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Abstract: In order to obtain the displacement response of building structures in the earthquake pro-
cess, and solve the delay problem in the active control of structures, ensemble learning was used to
predict the seismic structural response. In this paper, an ensemble learning model is proposed for the
prediction of ground motion response of structures. Different neural networks and loss functions are
combined as the base learners, then a Fully Connected Neural Network is used to construct a second-
level learner to obtain the final prediction model. Bidirectional ground motion acceleration and structur-
al displacement response are used as inputs to predict the short-term structural seismic response. This

model could realize multi-step prediction of structural seismic response and dynamic outputs. Several
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numerical experiments are carried out on a steel frame structure, and the experimental results show

that the prediction results of the integrated model is better than those of the single model, and all mod-

els display a trend of prediction errors increasing with the increase of the prediction time. When the

model’ s predicted value reaches a certain threshold for the first time, the prediction result will be sent

to the active control system, so the structure vibration control will be carried out in advance without

waiting for the real response data collected by displacement sensors, thereby reducing or even negat-

ing the influence of time delay in active control.

Keywords: ensemble learning ; machine learning ; time series forecasting ; bidirectional seismic

response prediction
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Table 1 Base learner composition
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o mE g fmsE W HEE
7 617.47 230.25 13.08 22.23
53 464.82 459.74 28.70 28.70

. W ML A+ BRI
T 1 N .

WA R gz (hE:4

(150,200) 0.262  0.151 0.061 0.917
(650,700) 30.099  0.908 0.857 5.553
(1150,1200)  39.561  0.820 1.291 34.125
(1650,1700)  7.348  1.962 1.532 17.924
(2150,2200) 52.744  0.678 0.563 42.909
(2650,2700)  16.631  1.422 0.433 34.897
(3150,3200)  35.552  2.148 0.341 46.447
(3650,3700)  27.471  0.929 0.480 46.975
(4150,4200)  11.636  0.341 0.302 26.635
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Table 5 Prediction errors in different windows under Group 1 B4 cmm
— 14 4t %ot i 2 HIA B R R AE

X7 Y J5 i) X Jrla) Y J5 1)
(150,200) 0.048 0.078 0.917 1.368
(650,700) 0.514 0.326 5.553 3.315
(1150,1200) 0.809 2.177 34.125 64.516
(1650,1700) 0.823 0.421 17.924 17.687
(2150,2200) 0.341 0.529 42.909 33.979
(2650,2700) 0.409 0.293 34.897 40.409
(3150,3200) 0.305 0.315 46.447 30.388
(3650,3700) 0.608 0.496 46.975 13.874
(4150,4200) 0.353 0.483 26.635 6.050
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] 25 CNN GRU LSTM RNN Stacking

0 0.581 0.273 0.411 0.563 0.243

5 0.439 0.122 0.165 0.621 0.085

10 0.317 0.092 0.105 0.964 0.072

15 0.348 0.124 0.123 1.372 0.081

20 0.477 0.162 0.150 1.690 0.123

25 0.597 0.253 0.205 2.028 0.186

30 0.727 0.323 0.282 2.279 0.262

35 0.903 0.400 0.382 2.991 0.358

40 1.020 0.523 0.505 2.813 0.480

45 1.289 0.713 0.659 3.340 0.642

49 1.531 0.911 0.832 3.948 0.821

T B Sk FX O ) A TR A5 5L, Y D 1) S 0 A T R B S PR IR
®7 FABRFIFTABNETFONHRIRE
Table 7 Prediction errors in different windows under Group 2 Hf7 imm
I 40 5% 9% USRS B KA

X5 Y J7 1] X5 Y Jr 1]
(150,200) 0.045 0.119 0.917 1.368
(650,700) 0.604 0.304 5.553 3.315
(1150, 1200) 0.644 1.775 34.125 64.516
(1650,1700) 1.141 0.200 17.924 17.687
(2150,2200) 0.269 0.372 42.909 33.979
(2650,2700) 0.442 0.479 34.897 40.409
(3150,3200) 0.272 0.168 46.447 30.388
(3650,3700) 0.658 0.387 46.975 13.874
(4150,4200) 0.387 0.512 26.635 6.050
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Table 8 Prediction errors of different models in Group 2 FAY :mm

i i) 25 DILATELoss L1Loss MSELoss Soft DTW Stacking AH b fme R B — 155
0 0.404 0.273 0.360 0.486 0.152 44.32%
5 0.278 0.122 0.185 0.232 0.066 45.90%
10 0.184 0.092 0.130 0.326 0.055 40.22%
15 0.199 0.124 0.143 0.499 0.062 50.00%
20 0.198 0.162 0.189 0.636 0.082 49.38%
25 0.256 0.253 0.249 0.767 0.110 56.52%
30 0.358 0.323 0.323 0.880 0.143 55.73%
35 0.457 0.400 0.420 0.970 0.181 54.75%
40 0.587 0.523 0.549 1.046 0.228 56.41%
45 0.757 0.713 0.727 1.081 0.297 58.35%
49 0.956 0.911 0.931 0.984 0.380 58.29%

T ROk B X5 1 BB SR, Y 7 1 5B AR R A IR R A

BT 0 0 R M BRI TE S50 R ok A T i ] 2B 19 W)
I, a5 22 (A AT DR 15 78 B/ 1Y 98 L 5 A bE B SR P 1Y)
LR GRUL1Loss, 5 558 5 75 - 35 46 X) 2
22 W/ T 40.22%~58.35% o

4 & i

Wk 58 B W A ] Stacking % W B ¥ GRU,
LSTM. CNN, RNN i 28 [ %% f1 L1 Loss. MSE
loss . DILATELoss.SoftDTW $i 2 & %k 45 4 , i
BN 5 46 B0 7% e R TN 1, 51 A 4R A S A
A RO AR E M o AL Y TN B A b R o R
FE [ 25 R AT, 24 A5 Y 1500 56 — YR ik B A — [ (E
BF DU S0 45 R R B 3 sl P &R g b, B T
AT A5 A B Sl ), AN 0 55 15 6 B 1% Jk 2 oK 42 3] L
S W] 7 KSR L A A ke T Bl 45 R b I ) R it
g /358

7] I, A SC T SR LAY Stacking #E 8 7 RE & T
— AN R AN [ WL A8 27 >0 BB HE AT 45 K Hb 5 o N T
TNy HEE B SR 2% 2 8 5 AN Jy BR - S e 4 1T 9 UL
i, 24 B PE 8 T 47 1 T X 46 A Y B, BT LA 5
TR 2 o) 2 B A R, 7 A R Y AR R A SR B A
RO AL R .

K N FH B A AE R 45 4 vh X L T A [ AR
R TN OR 5 A5 LT 4508

(L) A SC I 8 1 9 i o 11 i 43 0 =X A B X )
b 5 0 R 45 R 0 A B, T A AT 45 4 AR [
] - 0% 22 20 (S0 I 1, i e 1 S0 Y 9
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(2)38 i Stacking £ W2 > , I A RUHE & L —
RUXT AR K 220 T gy RS M. R — B RLTE HE AT
a0 R0 R U o0 ) B A AT A A T S R 1Y 1
i, 38 o A Y Oy 2RT D B e A A R K 1Y 9z b g
T3, Ul N A B U S A R 25

(3) A SCHR M B AU BT DLBEAT A Ok 22 I 20 1) 445
452 % e o T, - B A8 £ 31 65 ven 1) RG B

(4) 78 A SC I 5 B 45 A5 M B BT, 43 il i
RNN. LSTM. GRU. CNN 5 # [/ iy 41 2% ok %k
L1Loss #4 & #5578 F 47 T B+, £ GRU W 2% (1)
Y I 25 SRS B 4 0 R 2% B 5 AE A i
L1Loss. MSELoss. DILATELoss. SoftDTW 5
GRU W) 2% 4 a5 AU 1 47 F000 B, fiff T 1L oss 1Y 5
PRI 55 5 1) 1 187 4 X 15 22 de /DN 3 R W] B — AR AR
GRUL1Loss i 20 & B0 N 1 3 5T 19 25 1) 3 7%
Wi 7. 2 A F50 0 7] 8

Ja 8 TAE B mT L7 DL 2238

(DT 28 [ /9 — 905 > 4%, BF o e 75
— 04 e TN ) 9

(2) AR 5 00 455 A 1) 453 % 8 B A% /N1 A D AT
DL R o 5 A HAR R W B

(3) HAK St 3= s ¥ il 1 220 72, SE B AR R
Az I AT P00 T O B S S S R TR .
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