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Research on intelligent structural control algorithm for high-rise
buildings based on one-dimensional convolution neural network
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Abstract: Traditional shallow neural networks exhibit low prediction accuracy and poor generalization when
handling high-dimensional data. To solve these problems, this study proposes an intelligent control algorithm for
high-rise buildings based on one-dimensional convolutional neural networks(ID-CNN) and the deep dream
visualization algorithm. The proposed method enables high-precision network model training and visualizes data
features through 1D-CNN. Using a 20-story benchmark model as a case study, the damping performance of the
1D-CNN-based intelligent control algorithm was analyzed under different conditions and compared with back
propagation(BP) and radial basis function(RBF) algorithms. Results show that 1D-CNN can effectively extract
deep data features and reduce the dimensionality of massive datasets by virtue of one-dimensional convolution

and pooling operations. Under external excitation, the maximum damping rates for acceleration and displacement
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achieved by the 1D CNN controller were 69.0% and 55.6% respectively, significantly outperforming BP and RBF.
Although the control performance of all algorithms decreased under modified excitation conditions, the ID-CNN
consistently exhibited superior performance and the best generalization capability.

Keywords: deep learning; 1D-CNN; intelligent control; data feature visualization; generalization performance
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Fig. 2 Zero filling operation diagram of Convl1 layer
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Fig. 6 Simulation flow chart of intelligent control system based on 1d-cnn
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Table 2 Model parameters of benchmark

=33 1 2~5 6~11 12~14 15~17 18~19 20
B m/(10°kg) 1.126 1.100 1.100 1.100 1.100 1.100 1.170
W k/(10°kN-m™) 862.070 826.070 554.170 453.510 291.230 256.460 171.700
JZ 5 /m 5.940 3.960 3.960 3.960 3.960 3.960 3.960
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Fig.7 Control effect of centralized controller based on 1d-cnn
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Table 3 Control effect of different controllers under different seismic waves

N B
e omEE TP gms MEE g BB gy MER
{8/ % lﬂ%{%/ v, W R/ v, lh%{%/ v
mm (m-s™) mm (m-s™)

T 1.33 — 1.205 — 1.03 — 1.120 —
ID-CNN 0.60 55.0 0.644 46.6 0.44 57.3 0.561 49.9
: BP 0.97 26.9 0.904 25.0 0.65 37.3 0.927 17.2
RBF 0.90 32.6 0.803 33.3 0.62 39.9 0.898 19.8
Joi 6.79 — 1.948 — 4.25 — 1.032 —
ID-CNN 4.15 38.8 1.032 47.0 2.64 37.9 0.595 42.4
> BP 4.96 273 1.653 15.1 2.49 413 0.625 39.4
RBF 5.53 21.2 1.573 19.2 2.78 34.5 0.580 43.8
b ot 15.86 — 1.589 — 9.95 — 1.037 —
ID-CNN  10.02 36.8 0.530 66.6 5.58 43.9 0.544 475
0 BP 11.64 26.6 0.822 483 6.94 30.3 0.579 44.1
RBF 9.82 38.1 0.709 55.4 6.43 35.4 0.552 46.7
T 24.83 — 1.767 — 13.88 — 1.253 —
ID-CNN  13.53 455 0.902 48.9 8.10 41.7 0.552 56.0
15 BP 14.46 41.8 1.085 38.6 9.49 31.6 0.655 47.7
RBF 13.76 44.6 0.974 44.9 9.78 29.5 0.626 50.0
Jo¥ 30.76 — 2.133 — 15.90 — 1.125 —
ID-CNN  16.31 47.0 1.132 46.9 9.06 43.0 0.593 47.3
20 BP 22.56 26.7 1.384 35.1 13.92 12.4 0.715 36.4
RBF 20.36 33.8 1.300 39.0 11.68 36.5 0.729 35.2
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3)#EXF 20 J2 benchmark #5578 (14 41 2h 45 il £ B, 2830 5000 2 e 8 2 805 , 1D-CNN I B2 F 47 % el 7 o
9 43 5 °H 69.0% 1 55.6% , #1 %% BP Hl RBF 45 74 J22 2 2] it 28 I 24 L 2% 50 4 1) D R 00 SR 5 w5728 AN () i 52 33 il
J& . ID-CNN X 45 4 i i (1% 42 i) 20 0 07 A #2 0 , Jie fIR D8R8 56 36.8% , =5 T BP il RBF #f 8 M 4% 11 15.1% FiI
17.2% , Bl 1D-CNN #¢ BP Fil RBF 4§ 1% )2 % > Ho 45 47 iz A ok .
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