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Wk I R IR 4 . b 72 TR A Ay R 2 I
B PR B F I TR — R IR X 8k i K O
W5 48 11 59 ¥ J7 %, W1 Gutenberg-Richter 3¢ &
5 Omori & B 5 2 JUBLRISEN SR L T AR AF 5%
7% RO Ml 2 T O AR A A B MR I S K3 A
W3PSl s 7 Y DX B0 K fih e M b 52 0 2 L A
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short-term memory, LSTM) & {5 i L & B 4K Hi
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3 UM O R TR B R AR, M6 Ah, TR
(Attention) MLl 55 Transformer ZEH 5] A, fiff
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G kAR, R R 4 25,

D IR R GE R AE (8 4B) . AT A H b 7E
U e KR 9 B fig & B (i 4l Gutenberg-
Richter (G-R)BEE-BER KL RITE ),

DA AR IR (6 4F) . AR L 2 4
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J91) 220 1 ] B B N ) A% R B AR R I N7 DX T
K.

2T i RS2 R M =6 5B REAE N
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2.3 ZEEERT

bR T HEAT =0 40 I, A SO i i X
CHHEZRAO R 40 17X 1R 23 ) A% . 8 o B
2 ] BRI 2 A L RE 8 Sy B XA T —
AP R AR AR 3K A AR RS L RE [l 2K 2
W RAEHE”, B RETE /R “ A X 8 Al B & A
HURR” O M 52 A B M Y =3 TR] DA R A T SRS A0
rfE &
24 FEAaHRE

2% [ fi * 3 (spatial hit rate, SHR) ] T 1
AR Y X Ml AR R A ) S TR E L RE . R T
BE—ANSEPR & A T H R B )RR AR BT 25 45 th
25 DA% 1 T AL 4, - JBCHC i AR 3 0 25 11 T A% A
Ry G0 R A S A S SRR kR
8 P s — B0, Iy — R b7, 2 ] b 3R D
JT A R A 2o b 5 R AR v B E R L B
WRME S B 0~ 1, (R B R 3R 7R 25 JA) i L
HEHf
2.5 Y&5EME

VA8 G Y B SR 4% 8 1 2 1 L B R 43 R U
SRAE AN A B OR A0 43 Ao B e B ) 2 AT

OB e . AR 2R B Adam AL 2R AN
Focal Loss 1 5k Bi%{, Focal Loss /& 7F 3¢ X/ it
R AN B N S R e UL @i R R P
155 43 FEREAS X B A5 2 11 Tk o 1 455 280 7 1| 2k
Ao R e I OG T X A SR AT, DT A A 2 i 2K )
AN A7 ) 7L

BEARIVERE APPSR T T — RV EE B A6 R

1) 43 28 48 B . #E B B (Accuracy) . ¥ B %
(Precision) . 3 Ml & (Recall) .F1 43 %t (F1-Score)
I ROC-AUC, M5 5E L H -

Accuracy= TP TN
TP+ FP+FN+TN

AP, TP Rm BB M - 52 PR & A b 5%, 155 Bl 7l
W2 % AR 1) s TN Rom HBAPE SR AR & 4B
M 5= AR AL IO AN 23 K AR (KIS 005 FP RoR (R
BAE : SEPRAR K AR 52 AR AL R4 O 2 R A
REE S FN R B B P - 52 B AE b R (H S AU U
FIRA SR, . MEMRELRS 54N
20 Yo ok S AR Fat A

ROC(receiver operating characteristic) ffj £k
JEAELO, LI P 49 4 0 ok 1 4 3l 31 58 4 >
B T #Y ELBH PR TPR="TP/(TP+FN) 5 & [H
P # FPR=FP/(FP+ TN), Jf Ll FPR %l |
TPR Sk 9\l 22 i 1M B ; AUC Carea under curve)
iz MR T AR BUE 0.5 (BEAIL) ~1.0 (A ,
AP SRy DATE B3R AR 25 BE AL A B — S I AR A 4
IEREA H i 2y HOME R

2) 52 U Ll 45 B : Molchan 4 % 18 J2 H
Xt N B9 %5 1% 18 B (Molchan error area, MEA),
Molchan 138 42 22 il T 2 5 B 2 i i 25 7 i %
AR A0 G AR UL b VT A T 0 A A 7 AN [) 2 i R
W A ARREN . — A AR TR AR A R AE S h)
AT 5 4 3 T S B AT BEAR A Tl 412 3¢, Hoh
IR AT e i 1) 26 £

3 & R

3.1 HEIMERERT L

Bl 1R T 5 FBERITE 6 PR R AR T X
g s, MR E, LSTM 7£ Accuracy (0.850)
5 F1-Score(0.916) I & B £ ££ ; Transformer 7¢
AUC F e (0.741) (R 88 H A0 S 1 19 TC ¢ 43
2K B BE f1; random forest B Recall fx 15
(0. 995) . fH I Precision # (0.842), 7% LA
AW A O R X T HE B0 L H 48 bR
Molchan % 15 T8 AR , £ A5 50 35 B 1 406 T Bl B 2 2
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(#50.5), Holp LSTM Ml Attention-LSTM Ky 5
R T AR /N, 3R I A T i A A Dy T
RS ZEAORE A Al s R) 4RO R AE Y
TR 2 2] iR (LSTM, Attention-LSTM, Trans-
former)#E F1 43385 Molchan 4 i% i FH 45 56 4t
fabr bR AR AL,

ELST™M 3 Attention-LSTM =3 Transformer
= logistic regression Erandom forest
100550 0846 0822 0519 0538 || 0863 0550 0.854 0.839 0.842
0.8 -
o6
M=
am 0.4
Jo
0.2
0.0 - -~
(a)Accuracy (b)Precision
L0 —
ok L27 0977 oag 097 093 || BTG 0.915 09 0901 6912
Zos
U=
am 0.4
o
0.2
0.0
(c)Recall (d)F1
1.0 0.885 0.830 0.881 (847 0.869
0.8} 0,690 0.741 -
e 2.6l 0.564
=g 0.467
9m 0.4 |
Jo
0.2
0.0
(e)AUC (HMEA
Bl 1 KRR 6 T8 A b ) BE T Lt
Fig.1 Performance comparison of different models

across six metrics

F LILE T A R AR B FE 43 2 F000 AT 55 b 1Y
FE M 78 45 (Accuracy, Precision, Recall, F1,
AUC UK MEA) , il il 1D LSTM i F1 #iz
B (0.916), H £ Accuracy (0. 850) 5 Recall
(0.977) b & Bl 5 . £¢ & M AR & fEs 2)
Attention-LSTM fY Precision # & (0.859), H.
AUC RIELE (0.661) , B W = 3 HLE A B T
$ T 1E K0 2 5K B % 5 3) Transformer 1) AUC
i (0.741) , M43 L B 5 1 I (1 TG 0% 43 2 4 il B
T OEGE R (LR, RF Z5) 74 B35 b5 £ B A
SEA J1, H B IR A TR AR RS BA . W AR
Molchan 4% i AL (MEA) T [ # 52 5 4 46 Y
Tl A8 AR it — 2D i 7R 1B AR AR I 2 5 RO B Y
225 PR R o BRI A P A s T

F1 TEERETESLIERLAERITLL
Tab.1 Performance comparison of different models on
major classification metrics

LT FR e KA H A F1 30 AUC MEA
LSTM 0.850 0.863 0.977 0.916 0.690 0.470
Attention-LSTM 0.846 0.859 0.977 0.915 0.661 0.474
Transformer  0.842 0.884 0.936 0.909 0.741 0.462
LR 0.819 0.839 0.973 0.901 0.467 0.504

RF 0.777 0.843 0.904 0.872 0.560 0.490

I LA, LSTM #E8Y7E 43 28 B0 AT: 55 vh
R, S HAE A B R 5 F1 2% E L #w
i, 3& A Tk b osie RR AR /N R S R i IR
Attention-LSTM Ml Transformer N 7F $2 /5 45 %1
EREPE S AR DT B ) .

ey LIRVEM R AR R LSTM 1 F1 5 H
Ml oW &t %, B Attention LSTM 7E
Molchan £ #5 E FL(MEA) .55 [1] iy Hh % L) Je 7 78
JIRCEE fr Al ok 0 AT i BEPE r T R B AL, BT
FOHE SR ) 25 [ AL AR ) 5 A RV AR SCIE R Atten-
tion-LSTM 14 Ji5 £ 25 8] $0 I 5 fi% B 53 B 19 %
DAL

R VEAS A5 B TE Hb 52 37 5% b 19 S BT A DU
Attention-LSTM A ], 2 i T £ % ) Molchan
R 2), ZE LS E G o (B, 0~ 1)
5 g, 0~ 1) e b, B HILAE I I o 2k
N B=1—a, MBS A BOL B S L, 3R
FNTEAR [A) U 4 3 T BT B 45 B s o T AR
RUMCA %, Holh e g ik T RMEL T O,
Molchan #5 % H B (MEA) = 0. 474 (B HL 15000
0.5, BUNBREF) o 3 B AE DR 35 () 45 e 41 38 1 i1
RT3 (0 s L/ T RELAE Uk . B A SEBR
7 AN B

0.8} St == BHLE
5061
-’% \“\\
2 04
02} S
0.0 . | | 3
0.0 0.2 04 0.6 08 10

B A R a
2 Attention-LSTM & 7 i) Molchan %1% &
Fig.2 Molchan error diagram for the
Attention-LLSTM model
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fEFEMER) . 25 3 B /R, Attention-Spatial ) %S [i]
iy P AR g (0.545) A8 T H Al AR AL, A T
B RE A8 A 28042 T 25 Ta] A 2 485 15 O it DX 3l Xof
57 HE 71 LSTM-Spatial 2 B J& 7 ; Transformer-
Spatial HA— & 1Y 42 Jay MO A BE ), (5 G A A
FiR AN AN B Attention-Spatial, 25 [6] iy R 5

3.2
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Tab.2 Performance comparison of different models in
spatial prediction tasks

LR 2 FR 23 [i) i v PR 1
LSTM_Spatial 0.357 Hefit LSTM 75 il 7l 5
Attention_Spatial 0.545 R B4 s [ 0
Transformer_Spatial 0.403 SRR R g

% 2 g B £ B, Attention-Spatial 5 %I ¥E
23 [A)5E RLRE T b di o 58 Y L RE A Ay IX I 3 72 fe I
PEVPA SR LT AT RE I 2%

Kl 3 7R Attention-Spatial (Hl Attention-
LSTM R 1) 25 (8] RO XF H [E 2R 6 X R R 60 d
b RE K AR R 37 1Y  T) FI 45 R, AT,
AR AT 5 X e 32 20 3l A 3 CAn R R W 40
FHE 111 Y8 Vi M 0T ) X I P R G, e WA AR R 8 %)
] 122 X b 7 0% Bl 1 2 TA) R A 5 () B S v 4 IX
553 A v R AR AL AR AR B A M ST T 4 A T
BRI 25 G 7000 A A ROk

5001
500t 0.25
0.15 g
46°} 5 g
0.10
440}
42 0.05
[ |
40°}

117..5O 12.00 12i.5° 12.5° 12.7.5O 130° 13&.5°
Kl 3 Attention-LSTM #  Fi 0 (%) o [ 4= b Hb X
Kk 60 d bR &AM 2R A ] 43 AR
Fig.3 Spatial distribution of earthquake occurrence

probability in northeast China for the next 60 days
predicted by the Attention-LSTM model
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Fig.4 Feature importance ranking for the Attention-
LSTM model based on SHAP values
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Prediction on Far-Field Triggering Earthquakes in Northeast China

Induced by Japanese Strong Earthquakes Based on Deep Learning

2
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Abstract ; Far-field earthquake triggering mechanisms represent a critical frontier in earthquake predic-
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tion research. To explore the spatiotemporal relationship between strong seismic activity in Japan and
moderate-to-strong earthquakes in northeast China, this study develops a data-driven prediction
model. Based on the USGS earthquake catalog from 1980 to 2024, and using M =6.0 earthquakes in
Japan as potential triggers, the model predicts the probability of earthquakes with M =>4 occurring in
northeast China within the next 60 days. A daily-resolution time series dataset is constructed, incor-
porating 32-dimensional features covering earthquake statistics, spatial distribution, energy release,
and aftershock sequences. Deep learning models including long short-term memory (LSTM) neural
networks, attention mechanism-enhanced LSTM (Attention-LSTM), and Transformer are systemat-
ically compared against traditional machine learning methods such as logistic regression and random
forest. Results indicate that the Attention-LSTM model performs optimally, achieving an F1 score of
0.915 and an AUC value of 0.661, and shows significant advantages in Molchan error diagram analy-
sis, a method specific to earthquake prediction evaluation. The model enables both binary
classification prediction and generation of spatial probability distribution maps at 1° X 1° grid resolu-
tion. This study demonstrates the potential of deep learning for revealing cross-regional far-field
earthquake triggering mechanisms and provides new insights for short-to-medium-term regional seis-
mic hazard assessment.

Key words: deep learning; attention-based long short-term memory network (Attention-LSTM) ; far-

field earthquake triggering; spatiotemporal earthquake forecasting
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Earth Geodetic Reference Surfaces[J]. Journal of Geometry

Coordinate Inverse Transformation for the Triaxial Geoid Model
ZHANG Hanwei' XU Pengfei' WANG Ke'

1 School of Civil Engineering and Geomatics, Shandong University of Technology, Zibo 255000, China

Abstract: By employing fundamental methods from the theory of curves and surfaces, the concepts of
different types of latitude and longitude (reduced latitude and longitude, geometric latitude and longi-
tude, and geodetic latitude and longitude) at an arbitrary point on a triaxial ellipsoidal surface are pro-
posed. Theoretical relationship models are established between Cartesian coordinates (spatial rectan-
gular coordinates) and geodetic coordinates (geodetic latitude, longitude, and height), as well as be-
tween Cartesian coordinates and geometric coordinates (geometric latitude, longitude, and height),
for any point in space both inside and outside the ellipsoid. Based on the theoretical relationships a-
mong the different latitude and longitude types., approximate geodetic coordinates of the study point
are derived. Using these approximations as initial values, a novel method for the inverse transforma-
tion of coordinates is presented via Newton’s iterative approach. Extensive numerical calculations
demonstrate that, for any arbitrary point in space, the proposed method accomplishes the transfor-
mation from Cartesian to geodetic coordinates nearly instantaneously; even for points near the Earth’s
surface, only three iterations are required to achieve convergence.

Key words: Earth ellipsoid; reduced latitude and longitude; geometric latitude and longitude; geodetic

latitude and longitude; geodetic coordinates



