @R HHe kK
FU A 15.56 s BF 2] 35, A8 0] DLAE S 2 s 2 4 B
oy i 2 e K= s FUE N 11g~111 R Al DL F
L B KBRS g 3~4 FEJE [T, BEARSAE 5 1 s 258
4 s BIVAT o B 100 A R ZURE L DAL, O AR AR T LA
P E A R BB R ok 2w o e AR R
] H AR % 52 4 BT R BN X 45 i 119 B ]

5 ZhwHitie

B3 T S B0y vk A7 AR I S B0k I
fiff B LA K 100 % 2 ) B, AR SCHR T — b AR
T LSTM fy 56 wh 240 B 9 I A A . % B0 H A K-
NET 3% 22 %5086 U1 5 00 088 180, O X b T 1% 46 P,
T 7 S, e 2022 4E 3 H My, 7.3 B H 5
PR AT R BRI AR SR B LR 4598

(1) A 3C 2 Y A Z10 3 700 00 A A8 6 1 JRE 4 i SR
HEAT WU, fff TR T A% 8 ik v 2 80 MR ) R R
TS By vk b 7 B A i S 0 AT AL B O
TFE AR IE S — R 28, LSTM A5 A
W JC 5 2E 47 5 2% B 1Ak B, E B R R R i SR
E R A HRE2mALRIC R P ETWER .

(2) W00 7 3% 22 ¥ J7 1, LSTM i i A5 4
WK Al & Sl 1 SR R A R S WO A P T AL 5y
e RIS I T o < ST T 2 sl L 1
KT R ] g R 7 ik, B TR B 22 1] AF AR Y
17 T S T T < A N 7 S L £
LSTM #% B 7¢ 4 A if (8] 25 b gF 47 W0, 35 Jn 1
o i [a] {45 950 B bR A T 2 0 0 IR

(3) 4 H Ay %L T LSTM #i 8 1 P, 1 &
HEA H o sk e 4E B P I R GA 3 s JE MER R
Al DLk ) 96.47% , Jf H Bl & 235 £ ol R 5 R
) B S AR R (Y a5 2 PR S A S, A R I A o A
RN WA L X b A8 R, 7E 3 s B[R] B R
LSTM # A () 37 4 48 o5 #8587 P, #52 AL . [) B,
T AT LLAE 1077 s DAY 58 BT A2 IS A1

AR SC e K A 48 ) 4% S T R A
i 7E ZU R U b B — s i TR A . B R

A VF Z P R IO R FUE Ry J7 %, B I USGS
(United States Geological Survey) JF J& ) Shake-
Map T 5, H 57 ] J2 76 752 J5 th 42 fit b iz 3h Al
S R Ml T DS Tk 28 T AR R e LAY 7 kL AR
SC R R 3 N T B M b AR T b, A AR 5 P
U i T £ 3k AL T RE Y de R B EE AR SCfi
MH K-NET 38 52 5 /), 65 ol % 5K, R $7F
Fud U ZhAs 2 R BB B B b P RE . EXE T B
il B b = D Y X, T 2 aE
L T SN T S S A £ 2 N7 e o (R D A S B N
55 Al 3 DX B A LT | &5 5 3T B8 o ) AR T ik
W A RY N B B 0 R B L AR R R X

References

Carranza, M., Buforn, E., Colombelli, S., et al., 2013.
Earthquake Early Warning for Southern Iberia: A P
Wave Threshold - Based Approach. Geophysical Re-
search Letters, 40: 4588—4593. https://doi. org/
10.1002/grl.50903

Chen, Y. L., Jin, X., 2016. A Continuous Real-Time Meth-
od for Seismic Intensity Prediction. Earthquake Engi-
neering and Engineering Dynamics, 36(6): 22—29 (in
Chinese with English abstract).

Chu, D. P., Wan, B., Li, H., etal., 2021. Geological Enti-
ty Recognition Based on ELMO-CONN-BiLSTM-CRF
Model. Earth Science, 46(8): 3039— 3048 (in Chinese
with English abstract).

Deng, L., Yu, D., 2014. Deep Learning: Methods and Ap-
plications. Foundations and Trends in Signal Process-
ing, 7: 197—387. https://doi.org/10.1561/2000000039

Festa, G., Zollo, A., Lancieri, M., 2008. Earthquake Mag-
nitude Estimation from Early Radiated Energy. Geophys-
ical Research Letters, 35(22):1.22307. https://doi.org/
10.1029/2008G1.035576

Graves, A., Fernandez, S., Gomez, F., et al., 2006. Con-
nectionist Temporal Classification: ILabelling Unseg-
mented Sequence Data with Recurrent Neural Net-
works. In: Proceedings of the 23rd International Confer-
ence on Machine Learning. Association for Computing
Machinery, New York, 369—376. https://doi. org/
10.1145/1143844.1143891

Hochreiter, S., Schmidhuber, J., 1997. Long Short- Term
Memory. Neural Computation, 9: 1735—1780. https://
doi.org/10.1162/nec0.1997.9.8.1735

Hoshiba, M., Kamigaichi, O., Saito, M., et al., 2008.
Earthquake Early Warning Starts Nationwide in Japan.
EOS, Transactions American Geophysical Union, 89:



%5

BT T R E AL W 2 80 ) 5 M R B O 1863

73— T74. https://doi.org/10.1029/2008 EO080001

Kamigaichi, O., Saito, M., Doi, K., et al., 2009. Earth-
quake Early Warning in Japan: Warning the General Pub-
lic and Future Prospects. Seismological Research Let-
ters, 80: 717. https://doi.org/10.1785/gssrl.80.5.717

Kanamori, H., 2005. Real - Time Seismology and Earth-
quake Damage Mitigation. Annu. Rev. Earth Planet.
Sci., 33: 195—214. https://doi. org/10.1146/annurev.
earth.33.092203.122626

Kingma, D.P., Ba, J., 2014. ADAM: A Method for Stochas-
tic  Optimization.  https://doi.  org/10.48550/arX-
iv.1412.6980

Kunugi, T., Aoi, S., Nakamura, H., et al., 2013. An Im-
proved Approximating Filter for Real-Time Calculation
of Seismic Intensity. Zisin, 2: 223—230. https://doi.
org/10.4294/zisin.65.223

Liu, R. S., Xiong, M. P., Ma, Q., etal., 2021. Vulnerabili-
ty Study for High Voltage Electrical Equipment in Sub-
stations Based on Instrumental Seismic Intensity. Jour-
nal of Natural Disasters, 30(2): 14—23 (in Chinese with
English abstract).

Nazeri, S., Shomali, Z.H., Colombelli, S., et al., 2017.
Magnitude Estimation Based on Integrated Amplitude
and Frequency Content of the Initial P Wave in Earth-
quake Early Warning Applied to Techran, Iran. Bulletin
of the Seismological Society of America, 107: 1432—
1438. https://doi.org/10.1007/978-3-642-55903-7 _92

Otake, R., Kurima, J., Goto, H., et al., 2020. Deep Learn-
ing Model for Spatial Interpolation of Real-Time Seis-
mic Intensity. Seismological Research Letters, 91:
3433—3443. https://doi.org/10.1785/0220200006

Peng, C.Y., Yang, J.S., Zheng, Y., et al., 2017. New Tc
Regression Relationship Derived from all P Wave Time
Windows for Rapid Magnitude Estimation. Geophysical
Research Letters, 44: 1724—1731.

Reimers, N., Gurevych, 1., 2017. Optimal Hyperparameters
for Deep LSTM - Networks for Sequence Labeling
Tasks. Geophysical Research Letters, 44(4): 1724—
1731. https://doi.org/10.1002/2016G1.071672

Sheen, D.H., Park, J.H., Chi, H.C., et al., 2017. The
First Stage of an Earthquake Early Warning System in
South Korea. Seismological Research Letters, 88:
1491—1498. https://doi.org/10.1785/0220170062

Sherstinsky, A., 2020. Fundamentals of Recurrent Neu-
ral Network (RNN) and Long Short-Term Memo-
ry (LSTM) Network. Physica D: Nonlinear Phe-
nomena, 404: 132306. https://doi. org/10.1016/].
physd.2019.132306

Srivastava, N., Hinton, G., Krizhevsky, A., et al., 2014.
Dropout: A Simple Way to Prevent Neural Networks
from Overfitting. The Journal of Machine Learning Re-
search, 15: 1929—1958.

Sudrez, G., Espinosa Aranda, J. M., Cuéllar, A., et al.,
2018. A Dedicated Seismic Early Warning Network:
The Mexican Seismic Alert System (SASMEX). Seis-
mological Research Letters, 89: 382—391. https://doi.
org/10.1785/0220170184

Sun, D. Z., Zhang, R. P., Sun, B. T., 2018. Discussion on
the Application of Instrumental Intensity for Seismic In-
tensity Assessment. Building Structure, 48(S2): 279—
283 (in Chinese with English abstract).

Wang, S., Jiang, J., 2015. Learning Natural lLanguage
Inference with LSTM. In: Proceedings of the Human
Language Technologies: The 2016 Annual Confer-
ence of the North American Chapter of the Associa-
tion for Computational Linguistics. Association for
Computational Linguistics. Association for Computa-
tional  Linguistics,  Stroudsburg. https://doi. org/
10.48550/arXiv.1512.08849

Wang, Y., Li, X., Li, L., et al., 2022. New Magni-
tude Proxy for Earthquake Early Warning Based on
Initial Time Series and Frequency. Seismological Re-
search  Letters, 93: 216—225. https://doi. org/
10.1785/0220210106

Wang, Z., Zhao, B., 2018. Method of Accurate-Fast Magni-
tude Estimation for Earthquake Early Warning: Trial
and Application for the 2008 Wenchuan Earthquake.
Soil Dynamics and Earthquake Engineering, 109: 227 —
234. https://doi.org/10.1016/j.s0ildyn.2018.03.006

Wu, Y., Kanamori, H., 2005. Rapid Assessment of Dam-
age Potential of Earthquakes in Taiwan from the Be-
ginning of P Waves. Bulletin of the Seismological So-
ciety of America, 95: 1181—1185. https://doi. org/
10.1785/0120040193

Wu, Y.M., Zhao, L., 2006. Magnitude Estimation Using
the First Three Seconds P-Wave Amplitude in Earth-
quake Early Warning. Geophysical Research Letters, 33
(16): 1L.16312. https://doi.org/10.1029/2006G1.026871

Xie, Y., Ebad Sichani, M., Padgett, J.E., etal., 2020. The
Promise of Implementing Machine Learning in Earth-
quake Engineering: A State-of-the-Art Review. Earth-
quake Spectra, 36: 1769—1801. https://doi. org/
10.1177/8755293020919419

Xu, Y., Lu, X., Cetiner, B., etal., 2021. Real-Time Region-
al Seismic Damage Assessment Framework Based on

Long Short-Term Memory Neural Network. Computer-



1864 HERBL2E  http://www.earth-science.net

o548 %

Aided Civil and Infrastructure Engineering, 36: 504—
521. https://doi.org/10.1080/13632469.2020.1826371

Yamamoto, S., Rydelek, P., Horiuchi, S., et al., 2008. On
the Estimation of Seismic Intensity in Earthquake Early
Warning Systems. Geophysical Research Letters, 35(7):
L07302. https://doi.org/10.1029/2007G1033034

Yu, Y., Si, X., Hu, C., etal., 2019. A Review of Recur-
rent Neural Networks: LSTM Cells and Network Archi-
tectures. Neural Computation, 31: 1235—1270. https://
doi.org/10.1162/neco_a_01199

Zhang, W., Li, H., Li, Y., et al., 2021. Application of
Deep lLearning Algorithms in Geotechnical Engineer-
ing: A Short Critical Review. Artificial Intelligence
Review, 54: 5633—5673. https://doi. org/10.1007/
$10462-021-09967-1

Zhang, W., Phoon, K., 2022. Editorial for Advances and
Applications of Deep Learning and Soft Computing in
Geotechnical Underground Engineering. Elsevier, 14:
671—673. https://doi.org/10.1016/j.jrmge.2022.01.001

Zhao, Z., Zheng, P., Xu, S., et al., 2019. Object Detection
with Deep Learning: A Review. IEEE Transactions on
Neural Networks and Learning Systems, 30: 3212—
3232. https://doi.org/10.1109/ TNNLS.2018.2876865

Zhu, J., Li, S., Song, J., et al., 2021. Magnitude Estima-
tion for Earthquake Early Warning Using a Deep Convo-

lutional Neural Network. Frontiers in Earth Science, 9:
341. https://doi.org/10.3389/feart.2021.653226

Zollo, A., Amoroso, O., Lancieri, M., et al., 2010. A
Threshold - Based Earthquake Early Warning Using
Dense Accelerometer Networks. Geophysical Journal In-
ternational, 183: 963—974. https://doi. org/10.1111/
.1365-246X.2010.04765.x

Zuo, R. G., Peng, Y., Li, T., et al., 2021. Challenges of
Geological Prospecting Big Data Mining and Integration
Using Deep Learning Algorithms. Earth Science, 46(1):
350— 358 (in Chinese with English abstract).

Bt o 325 % STk

FRUAME , 4 B, 2016, — Tl 4 S5 I 1900 43 2% b 72 2 % 10 7
MR TR S TRERS, 36(6): 22— 29.

FBAESE, Tk, Z54r, 45, 2021. BT ELMO-CNN-BILSTM-
CRF £ & 9 b 7 52 & 31 51 . Mb 2R BF 2%, 46(8):
3039—3048.

XA, BEHAEE ) THam | 45 2021, TR T A Y S
Sl R R R A S BT AY . A SRR E IR, 30(2):
14—23.

INEEEE, SRATHE , INAA VS, 2018, TR IR A #8210 15 b 7R B
W g . S, 48(S2): 279—283.

AT, B, AT, 4 2021, BT R I B R A
Ben s m -5 4 Pk . Bk 24 46(1): 350— 358.



