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Abstract: Since the existing earthquake damage prediction methods cannot make rapid predictions for brick masonry structures. A
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seismic damage of brick masonry structures. The input parameters were further optimized using correlation analysis, and the

optimal model after optimizing the input parameters was given. The results show that the ANN model has the highest

prediction accuracy of 91.56% when 19 input parameters were used. The prediction accuracy of the RF model-based earthquake

damage prediction method was higher when 12 optimized parameters were used as inputs, reaching 90.01%. The prediction

performance of the RF-based model was more stable when the input parameters were gradually reduced. The optimized input

parameters of the RF model-based prediction method can achieve rapid prediction of seismic damage to brick masonry

structures. The method that considers both structural and ground vibration parameters as input greatly improves the accuracy of

prediction compared to the method that considers only structural parameters or only ground vibration parameters as input.

Key words: machine learning; rapid prediction of earthquake damage; brick masonry structure; ground motion characteristics;

engineering geology.
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Fig. 1 Flow chart of rapid earthquake damage prediction of

brick masonry structures based on machine learning
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Table 2 The information of selected brick masonry structure
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Table 3 Main hyperparameter values of the optimal machine learning model

B2 2 5k FEHSEMEUE
SVM C=2,gamma=0.1,kernel=rbf
RF n_estimators = 16
ANN hidden_layer_sizes=(100,100.,80.,80,60.,50,30.20) ;activation=tanh;slover=adam ; learning_rate= constant;max_iter=_200

T A S BB X 3 R AL AR A 2T B 5
T 20 3 — A e AR Ok
3.1 BSHHIER

HL 2% 2 > BRS8N 2 R R
fiE A8 o X ASE R A A UE AR R R B AT F s A
% fE SVM BLAL 52 SVM B B PE 58 1 2 8k
S IE WAL 2 50 (C) Fl gamma. H: o IE W4k 2 %0 C 5t
L RIUE iR A Tl N 7S | A NS S O O VR B2 1
2 100 ¥t 47 Y1 5 , 1 gamma BCER DA 0.1.RF £ Y
B B R 19 % (n_estimators ) %8 B (1 35 304 B0

M AR I, AR SO T iZ S BN 128 b

) 100 XF 45 78 1 BB 9 5% . 5% ANN 198 2 805K
Z B m HL6l 5 A, B 4E R A2 A M & ot B
WO PRBCAE XS, AR SCHEAT TR R 2k
T2 28 3 %5 W ar Fr Ja A SOl 19 4> 2 80 17
T BT, 3 A 55 78 iy >R A9 i B8 2 50 32 3 TR
3.2 RENEMIBRR

R % BUKE 1 °% (Precision) . 73 8] 2% (Recall)
FUF1 2 BV R 4% A8 B (0 0F 40 48 b5 . 1158 B A
25 ) 04 B R R A L3 400 S A = (3) A (4).

TP

P Er 9
TP

R=Tpi N W

Ao, TP IR IE JEHE A B T S 1E 28 5 FP &R f
SRR T g 1F 25 5 FN 375 1F 2R A 1 3
B2 L LA B L AR 58 4 1000 45 S 00ORS SR A Tl
B, TP AR 3R FE AR 56 I 2 110 B A e 1000 Ay 6
AR GE U IR A FP AR 3 Al 3 7R 58 4 bk 2 09 B AR Bk
i Ry FE AR SE B IR A, FN AR 36 56 AR 58 I bR 25 1Y
A Al 0 Sk HC A e SRR S L RS A S A 28 Y
R B 2R BT 2 18 1 o & 5 09 RS B R0, 5 A 28 51
(9 A 181 32 B 06 Ry 35 S5 1 43 TR0 S5, B .

pz%jP” (5)
1 5
r—EZR, , (6)

A, PR AR i A2 0 RS B 5% 5 p 3R i )G

4 EFSVMEBERMNBEHEMB EZER
Table 4 Precision and recall of SVM-based method

&N B rh 4§ JUE b PENTI S
SehF WO WO mk (%)
AR
292 17 6 2 0 92.11
52
B
17 316 15 1 0 90.54
37
rh &g
) 13 10 346 9 3 90.81
{37
JEE
7 4 14 320 6 91.17
37
IR 0 2 4 19 319 92.70
A 1 % 91.47
88.75  90.54  89.87  91.17  97.26
(%) 91.52

MABEMERERE ARG AME,; r FF &K
G AR RME F1Oo8ITEARXN .
per
ptr
33 WMER

HE AR b 125 0 0 PEA0 46 A L 18 A 0 25 i 1 19
AT A S BOIE AT 1 W) AR 65 K o ROIR 2 G T, A5
3 AN AR Y A I A L A T 45 SR, O A5 2 I A
BB A T T B 0 B () 3 T VRV A R AR A E)
25 AN B [RGB R R A TR S K 4~ K 6 TR L F
3 BSORT T S A R A B[R] AN R 7 RO

M A~ 6 7T LUA i, 2T SVM ALY (1K i
A 0] 2R3 5 A 91.52% F191.47% 5 K T RF
AU B B 28R [l 24353 2 90.63 %6 Rl 90.40 %0 5 K&
T ANN LAY (908G 0 5% 43 1R 43 518 91.73%
91.59 % , ANN A5 B 1) K5 5 28 F1 44 [ A2 w5y T~ HoAth 2
AR AR TR LLE 3 1A K0 o
90 Zidy . LiA SWITA 46 b5, 3B B RE A 3 R
T 1 TN R 2R . N 7 v 3 A R R 4 A RE AR A
T f s R] A) DA, G SVMUSE AL FT RF AR A
L3k ) A3 AN AR T 5 1E) >4 0.2 ms (F1 33 AL 114 4 3
#% 4 : Intel Core i7-12700) , ANN #5535 0 8 £ 4 4

Fl=2- (7)



5 X T AL S T WA 5 R 5 L T O 1775

x5 ETRFENHNBEHEMZEE

Table 5 Precision and recall of RF-based method

®8 EAARBWANZEFENERE

Table 8 Accuracy of methods with different input variables
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Table 9 The number of input parameters and the corresponding accuracy of each model

i A SR
19 18 17 16 15 14 13 12
SVM(%) 91.45 90.99 90.59 90.01 89.78 89.38 89.04 88.64
RF(%) 90.30 90.47 90.11 90.24 90.36 90.59 90.41 90.01
ANN(%) 91.56 90.70 90.37 90.30 90.07 89.84 89.27 87.09
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Fig.4 Correlation coefficient heat map
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Table 10 Confusion matrix for the new test set
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Table 11 Confusion matrix of experimental and numerical

simulation samples
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