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Segmented Estimation Method for Early Warning Magnitude
Based on Convolutional Neural Network
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Abstract: Aiming at magnitude estimation in earthquake early warning, a segmented estimation
method based on convolutional neural network (CNN) is proposed. The input is the waveform
starting from the P wave onset and lasting 3 s. The output is the estimated magnitude range (local
magnitude M;>5.0 for large earthquake and M,<5.0 for small earthquake). If the waveform
belongs to the large earthquake range, the alarm will be sent directly; if the waveform belongs to
the small earthquake range, the specific magnitude value will be estimated. For the estimation of
magnitude range, the accuracy of the CNN model can reach 98. 04%. The mean absolute errors
(MAE) of estimating small earthquake magnitudes based on parameters 7, and P, are 0. 20 and
0. 31, respectively. The results demonstrate the efficacy of the proposed segmented magnitude
estimation method in accurately early warning large earthquakes and reducing the probability of
missed warnings. Additionally, it enhances the precision of small earthquake magnitude
estimation.

Key words: earthquake early warning; magnitude early warning; segmented estimation;
convolutional neural network (CNN) ; magnitude estimation parameters
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Fig. 1 Waveform samples for 3 s after the P wave onset

(a)—M,=2.6 FF I 5 (b)—M,=6.6 FIFHIE .

2.1 ETCNNHELZXEHEZEER

A SCAE FH 2009—2017 45 (14 3 7% 25 F 18 4
YRAE | 2018—2019 4F (1) M % =5 1R 1 At 4R .
TR b R I ) B G A /D /N M R U 1 )
i, AR IR 2R 78 2, IR A I e 5 5% rh
PSR 200 km LLN BYIIE 10 52 BRI ) 5 2255
SR ] PR 2, B sl FH 7% 2 100 km DAY

BT RH  o 1 R T SRR A G B AR X A
WIZREE  FEQRUE MRS S5 AF SE BE I I D0 B X/ e
PR T R B R sk 1 firos . %
TR P ] BEAF AR i B, A SCR AT 10k Z
AR Ik ROk, %0k
— 10 R Z TP PR , R85 IR BT
Il 253X A HUA B 2 T TS G 3 O 40 R
REUE M IR 55

K B(M,>5.2)

WRE(4.5<M,<5.2 KHFB(M,>5.0)
‘Kﬁ%\fﬁé((mqﬁ) ) MBRE(M,<5.0)

Wk WH

F X B I
ﬂ@sﬁﬁ —{ Rt
P

PRI EES s
e T

B2 WMEBRRSBREERENIERE
Fig.2 Workflow of the segmented estimation method
for early warning magnitude

F1 REARBRGEEERNEERES

Table 1 The dataset partition of the magnitude range
estimation model
AR MRS FRZs HUEE HulidsRE
KHLE [1,0] 72 561
Yt Aofigmn [0.5,0.5] 79 611
/NHLTE [0,1] 290 1452
.. KHE 1,0 7 25
ilFES - .0
IINHILRE [0, 1] 665 1661

CNN HA7 Be5i 1 ey b e ik 4R HURE 77 , 17401 P
W ) Fre KR — e FEFZ b R e 1 b 7R A 1 52
AR B T IR SCEE T CNNAL R [ Sl $ R
TIESEELFE O X BEAG B . ONIN HP (14 45 LR D A 4
P BAR , F B 2 D EBUZA AT LS B ER =i
G2 AR, T R R o A AP A, DI R
BEARR B MBS 2 ERZ SIS
I, G KR ME A . 11 ] LASE B
— O EARMEERE B RS H 14 1< BRNS
B 1A AEB R Z 5 IR 11 R4t 7
JZ  AURT L SRAS RS R B S R RE 18 A 2
i 22 B AN Y S L D, AR SORE 1A R
2 A ERRMALE A LA 11 BRUZE N 1%
T4 R o S MO R AL, R IR S OB B /R 35
HEUERY N



1076 FAKFFHR(A A FR)

% 45 %

—{ Convam |5 BAmE 5 Convim }—

B3 HFHRBERREE

Fig. 3 Diagram of the feature extraction block
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