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Rapid seismic damage state assessment of infilled RC frames
using machine learning methods

HE Dianjin, CHENG Xiaowei, LI Yi, ZHANG Haoyou, FAN Hengtong
(Key Laboratory of Urban Security and Disaster Engineering of Ministry of Education, Beijing University of Technology, Beijing 100124, China)

Abstract; Infilled reinforced concrete (RC) frame structures are one of the most common structures. It is found
that infilled walls have a significant impact on seismic performance of RC frames in past earthquake damage
investigations and experimental tests. To accurately and rapidly assess seismic damage states of infilled RC frames
after an earthquake, 660 infilled RC frames were firstly designed based on different building structure information
(i.e. the seismic design intensity, constructed period, number of stories, story height, number of bays and the
filling rate) , then the non-linear time history analysis was performed for the 660 infilled RC frames with 10 ground
motions in OpenSees. 6 600 data points were gained from the analysis, resulting in a dataset which was used to
develop seismic damage state assessment models of infilled RC frames. Based on the dataset, nine machine learning

models predicting seismic damage states of infilled RC frames were developed using naive Bayes (NB), K-nearest

Wi BH:2023-11-02; {&[E HEP:2023-12-20

E&TH . HEKARFAELTH (52108429) ;b TRHE B 23R H (2211100002121097) 56T #2500 H (KM202210005018)
YEE RN ATHIHE (1998—) , I3 Wi -AF 58 A, BN FILTHLAR 24 > B @ FEE B BITAL TS . E-mail : Hedj@emails. bjut.edu.cn
BIER B/NTL(1991—) 53 U0, 1, E 2SS BT R IRE TR E DIREZ5 5T . E-mail: chengxw@bjut.edu.cn



38 W oE L B 5 T B & 3 44k

neighbors (KNN) , decision tree (DT) , artificial neural network ( ANN) , random forest ( RF) , adaptive boosting
(AdaBoost ) , extreme gradient boosting ( XGBoost ), light gradient boosting machine ( LightGBM ), category
boosting ( CatBoost ) algorithms. The results indicated that CatBoost and RF models had the highest prediction
accuracy for the seismic damage state which was 0.93 in testing dataset, followed by LightGBM and XGBoost
models with an accuracy of exceeding 0.90. Compared with actual damage investigated in the past earthquakes
indicating that RF and CatBoost models achieved an identical accuracy of 47%. However, the difference in the
remain damage states within one damage state level occupied 76% for CatBoost model, which was higher than that
of RF model. Based on the CatBoost, importance analysis was performed for different input variables. It is found that
three input variables had the greatest impact on infilled RC frame, including seismic design intensity (SDI), peak
ground velocity (PGV) and the spectral acceleration at S, (0.4 s). Furthermore, the importance of the number of
stories on the seismic damage state for infilled RC frames increased as the increase of the number of stories.

Key words: infilled RC frames; machine learning; damage state; damage assessment; finite element model
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Table 1  Design parameters of RC frames with infilled masonry walls

AR 1989 4Ffiif 1990—2001 4¢ 2002 4FJ5
U BB ZLEE (SDI) 6(0.05 g),7(0.10 g) ,8(0.20 g) 6(0.05 g),7(0.10 g) ,8(0.20 g) 6(0.05 g),7(0.10 g) ,8(0.20 g)
x IS EL n, 3,5,7 3,5,7 3,5,7
x MR 1 /m 6 6.0,7.5 6.0,7.5
y T HIES R n 2,4 2,4 2,4
y TR 1, /m 7.5 7.5 7.5
BEHn, 3 3,6 3,6,8
JZF h,/m 3.6 3.6 3.6
TREE 0 S K 200% €30 €40
B Ao S R A3 HRB335 HRB400
+/mm IEHH . € =Emax{400,[BAgpn/ fluy 1%}
7 K. B,=1,/9; B, =B,/2
Hig® R 0% ,30% ~50% ,50% ~70% , 0% ,30% ~50% ,50% ~70%, 0% ,30% ~50% ,50% ~70% ,
70% ~90% 70% ~90% 70% ~90%
TR,/ % 10 10 10
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Table 2 Material parameters of infilled masonry walls MPa
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Fig.1 Simulation of RC frame with infilled walls
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Table 3 Values of K, and K,

N
bs,

SR AH<3.14 3.14<AH<7.85 AH<T.85
K, 1.300 0.707 0.470
K, -0.178 0.010 0.040
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/ Table 4 Reduction factors of skeleton curves
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! L |
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Fig.2 Force and deformation for RC

frames constructed in different periods
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TEi I BUFERS RCHESE X 1F 2 S TEHOFERS RCHESL IR0 4 AT USRS RCHESL 10 HoAB TE20 15 5 L
SCHK[32-33]
®5 RBRHEBRITSY

Table 5 Basic information of the specimens

IR S o - fEe SUFEHE AP B o AR
(mmXmm) / ( mmXmm) /(mmxmm)
W1 SCEk[32] 1900x 1 800 300400 300%300 RS E iR 300 ¥
iRk 2 3150x2 800 350%400 350x350 — — —
K3 SCEk[33] 3150%2 800 350%x400 350%350 Bk TR - 25 Lo AT LA 1k 350 ¥
4 3150x2 800 350x400 350%350 350 il

K 3(a) ~ (d)XFHE T ARSI 1 - R i e, AT U 0 TR e iE RC HESRIL 1, 4
3 (b) s, SV [l i 2RI ARAT — i DX, (H A T A iy AU 1 7R 38 T e L, 7 387 U fE A R 2 0
6.6% . Xt T ICiA HIEFEiE RCHERUANT 1 AHANE 3,308 1 A4 1 BTt Xy 20T 28 HLRRAE Y i XU R
W 3 KA TR AT R B AR DR . XTI 2 MO [A) RO B AR 2, AR SCHE ST B0 5 (ELASE 2 T 1A
YR A IDUICTA 1 S A 3 [l R, S0 3 () M1 Ce) PR o XA TR eSS RC ARG 4, 1088 514
AR AR BT W) B - WAL R 25 02 9.2% , Hh g ml DL 477 98 3R 5007 ¥k mT LA VB MR AU A T 11 BOSE 5% RC
HEZRARETT o 23 AT LR AR SO B8 0 M BY REAS BN R B FE i RC HEZR Y52 14T 0

Vi #%/mm i #/mm
55530740 30 -20 10 010 20 30 40 50 406\30_-100 50 0 50 100 150
%23
Z 100 - 200
< 5 = 100
i 0 R o0
-150 ¢ i — ik 200174 ¢ — ALk
200 ; - - B o - - B
TT23.1-25-1.9-13-06 0.0 06 1.3 1.9 25 3.1 550 33 -17 00 17 33 50
DR 1% BiFe 1%
(a) i1 (b) k42
i #/mm i #/mm
205150 _-100 50 0 50 100 150 400130100 50 0 50 100 150
300 300}
200 _ 200
< 100 < 100}
2 -100 7 2 —100}
-200 ‘el — iRk -200r  ZALEEEREEMY — Xk
-300 - — Mk -300¢ - — B
—400 —-400
=50 -33 -17 00 17 33 50 -50 -33 -17 00 17 33 50
DR 1% MR /%
(¢) a3 (d) k4

3 KR SHEEMERIE

Fig.3 Comparison between experimental and numerical results
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Fig.4 Spectral accelerations of ground motions
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55 1.1 BT 660 MEFENE RC HEZRTE 10 AR SR T TR AR AR 234, 345 6 600 MMEFEHS
RC HEZLE G B8 | T2 L 2 I SR A 8000 5 . HAZUS A T2 18107 88 A 4 RC HEZR 1) b RE %
AR N H S, 6045 . 5E4F (no damage , ND) B2 IUBEIR (slight damage, SD) . 1 28 8% IR ( moderate damage,
MD) J=E IR (extensive damage , ED) 5E 43K ( complete damage,CD) . 3% 6 & HAZUS b PR [E BT IRAR
SR ) JE TR A% £ BRAEL, AR SCHR[ 36 181 i 1 i E TR I B ZUE 5 HAZUS Hh PR BTk B X 1
KA, T R, 6600 TR RCHERHIFRRIRRAS /04 WP 5 Bz, SE4f 14544 966 4~ (1 14.6%) |
MR G5H 766 A~ (15 11.6%) , IR R 2518 2640 4~ (15 40% ), ™ EREIRAIEEHY 1140 4~ ( i 17.3%)
SERTRIRAYSEH 1088 (5 16.5%) .

R 6 BIIRREIRH R B FBRE
Table 6 Inter-story drift at threshold of damage states

BRI 2 IR EL I )22 52 7 £

PR EAT sl
e HAFRLST P e AR
Moderate-code CI1L 0.0050 0.0087 0.0233 0.0600
C1M 0.0033 0.0058 0.0156 0.0400
CIH 0.0025 0.0043 0.0117 0.0300
Low-code C1L 0.0050 0.0080 0.0200 0.0500
CIM 0.0033 0.0053 0.0133 0.0333
CIH 0.0025 0.0040 0.0100 0.0250
Pre-code CIL 0.0040 0.006 4 0.0160 0.0400
CIM 0.0027 0.0043 0.0107 0.0267
CIH 0.0020 0.0032 0.0080 0.0200

H.CIL CIM .C1H 435300 1~3 2 4~7 J2H1 8 J2 K UL (AR Al IR 5E T HES

1800
x®7 HPERARIETERNS 1600
Table 7 Divisions of seismic design level for Chinese buildings 1400
Al ] pn
1 H\ IVEI =
BB - = 1000
1979—1989 4 1990 4F 24 & 800
600
8 FF(0.15 g) Low-code Low-code 400
200
7 F£(0.10 g) Pre-code Low-code 0

ND SD MD ED CD
6 £(0.05 g) Pre-code Pre-code IR A

B 5 EFEHE RCIERMBEHARSES M

Fig.5 Proportion of damage states of infilled RC frames
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G B T IR (E ML N E B (PGA) WEEHL TR FE (PGV) A SUBAE NS FE (EPA ) (3558 B2 (ST) A1 5% FH
JE LR IaIRE 0.2 s BB EEmR A S, (0.2 8) .S,(0.4 s) .S.(0.6s).5,(0.8s).5.(1.0s).S,(1.2s).S.(1.45s),
S,(1.6s).S,(1.85).S,(2.0s), HithAR S HZEM AR RRAS . By 1R AR i 2 ) A e = A i K25 HE
T X B 2 > R0 8 F 0 A7 5 AR i), DR e o) T A 3 e A b e IR 254k T — R AR B

8 MBFIEENANNGEHTE

Table 8 Input and output variables of machine learning models

AR BRI ng hoongong Lol CPUSDL R, (R,
i N AL o PGA. PGV, EPA. SI. 5,(0.2s). S,(045) . S,(0.65).5,(0.85).
SRR A AL S,(1.0s), S,(1.2s),S,(1.4s),5,(1.6s),S5,(1.8s),S,(2.0s)
AR BRRE SEUF R P AEREIR B RIR | S mR
2.3 HB|/FEIEE
AR HANE DL (naive Bayes, NB), K fc it 4% £9 9OFMHBEIHKESE
( K-nearest neighbors, KNN) , #3E# (decision tree, DT) , Table 9 Nine kinds of machine learning
NTHZ M4 (artificial neural network, ANN) , B AL ZF Kk classification algorithms
(random forest, RF), H i& W & T} (adaptive boosting, % SR
AdaBoost ) , % %iti # & #& F+ ( extreme gradient boosting, 1 naive Bayes(NB)
B4 kg BE A . . . 2 K-nearest neighbors( KNN)
XGBoost ) , % & 2% ¥ JE $& F+ (light gradient boosting 3 decision tree( DT)
machine, LightGBM ), 28 Jl] #& F+ ( category boosting, 4 artificial neural network (ANN)
CatBoost) 3£ 9 Fh /S P GHEFERSE RC HEZRZE 9 72 5 W4 Z 1 ;and;))m f:res(t(A RiF]; )
S ~ N . N adaptive boosting aaboos
}Ijt?&iﬂ:/ﬁ‘ﬂzfﬁ , ﬁj\%%%ﬂn%‘% 9 E?/j_\‘ - NB %:Yz‘[”] %%ﬂ: 7 extreme gradient boosting( XGBoost )
BESRIG Tk AEMERAE A SO B BT L MO BT 8 Dbt it boostng machine( LightGB)
9

A3, KNS B A AT 25 18] ot B IR R 12 ) categon boosting Catboost)
S i T 4028, DT Bk 4 BR VAL R A0 DR 0 B 4 X 43 Ry A4 Bt T4, IR e DRSS M BT A 4%
S i AR TR0 20 B H A A S N B RE A SR T B T IR — 288, ANN Bk R R T A
W) 22 X 245 1) 235 F RN T R 38 ok P S R R A 2R T A R AL B B SEBL A K U, REY ORI TR0k
(AdaBoost™ XGBoost ** | LightGBM "™ CatBoost ™) 3y 8 it 2 > 5.3 | 3 3 #) 222 2] 28 9 e BURR o
P SR 25 o 2 2T A, DAL RAS G- i 25 5

3 T RSH

3.1 FUUARBRZR ANk RETE bR

ORI 13k 0 ML W AR HLB % STRON It B 6 B A SRS 2 A I8
PR (5 70% ) FOINAEHE 5 (17 30% ) , IR AE ] T2 S S A AL, I8 T T I0aFsel A 8 vy o e, 2
Bl b BRI, BN AT, 9 FVBIAY A N 45 SRR AR VA HE M 2R IR A R by 3 4
FabR Al AR AR B IR | AL 45K 5 % ( Precision) | 4 [113% (Recall ) FIHER >R ( Accuracy ) . HERH R ( Accuracy )
SRS TN LE A A A 08 LU 451 A 5 32 ( Precision ) 2B Y TN Sy TF 28 B A Hh i) TE B AR A (Y LA A el
(Recall ) S2 A5 AL TN A I ESEREAS (1 ELSEE RREA Y L 451

70% e S
RIS

\7 |
" N s | . R[5 ——
Htaak —»{ Plasas: I iRl }—»{ il LR }—»{E PR RPN
|::| , ‘
0% HIRRE S

El6 #HR[FEIREE

Fig. 6  Flowchart of machine learning models
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3.2 FMERSH

&7 FIEl 8 S 9 FbLaR 2% 2 BEAE N A AL h TR VB HE R . F AT 241 ORF AU X 0 10 5 9 )
TG R 0t w5 , DI 25 4 AN 4R 0 vE AR R 23 518 31 1.00 A1 0.93, B BEIL)S A9 2 CatBoost , LightGBM Fl
XGBoost 57 | 13 SEAFT Y 75 31| 2k A AU P (00 TN R 2508 T 0.90, QR4S DT BEALTE I 2R 4R 1) 1 ff
Py 1.00 B AEM R AR A TERT B TR R, ER R 0.90, RHIHZAEANZ ALAE 118024 . @RIV ZE L
SEMEE , AdaBoost AN I B AR HERA 28, 12 S0k AR DI 2R AR RN 4 v ) B 2R 43 31K 0.44 1 0,51,
@K L BRI AR 245 RN FP X ND MD (CD X 3 FiB IR 2525 20 0 1000 2 B0 1 46 5 A0 it 2 43 [l
R ARXT SD A IR R AS S G TN G B 32 R ] SRR AT, X T RB S SD M IRARAS W 2544 T o Lb B (IR T 2,
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Fig.7  Confusion matrix of 9 kinds of machine learning models in training dataset
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3.3 SErEmm

N T KN AR ) AT SR ASSCHE R T SEPRI R T 32 40 00 17 #RIEFERS RC HEALEE SR I ZR Bl 257 >
BT — P HOE, A B LA 10077 LB E A, 2~ 5 )2, SR ERE I ] 1961—2001 4F, 157
BEIRASEAR SE i R ROR 2 FE A 3 B SR B I SR 10 Fron A5 BRIV EARLRifl . S5k A R s
WLSCHR[46-47]

R0 2ENBFEKRER

Table 10  Basic information of the buildings in two earthquakes

b fEs s FE/m MR EEHI (axy 1)) PSR/ m(xxy []) A I ] /4 WA
1 94688 10.33 3 18x1 4.55x7.30 1994 JEE R
2 94690 10.67 3 16x1 4.62x7.50 1995 LT
3 94691 10.80 3 15x1 5.00%8.50 1974—1976 BImIR
4 94692 10.88 3 6x1 4.00%10.00 1985 BRI IR
5 94726 16.50 5 4x2 3.30x4.09 1986—1996 JEE R
6 94727 14.66 4 1x4 3.31x3.28 1971 BRI IR
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7 94730 6.28 2 12x2 4.52x3.75 1965 LT
8 94745 7.00 2 5x1 4.84x8.50 1999 SEUF
9 94747 13.60 4 7x3 4.50x3.63 1993 JEE IR
10 94749 6.60 2 5%3 2.90%4.00 1976 SEUT
11 94752 7.00 2 13x1 3.40%8.50 1968 SELT
12 94753 7.00 2 3x1 4.00%7.50 1968 SEUF
13 94764 7.30 2 4x1 3.54x4.45 1983 SELF
14 94786 7.30 2 14x1 3.00%7.50 1978—1981 SEUF
15 124122 5.60 2 3x5 4.00x4.20 1971—1991 TR
16 121387 6.00 2 10x1 3.44x5.60 1961 R ABR
17 124160 5.50 2 5%3 2.80%2.93 2001 TR
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Fig. 10 Probability of various damage states for the buildings
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