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Abstract: Ground motion parameters quantify the intensity of ground motion and their impact on building
structures, making the selection of appropriate parameters crucial for pre-earthquake seismic design and post-
earthquake damage assessment. Ground motion parameters and structural seismic responses are often statistically
related through traditional correlation analysis and regression methods. However, data are mostly sourced from
numerical simulations, which makes it difficult to capture the true nonlinear mapping relationship between the two.

Therefore, this paper collected and organized nearly 1.28 million actual damage records from the Great East Japan
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Earthquake on March 11, 2011, and the complex mapping relationship between ground motion parameters and
building damage levels was established based on four machine learning classification models, namely, XGBoost
(eXtreme gradient boosting) , RF (random forest) , LightGBM (light gradient boosting machine ), and CatBoost
(categorical boosting ). The SMOTE oversampling and Bayesian hyperparameter optimization algorithms were
introduced to optimize the model, and the optimal combination of seven ground motion parameters was selected
using two methods for evaluating feature importance. The results indicate that the XGBoost algorithm performs the
best, with an overall accuracy of 71.39% on the test set. The optimal combination of ground motion parameters
includs PGA, T,, Vg, PGD, PGV/PGA, PGV, and S,. The amplitude, spectrum, and duration parameters of the
ground motion show a strong correlation with post-earthquake building damage, while the cumulative energy
parameters exhibit a weaker correlation. Finally, an earthquake loss prediction model based on the XGBoost
algorithm was established using actual damage data from three earthquakes in New Zealand, validating the
completeness, reliability, and regional generalization capability of the selected parameter combination. The research
results can provide a theoretical basis and engineering reference for the seismic design of buildings and earthquake
risk assessment.

Key words: earthquake loss data; machine learning; building damage level; optimal ground motion parameter

combination ; feature importance

0 5|58

R b iz B4R 2y, MR s S ( intensity measure, IM) fAb | HiTHZ S B 50 B | 2 2 FE A= K A
U FE B Z [RGB I, 7R 7R TR rh SR OCHE 1) b 5B 3l 2 85 8 2 B R A i i T 32 3
Xt 4 F A A SR e — AN I R

1G5 T AR LT AR SR B 01U 7 2 2 72 B 2805 45 F I B 48 A ( damage measure, DM) 2 [H]
MG R T — AL e e LA AR IE (Y op— M B B B8 L Ik P 2 B R H MSRZ T i T
KBTS B FFIE O E AT Fh R 3 280, AR RAE MR Sh SR S 8ea % WA A RILA . 35
— 5o B FE AR TS i M T 33 i ( peak ground acceleration, PGA) W5 b 1T 3 & ( peak ground velocity, PGV)
N LA P AR R 1 Tl B (S, ), R 2 M7 o HL A B OB i e ) 2 (0, 845 6 R
AR SCHE BB T 33 A MR E S BRI A F W AE SO I S PEARSGHE 8 ) © A 1Y B — 8 b5 JC I AE A1 i 0]
PSR AERICR s MRl 2 5 1 RS T 13 i FH Hb A 3h 2 5505 HE 240 235 b 78 5 I PR DG, B 5 ) 7 2 ik
AL SN B B3 1) WL 52 7 -5 b 7 sh S U AH DG AN ], ff 180k F 24~ S 80k $2 i B 1k BE PPA 1) 7T 4
P, 25 b B — bR S B0 R A A R X S5 R W L A 2, PR A e B P 22 e i R B 2 B R
FER RSN S B S .

KT GAH BN MBS SEN N, O A S E W R — S8 T et s BoE KA S 1R 8 £ e
RS SE . LUCO 551 25 SR BN 5 M AR SN i B R AL A 2 i, B2 1 T 5 (6 RS 35 A DG (0 4 45 7R 7R )
BRI XSRS S IR 32 A T R R /N IR R R A S A M R SL T 2 oc bR B B8k, S
MSHEAALL , 205805 G5 H4 0 ] FE AR TEAS [] Ji] 390 A B AR S P B i (H B AR SR TR 20 5 O vk EAATRROR Y
FWE, IF BT T Al e Y A A R SH 0N BBk Z RGNS, AN B GEETEAUG 2 3 S 5O 350
AR P 1) (Y A Lk OC BRI TE — 2 Jmy FR M , B R Y el it 25 1]

B IR — B A B8R B E o3 T ARG AR Gk O R I 00 R 3% PNy, JF HAESBGE R B A
BN PR IR T sh S E ks . XU 607 TP ) ik disr T iR sh B8k
NGRS Z [ AR LR BT 56 2R |, 32640 e th LA B A s YAN S50 4 T — R 77 sh AR fE ik
PR AT ER S S U e S h B S A S8R & TR IIE T AR, AR TG ARC A2
JCINH T, BAREE T AL S Jr bR B SR A R C US| — 28R BRI AR 2

1) i Tk = PR FEVOR, HETRZ B8 I BdE #R ok B BRI, IF 3R SEbr 1) by J= i 5 8E , HoR A
AR AR Bt A B, Al 2 KBS AR R 755K



90 WwoE L B 5 T ®B & 3 F 458

2)) BRAT T AR FH 50— A 60 P P 235 g W 7 4 e (e K2 T 2 5 A A ik 2 M1 e KR i
JESE) RFNBr A R BIARZS , JCEA RO W ST S PR A B FRE | i — 2 B 1 M7= sh 2 oM A5 6t 3
RS Z 6] AT EE

3) HHT AT 5 AR X DX A B — S M S R AT AN AT, e = DR AR SR 4 F 2 R 2 AL g
71, CE UL P v B Fe LA b e 7 B EE Tk

N T gD BRI, AR SCE BT 2011 4F 3 A 11 HZR HA KGR TPt 128 TI RS L PR 9Tkl
HEEET Gl SRR A AT R gh A R E DT 105 S AL Y 14 SRR S S RS B T HL A
S ) BRI S MR S 2 SR SR MR P F S SRR S5 G 2 IR I I AR MBS G &R IR 5 2 Fif
B PP A 7 RE A e Hh e A A MRS SR A s feJE SR B 22 3 YO R S 3L 115739 SR
ARSI A T B0E , UE W T e 5020 G 0T PG == X R TV R R . i E e RE 6% S M sR L R Akt b
WRE SIS B FAR B S | Rl BERE AT Rt 1% B4R et 2 5 AU 7 AFrA

1 EE

1.1 HIBEBENE

H AN, TR AP = AT R R AE MRS Z N E R Z—, 2011 43 H 11 B, HAKRILHE
38°02'N,143°09'E AyHILIX &A= HLIG 9.0 Y4 KRR , 8 2y 2.8 J7 N iXfE, B0E T Mt Sz 4, it s
Fer ok TE Kopids, 3 E AR AR Validus YO T 5% 5 S 500 W0 TEANBEIR WORE, AL 45 HE 514 1Y ZE SUART
JEEL AR KR EARIAR LA TR A @SRRI SRR B . A QAR B T IR M R 1278 861
G TE A IR GORME A AT 58 8R4 .
1.2 EHSHEITE

MRE R AT 4523 (A7 B b 7 2y B — 0 FH % 2 #0772 ( ground motion prediction equation, GMPE)
AREL, GMPE i i 1% 4 181 VA J5 v R 10045 M i 3l 0 52 A 8 080G &R, DR 93000 45 2R 15 52 B 235 SR A3 13 A7 7E i
22100 ARTFSTR A ZHAO %570 42 H AR sh SR 2 TR (A 33 vk 10 36 TS PR G £ 3 R 32 5%, A1)
FH GMPE AR 53 5% 245 (6] B 8 Azt 25 (A B I, e85 IR (LA 31 45 i BT A MR SR Ak 1) b 75 30
2, AR A H AN E B R B2 5 R WF 58 BT ( National Research Institute for Earth Science and Disaster
Resilience, NIED ) #EAEAYSZPR G 5l 0 DL KwE FF HASHLIX A9 GMPE™' ™) 3145 T 3% 14 4~ 32 i B 2 5
SHUERFIR RS SEEE A 1.5 17, TE IS, TS S Hoh ik s (S,) AR (S, ) il %
Y H A RTRCEE T HAHLIX. S, FI1 S, B9 GMPE, (Kt |34 2 Rl s 24089 GMPE 43 512% J] MORASCA
SRR CAUZZE A5 P A R EREOR] | S A A R 3 R 30 m YR P A SRS VI H (Vi ) I,
HE I ES% WALD %12
1.3 ZUEFLIE

ARAT B G v — A 5 I A S (R 2 50 2 () A, S i S 82 A AR I 2, DR A B )1 5 i
B TRIE AL FE . AR SCHET Python 1 5 1 AY Pandas Numpy S5808 A0 T 2 X 50 £ 0047 DL Pk 2

1) BAEE B, SIBREESE PEESFARC | 45 R 25 B AR T2 0 S5 R AE S BH 250000 5 55 o 3t A1 G oAt
T (CANTERWH B SRR IS ) 3 1 ) SRR SRR

2) AV A BUR B IZ 5, TR AR5 B, PR A5 SR 545 B b Y g SRAR AR G5 A S A 4
SCAAE B Scikit-learn FEHEALAY Label Encoder Zmi% T B4 R B85, SE I SCASBUE AL

3) KR4y . R FHML A2 > ST e MR g\ IS SRR ARG HEA T 500 43, B 52 1 S0 e R
B LT 80% Bdi (1023 088 £%) ME MRS T4 20% (255773 ) MR AE .
1.4 HEBRGIRIC

A S A SRR (5 R B 5 [ PR A | Validus B, BOE BB EME S B A
MBI LB TTEAS 2], 30 A 2% B (damage ratio, Dr) . Z3% 3¢ N FHE AR Y2 BT & A0 1) b 732 732 3 1A b
WEATC— 131 ARYE r) H BSR40 4 FROEIR S, (0,10% ] MERMBEIR, (10%,30% ] F 45 05 3R
(30%,60% ] A H IR, (60% ,100% ] A8 IR, A IR G2 500 00 B8 IR S5 b ic Ry 0, LAt DU 2 4 R IR



555 1 R AR BTG )RR F AR K R e DR R F) M 7 3 2 K ok 91

SFG A /NBIRAKRERIC ] 1.2.3 4 ARICHIREAR T T AL &R > 2 BRI i I 2, 5 b e U8 25 ¢ 1) K0diE 7
A1,
R1 KEEATC-13 XS HEFBIRERHIES 7
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Table 2 Feature explanation of the model
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Table 3 Optimal hyperparameters of four models based on Bayesian optimization

Ay SR IRAEIE FiA! ik 2 e IRAEIE
XGBoost n_estimators 624.000 LightGBM n_estimators 564.000
max_depth 20.000 max_depth 11.000

gamma 0.040 reg_lambda 5.210

reg_lambda 27.536 reg_alpha 9.344

reg_alpha 42.131 learning_rate 0.858

learning_rate 0.546 num_leaves 50.000

Random Forest n_estimators 898.000 CatBoost depth 14.000
max_depth 64.000 iterations 152.000

min_samples_split 20.000 learning_rate 0.966

min_samples_leaf 16.000 12_leaf_reg 47.502
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Table 4 Evaluation index of model
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Table 5 Comparison of model performance

it FECIE S F1{H HIZTES el FERCIE S (i R F1{H HIZTHES
XGBoost 0.601 0.498 0.535 0.714 LightGBM 0.607 0.485 0.523 0.697
RF 0.609 0.493 0.531 0.703 CatBoost 0.599 0.480 0.517 0.695

AT EHE/R XGBboost FEAITE 5 MREIRREE 4325k )
W, %Fﬁ{ﬁ{ﬁﬁlﬁ( confusion matrix ) KAl H A 2 fE , T L ..

AN [ (40 A 2. X2 | A e ks 3 N .

1.0
I().8

RN 5 e TR 45 5 i) 5000 9 A 32, 43 901 R 80.05% . 48.59% . = 06
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Wy IR B A T S, 26 1 26 2 265 3 02
J5 AN IR AR 22 2 i 0 I A4 3 e 0, A 4RI A2 -

PO SFC s 5 ety B LS A5 (L 7 2 U BF 25 G A o 2 o] O p—

VIHESZ B, QSRR o ) i DORE SEPRAR 2 70 B BB 1 2 S LD g 2 Confusion matrix of XGBoost model
AR S AR DG
32 HEEEMSW

XGBoost AERITEYIZh Y 3 R v i) UK I 4 AR AE X 0 S 45 R B2 MR, AS IF 58 R P '8 48 e AiE 244
( permutation feature importance, PFI) " 1y 3 7| 0] fi o4 45 % fig B J7 3% ( SHapley Additive exPlanation,
SHAP) " SRR EA TAR R . PFL SR 36T B 2N ZRif AR A 5 sk B AL T L0 42 v BE — 72 fat 14 504 it
Fe G HTRURG G DR BE T K AR B2 R B2 T B 22 | 3 WA BB 0 22 A ) 4 AR B2 B K 5 SHAP 2 ik T
Shapley 1B PR RE T2 1205 AL 58 7 2 5 AR FUR) P M eIk e o T T e 2% b R AR A AY s ok
FIHEREA A AR RRAE A TR, XA R A T AR R, Shapley {H 271 ELAT FRAE IS PR AT ik it £ PhAR AR | 455 750 ) i
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Table 6 Comparison of the results of permutation importance and SHAP importance

FHIE PFI He# SHAP He4 IR PFI He# SHAP He#4
e 1.000 1 1.000 1 CAV 0.083 14 0.113 13
PGA 0.480 2 0.690 2 Ag 0.087 13 0.100 15
T, 0.478 3 0.408 4 Sy 0.066 18 0.115 12
Vi 0.328 5 0.498 3 A s 0.067 17 0.096 16
PGD 0.310 6 0.359 5 S, 0.081 15 0.072 18
Vsao 0.380 4 0.282 6 Y 0.038 20 0.086 17
SRR 0.286 7 0.227 8 sy 0.071 16 0.021 20
AFAEA 0.264 8 0.237 7 A5 0.048 19 0.006 21
PGV/PGA 0.166 9 0.170 9 1, 0.018 21 0.030 19
PGV 0.126 11 0.127 11 kTR 0.004 22 0.000 23
JZHL 0.098 12 0.145 10 R 0.000 23 0.002 22
S, 0.130 10 0.104 14
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Fig.3 Weighted feature importance ranking

3.3 XBHMESHIGE

kT e RS AR AR S R Y S R S S A T 3.2 W INAUS R IE E BT
K AT RIEZB Y TR S H R BEAEH 1R 822 A9 EL BRI 2 RN g Fnimlik 42 , 40 500 F F 11 2k
XGBoost FAVHIPHGEE S H X TR S HIRTRE . SCHES R & VR AT RE LA D 1 85 e i S = Js
AFANGE . A SCGAH Yl R R R L A SR LA X O AR RS B 5 A SRR AR R ) i AT RN i
HH2E 1.00%F %S H0AL A RIA AT 7050 W0 A SR MR 5 40 HLAL 7% ST M AR a5 B e bR sh S8 &

TPl 3 AT, 75 P A S i R SR O e R B R P L AR R B R SE R B RRIE S 5 H AR IE
FNEHER NET ]G 2 7RG Hy P IMAERAE , R G SR AR b AR A | 3 3 A AR (1 B PR VE A >R OA TEA
BB H IR AR ST A TIOIUAG B, 45 R DL IR 4 (a) , HoAOAS W] B 6 1 DR AR SRR R 8 B A AR, o
210 R MR S H S H S0 W R SIS S8 S bR o RERE R S O VA EAF S Ba
SRR SR N i RE Sl E R VR o AR

Bl 4(a) HBADRS BE IR TS MBS H B 2 A UL FRE  BERDRS B B TRe , 2
BRI 12 DB AR AERG AT LI F] 70.00% ; M2 R, 405 B A R A B0 R HE R R 4 71.39% , A1
ZEAE] 1.00% , FRUIERERT 12 ANFRIERBAS AL 1 FE OCHE 2., IR B PR AR 3 e P RS R 2%, BT 12 4>
FRIEST B2 R E (PCA (T, Vg PGD Vg, JE T FSAE PCV/PGA PGV 24, S, . H & i
WEARGR b5 B EE L I 7 MRS SEI UL & . RS SEEGE R £ R ITERR R 1
EE ARSI FER) T EEOSRER, ik 7 SRS S G T IRE S AR 3 AR
M CHZE R, K& PGA PGD PGV X 3 IMEESEL; V,, . PGV/PGA S, iX 3 Mk S4; 1 el 2
BT, BULRTOL, BEE AU S ECT B P RE A 2 B, i REGE R S BRI STk A R, RS
BRSSO ELAT DA B3 0 R S R 5 55, FEPUR B2 N, 3 AN IR (A SR PCA R B iR
A S, FEUJR PGD A PGV A5 S 80 1 5 B T RS B S50 VX — B G AT AR RE - 76 M7= rp 254
KA 2 R B 1V B I8 TR K FEIER P (0.1~2.5 ) BRI, PSR H 3807 1)
RO s R S F I A HE P UK TR BE A PGA, 2 M 3 LUk B 7 {2 P 1Ak 2R 1 B K s B N 2 R AR P A
Tt bR R R A 2 )5, MR SRS A IR X SR S AR IR B T BE R K TR I 7R B A e
TEG | REM,

BADRS FERRRIE SR & H P R S S HGE UGB AR L a3 WL IR 4 (b) , FLRE S o M i P o 52 o 5
OB RRS FE s, BTN B2 G AR ESE B H HORR Zh S 8080 B s B s, 156 B M R sl S50 i A
REA RTINS, Y H, DA & B 55 B UG B R i BB A Ry 57.45% . A PGA
J& ARG BE 0 E PR T B 68.33% , it — IR 7 N SHUE  BAE LA F] 70.80% . YN A ST 5
RUKSEE Ry 71.39%, 5.5 7T A SN BRIRE A 2Z A 5] 1.00%, UL 45 R 3W] PGA T, Vg PGD,
PGV/PGA PGV .S, 1% 7 NSRS HA A, BVAT LUFH /D 0 25850 H 55 R v b S e 2 461475



96 WwoE L B 5 T ®B & 3 F 458

T 20 5 — R B S EAEXT L, AR SCAERI IR RRIESE & H SRR 14305 PGA AL S, X 2 A4~
ZWFIE I RE B 2550, I 255 A6 B50KS B2 43 135 3] 68.33% (PGA) 1 67.80% (S, ) . FH] 58— i 52 5h 281
(PGA/S,) ML, T MR B S 4 G 0T LASRAMA— S50 5 (5 BN SR (9 IR 8E, HLRB A% T S 4 1H1 1 Sz B i 72
HRAE, AN R L, EREFE PGA IS HAL T S, , iTRESZ P W AWFSEAE T34 S, 5% T AMANAT 414
ST, 256 P A V10 Al B )t B B A (e N o 55 2240 | i S ik AR L B B W &
WEARS , AR AR I AT 5E Y [ 4R R AR A5 R, S S0 S, BT 25 SRAFEAE— i 22, AH UL, PGA R M i) J2: 3
1132 Bl bR |, BEAS SN T4 b S W SR8 2 A R A

0.75 , 0.75
: 0.7139 :
10.7053 ;
0.70 LA OTHEALOH e 07080 _Oil'j‘_’
o ? 0.701 6833 oo |
0.65 ; ”
*in( i i
§ 0.60 ) =1 0.65 ‘
X oPGA  ©PGD | aPGV = ORI B RS
0.35) |oFs ';GV”’ GA S OPGA! OPGD  APGY
CZIW Rermis T ok 0.60 Voo i OPGV/PGA AS,
050} | o ETIZM o AR o % As 1 OS Sy
B SN Sy 0.5745 CAV! © Arms A
ousL OETE o7, Ve 05 L ior
002 4 6 8 1012 14 16 18 20 22 24 01 234567891011121314
FHEACR WS SHOH
(a) BIUREREREAE & H, PRFIERC I R flth 26 (b ) IR0 B REAE & H H IMs B AR T h 2

4 HEBERIHFEES H PRHIBENTHHE

Fig.4 Curves of model accuracy changing with the number of features in feature set H
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Table 7 Basic information and distribution of damaged buildings of three earthquakes in New Zealand

F{f1R] R/, IR/ km ¥ 432 REVRAL WEIRER HL A1
S, 43°32'S Sk A

2010-09-04 7.2 11 bR 172°10'E JEiSiiR 16V S 57506
. 43°35'S i

2010-02-22 6.2 5 H TR 172941'E SR 4 42767
e 43°35'S o A

2011-06-13 6.0 7 b bR 17244'E SR eV S 15466

TEXT XGBoost 5 RIYIN Zr A AL J5 FLAE ARG FE 293K 5] 71.85% ., 454 FPI FI SHAP 3X 2 Fh 7 2 X455 70
PRI AR BUMBUS ARAF BRI 4, HE P 25 R UL 5, fl AT, HEAS SERT Y 7 A 3052 3 S 5000 )
PGA .PGD S, V. T, . PGV/PGA .CAV, Hp41 & 2 AR shiR E S H0CN PGA PGD;3 NS S HUN S, |
Vg PGV/PGA;1 MRS FEIF BHCN T, ;1 A BBEERESECN CAV, X—45 15 HANBIGE & AT, %
IR (A AT ARG I S 805 R 5 B SR (M AP 7E G &R, T RGBS UNA | N HHEF S, 53R H
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