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Structural damage assessment after earthquakes using
time-frequency analysis and deep learning
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Abstract: To assess the damage state of reinforced concrete (RC) frame structures after earth-
quakes and improve the efficiency and accuracy of damage assessment, this study proposes an
earthquake damage assessment method based on time-frequency analysis and one-dimensional
convolutional neural network (1D-CNN). First, the earthquake damage to a six-story RC frame
structure was simulated using incremental dynamic analysis. Based on the maximum story drift
ratio, the degree of damage was calibrated to obtain data samples. Second, four different time-
frequency analysis methods were applied to process the original signals. Third, an earthquake

damage assessment model based on a 1D-CNN was established, and the optimal parameter com-

5 B #A:2022-10-21

BEEWA HE ARPFEIEAT IR H (51978634) 5 B 44 18 25 24 A H S BHIF IR H (22A560009)

FE—EBE N JARIF 1996 —) . B WL W50 WF5E 7 10 S 25 B0 748 . E-mail: 104753200702@henu.edu.cn,
BEES E WQ983—), B, WL, Bl # #2055 07 i M &5 R B A5 Al . E-mail: kangshuai@henu.edu.cn,



116 oo

=

T B ¥ i

2024 4

bination in the model was determined using the Bayesian optimization algorithm. Finally, the

generalization ability of the proposed model under noise was evaluated. The results show that

among five time-frequency analysis methods, the wavelet-scattering transform method has the

highest accuracy, reaching 92.5% , and the fastest calculation speed, taking only 144 s. In addi-

tion, the proposed method can maintain a high level of damage assessment accuracy under noise

conditions, indicating good robustness and generalization ability.

Keywords: seismic damage assessment; RC frame structure; time-frequency analysis; one-

dimensional convolutional neural network; Bayesian optimization
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Fig.1 Diagram of discrete wavelet decomposition process
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Fig.2 Wavelet scattering decomposition structure
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Table 1 Data dimension of five time-frequency analysis methods
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Fig.4 Iterative process of Bayesian optimization algorithm
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Table 2 Bayesian optimization parameters
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Fig.5 Flow chart of post-earthquake damage assessment
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Table 3 Information of ground motion records
GRS %5 R F b 7= A 1] R e 3t
1 ImperialValley-06 1979 6.53 12
2 WhittierNarrows-01 1987 5.99 6
3 LomaPrieta 1989 6.93 12
4 CapeMendocino 1992 7.01 9
5 Northridge-01 1994 6.69 12
6 Kobe_Japan 1995 6.90 12
7 Chi-ChiTaiwan 1999 7.62 12
12 8 TottoriJapan 2000 6.61 12 180
9 Anza-02 2001 4.92 12
10 NiigataJapan 2004 6.63 12
11 Parkfield-02 2004 6.00 12
12 Chuetsu-oki_Japan 2007 6.80 12
13 Iwate 2008 6.90 12
14 L'Aquila_Italy 2009 6.30 9
15 ElMayor-Cucapah_Mexico 2010 7.20 12
16 Darfield NewZealand 2010 7.00 12
17 Coalinga-01 1983 6.36 6
o 4 4 18 MorganHill 1984 6.19 3 18
19 Landers 1992 7.28 3
20 Kocaeli_Turkey 1999 7.51 6
21 Yountville 2000 5.00 6
8 22 Big?carCity 2003 4.92 3 18
23 SanSimeon_CA 2003 6.52 3
24 Christchurch_ NewZealand 2011 6.20 6
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Table 4  Structural damage classification based on

maximum story drift ratio
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Table 5 Number of seismic waves in each data set
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Table 6 Accuracy of five time-frequency analysis methods
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Fig.7 Confusion matrix of five time-frequency analysis methods
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Table 7 Computing resources and time of five network models
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