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Multimodal Deep Learning

Zhu Jingbao*?, Li Shanyou'?, Song Jindong?
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: The Chinese seismic instrument intensity prediction is crucial for earthquake early
warning (EEW) and hazard mitigation in China, but traditional methods suffer from issues such as
insufficient accuracy and insufficient fusion of multi-source data. This study aims to construct a
multimodal deep learning model, explore its feasibility for predicting seismic instrument intensity
in China, and improve the accuracy and robustness of instrument intensity prediction for EEW. A
Multimodal Chinese Instrument Intensity prediction Network (MCIINet) is proposed, which is
trained and tested by the seismic events recorded by China Earthquake Networks Center.
Experiments have shown that on the test dataset, compared to the baseline model at 3 s after
P-wave triggering, MCIINet reduced MAE and RMSE of instrument intensity prediction by 9.03%
and 8.67%, respectively, and improved R? and accuracy by 9.10% and 2.51%, respectively.
MCIINet has effectively improved the accuracy of intensity prediction through multimodal deep
feature fusion, verifying the feasibility of multimodal deep learning for seismic instrument
intensity prediction in China, and providing technical support for instrument intensity prediction in
EEW.
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Fig. 1 Distribution of epicenters and stations in the (a) training dataset and in the (b) testing

dataset
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Fig.2 Distribution of (a) epicentral distance, (b) signal-to-noise ratio, (¢) magnitude, and (d)
instrument intensity for the training and testing datasets

1.2 FAE AL

B TSR IR S5 46 R B I R e 7R 20 DL R PAL B IR

(1) X JRAE =7 20 sl I FE 10 AT B R

(2) RH 55 (2013) $EH 1 P ¥ B N6 FIEXT SR AR 1) B [m) Ik B il sgdh AT Pk
FEUL, FEXHR 2 P RIS RIAT N TR IE,  DUBA CRAR L I R mT S8 1k 5

(3) X hnid e F AR RO Bl s, B LSRR RIS A e %, KA 4 B
0.075 Hz il ELRFIR Wi i 23 6 AR 20 J5 IRC S AT U8, DA BR AR 2012 BRI ATES A 52 Ml
(Peng et al., 2017);

(4) et (HEHEZEL) (GBIT-17742-2020), & E B FIE, HAENE
IR AL GRIG AR RS (X B (bR A B SR b 2 10 SRRt IR ASC38 2 A fED -

1.3 ZESHELE

NTRDFIH P WREENEYE R, AR P RG2S dE En
WG « AR A SCAREE o B P KRR S 4 B 0.075Hz ERRRIR T E DR A8 e g
PR 3 J3 B (KN P e T 5 A B a6 Py B3A S5 16 3 0 P sk B R i AT
L B IR 3, AR A A 4t P SRR R SR AT B, g I A B AR Ay AR
s SCASEHR AR HE BT A AE SR F0 @ % P U35 ST AR 12 4 P PS5, s
IGAE P, (Wu and Kanamori, 2005). U&fE N & P, (Wu and Kanamori, 2005). I 5%

4



P4 (Wu and Kanamori, 2005) [T BLF T ZURE 14 (Arias, 19700, {7 #°FF7#14 ID2 (Wang and
Zhao, 2018)J# &~ J5 F143 IV2(Brondi et al., 2015 Jinid & ¥ 747 4 1A2(Festa et al., 2008)
B[ fins ¥ 2 F1 SVA (Song et al., 2023). B [H i # 2 fil SVD (Song et al., 2023). B[ i &
ZF1'SVV (Song et al., 2023). RFL%Fi4 % CAV (Reed and Kassawara, 1990). RFGEE
ZAE Ply (Nakamura, 2003). -1 A AR CHE 5T L4 0HX S SCARKHR I T PRI/ 41,
XHEBAFEA . B 3 (@) FE 3 (b) hlfEns 1 ds fi BE rresl, B 3 (a
HE AR ER O 2R PRSI %o [RIS,  AHI S0 A0 i\ B8040 SR O 1 s f I — Ak 3

(a) o . . . T _(b) 103; vy
= wﬁ: p E

T EW | - 2 | 1

= LLLons ls | AN '-"f“"\ﬂ ;
5 (3) M !ﬂ*\)\ MWH\.,A Iﬂ)l‘Nk " [| E 1012- = \/j J mh 3
w OF 1 A e ) |
= T Je ol
= . = L [—UD |
-6 1 10'F EW 3
ol | E | NS 3
e S AR R i T

WA (s) i (Hz)

3 (@) e A 0 () ATt A4 (¥ B 451

Fig.3 Example of (a) time-domain data and (b) spectrum data
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Fig.4 Network architecture of MCIINet
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Fig.5 (a) Relationship between predicted intensity and observed intensity of MCIINet on the
testing dataset, and (b) distribution of intensity residuals
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Table 1 Performance comparison between MCIINet and baseline models on the testing dataset

J7i3 MAE RMSE R? YRR
od ik 0.817 1.038 0.419 67 349¢
(-28.52%)  (-28.99%) (+68.74%) T
. 0.671 0.883 0.578
CONIP #7 78.76%
e (-12.97%)  (-16.53%) (+22.32%)
ke . 0.642 0.807 0.648
LSTM #&E#Y 80.81%
(-9.03%) (-8.67%)  (+9.10%)
. 0.672 0.845 0.614
XGBoost #&7 77.50%
(-13.09%)  (-12.78%)  (+15.15)
MCIINet 0.584 0.737 0.707 83.329%
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Fig.6 The relationship between the residual intensity of MCIINet on the testing dataset and ()
epicentral distance, (b) signal-to-noise ratio, and (c) magnitude

BEAh, FRATHLE 7 MCHNet AEEZAR R0 AN R R= R G ] T ASGH 20 BE TR Pk s,
R 2 PR NZR 2 AT ORI (1) 5EELREAAHEL, Toik 24 7% 1 <100 km i& 2 7% 1 #h>100

km IiF, MCIINet XJ F-{% a5 24 FUNHA 52N MAE A1 RMSE; (2) 2472 W EE<<100 km I,
BT AR AR LSTM BEAL, MCIINet (2% 245 T Y MAE Fil RMSE 43l B A%
1 9.25%#1 9.87%; (3) 45&E H1#E>100 km i, AHE TR B EAE A LSTM #5%¢, MCIINet
XA ZUE ) MAE 1 RMSE 73 7l B4 1 8.41% 1 4.03%. X tHEWA#, MCIINet AJ
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UM Z RS EE PR ICE 2 GG R, S5 T A 2L iy m S, FEAS T 72 Hh EE X
45 ZUE TR ) S o
K 2 MCIINet FIFELARLLE A [F] R BRI F b FR 20 BE T 14 e
Table 2 Intensity prediction performance of MCIINet and baseline models for different epicentral
distance ranges

Sk E i PE<<100 km E R FE>100 km
MAE RMSE MAE RMSE
. 0.7940 0.9947 0.8883 1.1589
Pd J5i

(-25.23%) (-25.27%) (-37.45%) (-37.79%)
0.6881 0.9176 0.6229 0.7727
(-13.72%) (-18.90%) (-10.80%)  (-6.70%)
0.6542 0.8247 0.6066 0.7512
(-9.25%)  (-9.87%)  (-8.41%)  (-4.03%)
0.6748 0.8480 0.6647 0.8394
(-12.02%) (-12.35%) (-16.41%) (-14.12%)
MCIINet 0.5937 0.7433 0.5556 0.7209
# 3 LT MCIINet FHIEZAR AL AN [R5 148 L3 B RS 2L BE o0 i PR . AR 3
ATLEIL: (1) SEELEBAIHILL, ToiR(5 etk <10 IS5 M h>10 i, MCHNet X T4 25 51
FETRIMHEAT LN MAE F1 RMSE; (2) {5 EE<<10 I, AHAL T e AR A B LSTM £
A, MCHNet X T35 Z1 B H Y MAE f1 RMSE 43 7 B T 7.46%F1 6.30%; (3) {5
EE>10 B, A T e pE A JE 2R A5 LSTM 5%, MCIINet S -T-45 2% 24 T ¥ MAE Fil RMSE
RIBEAR T 12.72%F1 14.28%. XEIRZE, MCIINet nf LU 2B HE th IR BUE 245 300015
B BRI T AE R EORHSCRS 2 TR0 A 52
& 3 MCIINet IZEERAERY7E A [F] {5 8 bL v Bl _E A9 20 RE T 14k A
Table 3 Intensity prediction performance of MCIINet and baseline models for different
signal-to-noise ratio ranges

CONIP &1
F LR Y
LSTM #E#Y

XGBoost f& 7Y

S {EKE L <10 {51 >10
MAE RMSE MAE RMSE
= 0.8212 0.9796 0.8070 0.9759
Pd J5i%
(-30.92%) (-27.13%) (-21.95%) (-20.81%)
. 0.6177 0.7735 0.8176 1.1046
CONIP f7
Lo (-8.16%)  (-7.72%)  (-22.96%)  (-30.04%)
e . 0.6130 0.7618 0.7217 0.9015
LSTM #5 %Y
(-7.46%)  (-6.30%)  (-12.72%)  (-14.28%)
N 0.6478 0.8013 0.7382 0.9118
XGBoost 17

(-12.43%) (-10.92%) (-14.67%) (-15.24%)
MCIINet 0.5673 0.7138 0.6299 0.7728

F 4 AT MCIINet FIFEZEAR R AS [ FE G0 Bl N XA 2B Tl 1 R . AR 4 A
LRI (1) SRR, TIREHR<6 ILZZH>6 I, MCIINet Xt -T1X 3% 51 Fiil %5
HE/NF) MAE 1 RMSE; (2) 4EH<6 I, R THLHIELEA LSTM 14!, MCIINet
X AR ZUEE I ) MAE AT RMSE 7373l FAIS 1 8.47%71 8.18%; (3) 7R >6 I, MHET
B LR LAY LSTM B4, MCHNet X T4 #8521 FE Tl 1) MAE F11 RMSE 733l B {IX T 18.82%
Al 14.20%. XEWRAE, MCHNet A] AN ZBSEAEHIRICE Z A G, PRI T RO
A B FRUM (%) 51 o

10



F 4 MCIINet FIZLBRTEA [ B4 I Bl - F 2 Bt pk

Table 4 Intensity prediction performance of MCIINet and baseline models for different magnitude

ranges
. M2 <6 B>6
VaRrA
MAE RMSE MAE RMSE
= 0.8078 1.0009 1.1248 1.2527
Pd 77k

(-29.22%) (-28.97%) (-12.38%) (-23.61%)
0.6467 0.8399 1.4846 1.3204

CONIP #57
B2 1158%) (15.36%) (33.61%) (27.53%)

ﬁg =i
R B 0.6247 0.7742 1.2141 1.1153
LSTM #7Y

(-8.47%)  (-8.18%)  (-18.82%)  (-14.20%)

N 0.6547 0.8090 1.2414 1.1753

XGBoost fE#

(-12.66%) (-12.13%) (-20.61%) (-18.58%)

MCIINet 0.5718 0.7109 0.9856 0.9569

3.3 JHRIsELS

TH Rl SIS — P 1B AP AL Rl A R AR 1 SR 2 B 43, DAVPAR AT T B A i T
BRI SRS 7925 O 1 204 MCHNet Hh AN [RIASE 25 B4k 0 G ith b o A3 28 220 M0 P 44 RE 52
# 5 JE/R 7 MCHNet BEATVH RlSaey, L OR B A N ZH BT 70 i 4 1) A2 2 Tl &5
M5 HATBURIL: (1) TCBEBRAE—midas, AESZETNEK MAE Al RMSE 59,
R JBl/0N s 356 Hh 8 R A A 2 O A 4 B A O Sk S 2% B P TR % — B I s (2) 24
WO B B — B ER I (I i 2 BTG S A 28 B it 85 ), 0T O B I 4l i 5%
BRI 2 A 25 I R 28 2 FE T ) MAE S8 i), HOO TR B SCAR w28, A 2L T
M RMSE /. RP ek, IXHEBRE MCHNet Xt T SCAR SR O BURTESE K, IF HCAR%
XTI T MCIINet A ZUFETRI A DTk iR (3) Al R R B S — B il 28 AH LE, 24
P PR ZS O BD Bei, AXBSZUBE TN MAE A1 RMSE ¥ R B¢, R® BJF, Xth ks
IR B, AT DR B 2 1A U5 8, 1S RIS B SealfE B Bk, BEIm
FETHAR ZURE T IV e o 1Kt — PR 7 2 BESRE G IR B, 7R T SCARRFIEAE XS T
Hh [ g 2 R T P A AR

& 5 MCIINet JE Rl SEI0 45 5%
Table 5 Results of MCIINet ablation experiment

MCIINet {4 B 43 MAE  RMSE R
N 3 G b 2 0.684  0.898 0564
AT 2 b 2 0676  0.889 0573
ARG 0.678  0.857  0.603
I 8 G b 2+ AT S i 2 0620 0790  0.663
I 35 5+ S AR 2 0599 0755  0.692
AT g L 2+ U A Gl 2% 0633 0801  0.653

B RAL S e+ SCA A4 0584 0737 0.707
[FI, AT 2B SCARAE B AN [F SCARFFERT MCIINet 14 RE 2 A BEZ) R,
TRATN ARG BATIHR LS, B ARIRBEFR AR SCAREIE, 238 MCIINet X TAX#5 Z1
FEFM ) MAE. RMSE il R?. 2 6 Jg7n 1 SCAS BB gt SR, MK 6 il LLEHL:
U B SRR AR 5 RS IV2, MCIINet ST 8% 21 & Tl A5 56 =5 /1) MAE Al RMSE,
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DL BEAGI R, HAM5 0.627. 0.773 Fi1 0.677, (XM SCAMS Bl 7 84 IV2 &y
NEEEL, XTF MCIHNet {028 24 5 T 1 DTk B ok
£ 6 AfEBHERI LK% R

Table 6 Results of text information ablation experiment

TARER MAE  RMSE R?
T BRIEEALFS Py 0.610  0.759  0.689
R BRI EIEE Py 0589  0.740  0.705
% B VA T B P, 0586 0741  0.704
FE BB B 2P 1 0589 0737  0.707
R #2177 4) 1D2 0599  0.752 0.695
BREEFHS 1V2 0.627  0.773  0.677
R B s B2~ 77 A3 4) 1A2 0.603  0.754  0.693
2 54 1% m] i BE 2 AT SVA 0612 0772 0678
Fo R B M A% 2 Fil SVD 0.598  0.747 0.698
T2 [ %% [m) R 2 Fl SVV 0601  0.750  0.696
T B RAR LX) T BE CAV 0.586  0.740 0.705
b R e =LA PIV 0591 0746  0.699
REEBRALATSCARAE B 0584 0737  0.707

BeAh, AT D@ RIS AT T R T AL A R R IHLEDSS MCIINet PERERI 5
Wi, 40R 7 fime R 7 Fml DIUR I dlid 5| N2 Ry ihL, — @R B BB T MCIINet
XA RS ZURE TR MAE A1 RMSE, BURFRTET R, 33 thij B3 it 4 R0 3 S WL 3h 254
FAIFCNT LA AL & B — s HI DTk -
R 7 EREBSIHHEIXF MCIHINet HEERIFZ

Table 7 The impact of global attention mechanism on the performance of MCIINet

4 JRVEE TN MAE  RMSE R?
o 0.591 0.742 0.703
H 0.584 0.737 0.707

3.4 %H 6.8 ZEFIIT

2025 4 1 H 7 HVEsE AL T 6.8 g, RP7EARZ 87.45 . Jb4i 28.50 &, It
U RIS O E N UG TR TR (RS, 2025, M5, 2025). ARFCHE—15 0
HTT7 MCHNet Xf T Bt ve H Hb R a8 2 TN MERE RV Z R . B 7 () JBIR T ik
SRR A, B 7 (b) JER T1E P iR )5 3 B MCIINet TR 2% 2 4y
Mo BIIXLE 7 (@) AE 7 (b) AfRLKRIL, TS ZL R 5 s br 2 B R o HEIR 1, L
X RE R 6 B DL EARAE— e PR A ARA I 5, FRATHE WX 1T G822 K R 3 170 W R e 3Rt
PR P S RES 3 FOA 0 #E DA s B A W7 2 A 4 S 30 (Murphy and Nielsen,
2009). JhAh,  HOFE T F2 S0 w g ) O T 2 1 e o S 1A D R R VP £l B
IR BAFERE T HU AR, 311 0 75 1) 2 AR ERCEE K AR AR (Hoshiba et al., 2008;
Zollo et al., 2010). AWFFLH, ARYEH EHFEZIEREZIELE 6 B LLG R R HFE AT
SEMRIE, BATHSLIZLEE 6 BEAENTe 1 BRI R, WRYEaT AR FL, T2 ik 2
TEH FEVO I 2521, Bk, BAESG R e T, 3k 8 Fim. B 7 (o
JEOR T SEIZIEE KT 6 FERISEZIEE /N T 6 FEf Gt fi, ME 7 (o) HnfLUERENE
R 3ANEURSEIZIE R~ KT 6 FE. /£ PRI 3#, B 7 (d) R 73T MCIINet
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MTRZARE, A G R R . W7 (D FafBUREL: R —A4~ 6% XZ.D0001 H I
Tk, HBEH GuMBLRIRILR . R 9 3P RoR T Gl XZ.D0001 {5 5, &=
PRI 100 km HAZWE LA 1.47, FRATTHEWTIRAE M LL AT BE ot S BUZ & stk R R 2 —.
[, B P EIE JE R G RN, & P IFLIG 57, 18 uhilIiRE

R 8 E TSR RERE X

Table 8 Definition of alarms based on the instrument intensity

ik SR <6 JZ S FUE =6
IR T2 <7 -
S T F =7 -
R - T 24 =5
TELS - T 2 <5

9 &3 XZ.D0001 15 8
Table 9 Station XZ.D0001 information

‘ . P V% i [R) B
EREELY aslEl {5 b
3s 45 5s
XZ.D0001 91.27 km 1.47 VRN TR IR
(a) (b)
31°N 31°N
e P
30°N o 30°N ~
e | o @ ) — © - e o 'S 6?@
20°N | 6 o I,\’ - :} 20°N | & ~ e /j - f(‘)\
5 } RN |5 | - N
B *e ’ ry *o )
28°N | 3 - 28°N | 3 )
| 2| 12|
1 1
$E 87TE  S88E  89E  90°E  9I'E 86°E  8TE  88°E  89°E  90°E  9I'E
[ d
31°N( ) 31°N( )
30°N v 30°N o
v XZ.D0001 =
4. Vv - m - 0
. v .
20°N v v 29°N 0 a
YEF O WA e
A g6 R
v 2 <6 TR

8'E 87E B88E 89YE 90°E 9I'E 86°E 87E S8°E 89E 90E O9I'E
Bl 7 (a)5E HHRE I SE bR S8 ZURE 43 A s (b) MCHINet TG A ERZURE s (c) 7 H HRE szl 2
JE>6 MISEPZURE<6 70415 (d)2E T MCHNet Rl A1 L A3 i 1 RE
Fig.7 (a) Actual instrumental intensity distribution of Dingri earthquake; (b) The instrument
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intensity predicted by MCIINet; (c) The distribution of actual instrumental intensity >6 and actual
instrumental intensity <6 for Dingri earthquake; (d) Alarm performance based on MCIINet for
predicting intensity

4 R

B of H T R RE AN AR B TR AN 2 5 2 IR A S AN 7 o ) I, AR AR T — R
BT L RSIR L 2 S 1 b A2 ZURE TR 4% (MCHINet), FHRZEMCHNet7E H [ H X 5T
iR AR B R TN AT AT o G I A b R D SR T L A B e SR S B = 2R
RS, SZEATEE NS SR E, MCHNetsZl 1t b A% 3% 21 EEF . F Al 148
Hh [ H 7E 5 9 M20074F 22 20204F 1e 5% R S S5 MCHINet AT VN ZRAIINR . RIS, 3]
ZRUFIIMCHNet % 202541 H 7 H vk e H & A 116,828 L fE 3 3E 47 Z1 B T4 R oA o S8R 43 Hr
MCIINet A ER ZUE TR A5 R, AR LTSk

(1) A SCHRE Y A 22 528 v A 28 20 B2 T MCHINet (R 8 7 R 2 i 1 4% 45 7 R Tl 7
VAR — B IE LB HH A AE I B — . ZUREIERLE A 78 0 11 . MCIINet ] BA [
Qb PR R A I IR . SIS AR A OSCAR R, IR RS EAE SRR AT E R
T P AR Z

(2) fEPB % Ja3F>, MCHNetxt T2 B il (IMAE . RMSE. RZMITHM £ 7 v fy %
43 1720.584. 0.737. 0.7074183.32%, H 2R T ILLAAL . [FIIF, FIILLEAAYAR L, MCIHINet
(PN AR B P TIN5 22 52 R P BE . (5 e LU RN R R I S BE /N, ELG TR 200 T A B8 4 1)
Feft o

(3) IR, ZHSHIR T ZE BIMIMAERIRMSE . 27+ TR?, #t—
WIGIE T ZHSAE B L AME

(4) 1E20254E1H 7H Fa#E H K A /6.8 % hEr, 7EPY ik & J53F), MCIHNetdE: T1%
MPETINAA KA R, RA— N EuiR Rk,

AT B H P M8 2 B T G R T 2% (MCIHINet), $RZRAEH E b X
X T RE AN B R T AR T AT, B R PR rh AN RS B R T r AR A AN R . CE AR
o, TR RYERE LURC I AP, A 5T R A -5 MCHINetAH (] 1 11| 2R S AR A 0 ik
LRRAI AT I SRR o B IR LR L, 30— R BIMCIINetE — e FEE 32T+ 171X
AR BURE TG 5, BOAUE T 2 A TR 27 2 TR M FE A8 BB T () v AT 1 o [RIES, X6
AFEIRE A EM LR, EAHFEPHRAE B, MCIHNets 43 88 215 T 2 B
TEARMITERE . BEAE, XETUREES SRS R UL, PR A I B, (SR B 5 ST AR AL IE T 58
F MR FE TR — BB R HAR . AW EALMCHNeti R, BEIMMCHNet B (1) fg
FEFHMCIHINettS T-45 25 510 T e vH: aff e Xof - 1 72 U A R ko 2 B FE L1 fE AR
IR, FRA 22 R I AN [F] PR 4R V) 7 i BEAGE S A B0 B o SRR
—ARAEMCHINetFI 18, AEMCHINet® T35 2452 R0 0 i 26 v] LA Bk — 0 4 Tt

AT FEIRAE | 25 RSN B 5 > 70 b T o ] 1 58 A28 20 8 T v B eI AT, HESh TN
T e 5 HUR AL 1IAE SR, RT3 1 RE T 2 45 () i R 5 e v B T B JE At
R T, BATTETE FE— 25 B MCHINet iR I 5 G 5 2% o A% 4t i 2 R ST A 45
AMZER, X0 TP BGEMCHINet Rt R R EE . F, AR, IO E
FREEAN O R R R, JCHRBRME (M>7) idsw, DURTHRIIL AR S A5 i 2 A /)
FEARSRAFRIE MM (L, 2022) 0 FET AT EAR NS, FRATAT LLAERTMCIINet ] LU 2L
b T R A bt RS 7 R TN f AT S, A R M R T R G B B R AR R Ak
FHRFRAE IR S 3 SRR P
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WEEDEZ o 8dE (Bl as. FPHURSIRREE . Bk, =064 1Rt
N, AT DL R M T SR R A B R I B, TN TR e AR TR MR A %
BOR YR e 82 78 73 HA ROmA A AR B B 1 2 ool , ARz AR RN 1% R Re ALt 2 2
FETMHLA, 0]y 3 1 7 U RT3 R ek o B2 B (0 77 1) A0 B
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