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F¢, W Florido 55 (2015) 4 Ji ify 2040 e e i 0 25
MR TE SIPES L b (R EHE S, W IR AN
eI BB SR R AT B HOIL, R MRS B i S 5L
R K E X M=4. 4 MRV RRES, XM
=4. 4 MIRFETITA <797 ST %R, i he
PIHIERETIE <P a0” T HL R BN, 7R 48 E 1Y I
WiEsE T, HE R 45T 70% , HE T
P T A R, Shodiq % (2015) 42— Fb
23 [ 3B A A Bl 5 2 BRI W I 2202 A Kt
AR A, A0 LA B B R E B Ay 2R EO 6
2, TERUD K AT HE K BEARE LT 217
SRR, HARERXEJEH XORRK 1 ~6 4F11
HbFR T ELAT 4 i 0 E B 5 Shodiq %F(2017)



182 woE B R 46 &

B0 A S RN T M W 4 H 254, P
ENJRHIX &4 5. 1 MRS 5 RN EAES. S k6
UL bR A AT e, 45 S 2 I AR A B 4K 4 b
w6 VL EME, Po. PyL Sy, S, PHTIEbRF
YIME A F) 75% , Hoh P, &3k 97% ; Shodiq %5
(2018) i F [R] B 14 05 7 3 32 X 48 A1) 4 7% 1E 45 il
W, BIXT M =6 M (4% 5% HLAA 5 1 300 2%
B, FEREES, 8 99.16%

S-S AL L 2 D) A Ml 5 355 B0 PR 5 R )t
AT HZ M, 41 Huang %5 (2018) & H —Fp
TR 27 > (AL 2% 2 20 W W 7 i, o
£ 75 MR Bl R G 5 ol G, 7k 65 536 AN E
fIE (XN 256 x256 R R E1R) , FIH CNN MFrf
HuFEAR 2 R b SR IO SRR AE . AT 25 120
KA b FE T A R 30 RATHLAR . UK 3E 30
R RMFERRRTHET 6 %, WK EGbRd
M1, BWFRIC A0, % CNN BB R (E 1T 2945
F0.303, HEATENTBHFIERENR T, %h
ORI R AT N AR
4.2 REMEMEZZEHEHN

AT 22 BOHL 2% 27 2T Hi 7 19000 A 5 38 41 %o 48
258 35 1) A of 1l R TR S KAk o, X S R s
(] F5 %) BF 55 I A 2, Ul Madahizadeh 1 Allame-

SAH TR

d=7.5km, n =348,
Ny, = 1,321

P b 7
d=75km,n=10,
Nyoy =28

08 (@) . (b ()

sig@ACFS-b)

(g)

2 o £ 4

SEH KRR
d=12.5km,n =284,
Mgy = 565

hzadeh (2009) F&F A T AL W28 XF 43 7 25 [R] 70 AR
BT THF5E, (R SN — A M E 51,
DeVries % (2018) F£T DNN XF 437228 6] 43 A7 X %,
PEATENAF 5T, LT — AN F 30 000 24 F
T — AR I ST I A A X AR R AT oty
X (RBAESAFATE) , HAEAVRIE 2T F
MBS B N ) AR Ak sk i e, AR
FHEHE 2 TG S PEERE ;. DNN BRI 5 6 a2
FEABRORZ th 50 A1 Sk, Bk 13 451 A
H 2%k, DNN 7EM 8504 45 1o [ BT A 1) o 4
WAL 20 AT RN A% FA T A 21 19 SR AUC {Eh 0. 849,
KRFGIEC LN T HEN AUC{E (0.583), 5
ROC PPN 25X Ok B BRIt (K 3), 458%
W DNN 7 4375 Hb i T T BU A% 5 2 1 24 7 )
AT A PR B, BB A% B g b A R AR R Y 4 (]
O3 o ABATTHE— 25 2 BTk Ry, % 4% AR Ml T A
FEAE S IR Ty 5k A R AR R, RTIA R
DNN %5 H B 10300 45 SR A5 ) B ol i B, 100 T4
ZENIZ o B [ I 5 AR K A 4, AN Mig-
nan fll Broccardo (2019) AR, AZTET—F
FEYETN , A B 0% b BRI 5, A
fRT PR ANN 558 4] LUK SR G i 5, BB
IV P SE %R = N T C Ay 5 R FU S

ROC ik
d =0-50 km

(d - -
7/ ACFS

Z — A
(AUC = 0.573)

s —
4 (AUC = 0.544)
L7 — AKIR
’ (AUC = 0.570)

PR

(h)

UEZY S
— s

(AUC = 0.765)
— i

(AUC = 0.956)
— KR

(AUC = 0.884)

0
0 fELE 1

A3 HRECHEAEE AT (a~c) FAWEML (e~g) TRMAELE M T ik,
B E st p#g ROC #4 (d. h) (3 DeVries et al, 2018)

Fig. 3 Traditional methods for predicting aftershock location by coulombic stress change (a —c¢) and neural

network (e —g), and their corresponding ROC curves (d, h) (according to DeVries et al, 2018)
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Fig. 4 Reconstructing the applied load stress change curve from the acoustic emission recording

2018)

of a fault friction experiment using a random forest (according to Rouet — Leduc et al,
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Research Progress in Field of Earthquake Prediction

by Machine Learning Based on Seismic Data
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Abstract

Machine learning’s prominent implicit feature extraction and complex task processing capabilities are driving

the science of earthquake prediction. In order to systematically understand the development status of machine learn-

ing technology in the field of earthquake prediction, this paper focuses on the application of machine learning in

the field of earthquake prediction at home and abroad in recent years from the three aspects of earthquake magni-

tude prediction, earthquake location and earthquake occurrence time estimation in a specified time — space win-

dow, among which Al is the most widely used in earthquake magnitude prediction. In addition, this paper summa-

rizes the main characteristic parameters, models and evaluation related issues of machine learning earthquake pre-

diction, and explores the influence of seismicity parameters on earthquake prediction results from various evaluation

mechanisms. Finally, a preliminary discussion and outlook on the problems existing in the field of earthquake pre-

diction will be conducted. In the foreseeable future, the introduction of Al technology and the expansion of applica-

tion fields are likely to lead the continuous development of the field of earthquake prediction.

Keywords: earthquake prediction; machine learning; feature extraction; model evaluation



