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Tab. 1 Site classification by NEHRP specification
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Fig. 1 The distribution of PGA >20 c¢m/s’ records
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to NEHRP specification
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Fig. 4 Multilayer perceptron of BP Neural Network
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Tab. 2 Site conditions of the selected six stations
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Tab.3 Regression parameters of shear wave velocity ratios

with respect to PGA variation by Model 1

BT MYGHO04 TCGHO7 FKSHI19
k 2.8x107* 4.3x107* 2.9x10°*
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k 3.1x10°* 3.1x107* 2.7x107*
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Fig. 5 Predicted curves of the equivalent shear wave velocity ratio of six stations changing with PGA
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Tab.4 Neuron parameters of the input layer and the hidden layer

S E B2 1 2270 /m
HUE
i 1 2 3 4 5
PGA 3.484 -0.071 -0.337 0.775 0.547
Wim In(1,) 0.460 -0.195 0.860 -0.266 —-0.281
Vs, 0.096 -0.610 0.798 0.310 -0.559
b, -0.292  0.269 0.959 -0.057 -0.784

R5 REE-AHEMETSH

Tab.5 Neuron parameters of the hidden layer and the output layer

LREE 27 We 2 441 28 7T/ m
FUAE ) b,
j 1 2 3 4 5

Vs, 0.197 0.219 -0.054 0.212 -0.241 -0.115
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TG, RN MSE 6 x 10, i
BIBHEER MSE 1 6.7 x107*, YIZE SR A
W EE AR 3 T 1R 22 A, B R R IR AF
PR RUE LS T

I FH BP 28 (25 A5 A0 Je AR 1 1A 3] 6 A
EUEHY Person A R B, SERWFE 6, NFEhAl
WL, BP 25 [0 25 A5 80 Xof 37 1t A5 A0 5 1% S B 1 35
DN ARER TR 1, ARG R B g, LTt &
BT TRRL |, AR B 5 BT AP A O M R

#z 6 F BP HZMKZEEME/N_FEITE
BB R ETL

Tab. 6 Comparison of correlation coefficients of different models

_ NEHRP #liti k5 MR,
e Fhh oK BP MIZF4EHR i |
MYGHO4 B 0. 689 0. 689
TCGHO7 c 0. 649 0. 647
IBRHI1 D 0.520 0.510
IBRH13 D 0.739 0.724
FKSH19 D 0. 647 0. 643
NMRHO4 E 0.732 0.737
3.2 BKRELSW

A 3 25 23 M 4 O T B o i e 22 A
ZAAVERE, Bk 25 20 B T LS e B0 ) i o - e A
ARERYREARTE R R, AT IR HT 2 00 2% A8 A Bial X

() I % AR 00 4 BE 9 43R ( Dhanya, Raghukanth,
2020) o ASCH R 228 O NS BArEZ 22,
R

Ri = ypred - ylargel ( 1 1 )

Kl 6 JB/x T BP #2045 157 3 Ay A7 i
PGA, In (1,) F Vg XFRET 4 A8 i v AREEIER
2, PEIMPRE (0 158 25 1 Ry 45 IX T B i) B A 3% 25 4R 1
H M PRUEZAC IR, K7 451 T 3 M A E B4 X
B 5% 22 40 A geit, R, 7E4& A XIH |,
12 0 5 AR (B % 22 7 O BREIE, #4452 R i T i
FerE, X PGA Ko I, s W s =8, v R
TR D EUBOHE B9 B WO RO, PR H ik 22
A ERERIbRIEZE . Ve, N 120 ~1 270 m/shf,
VIR AR B 5% 22 R e 22, R B HAE 2 80K
B 37 b v 4 B (0 T 1 RE

RT PGA, In (1) MV, EEXEKKREN LT
Tab. 7  Statistics of residual eﬁor distribution in each interval

of PGA, In (I,) and Vg

HASHL S3 A IX A yfE T2 b
1~4 3.68x107*  3.24x107*  0.018
4~10 3.39x107*  5.29x107%  0.023

PGA/ 10~40  -2.34x10™*  6.25x10™*  0.025
(em-s72) 40 ~ 100 3.43x107*  8.41x107*  0.029
100 ~400  9.03x10™*  1.85x107°  0.043

400 ~1100 -556x10"*  3.48x107°  0.059

-2~0 L11x1073  4.41x10™*  0.021

0-~2 -9.26x107*  4.84x107*  0.022

2~4 4.98x10™  6.25x107*  0.025

In(4,) 4~6 4.88x107*  7.29x107*  0.027
6~8 L15x107°  1.02x1073 0.032

8~10 -1.89x107*  2.20x1073 0.047

10~12  -1.87x107°  230x107°  0.048

120~300 -7.03x1075  4.76x107*  0.022

300~500 -2.38x107°  6.67x107*  0.026

Vs,/ 500 ~700 1.94x1073  9.67x107*  0.031
(m-s7h) 700 ~900 5.28x107*  1.12x1073 0.033

900 ~1100 -3.51x1073 1.30x10 73 0.036

1100~1270 -2.13x1073 5.65x107* 0.024
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Fig. 6  Residuals of the input variables PGA (a),
In(Z,) (b) and Vi (c) of the BP neural network

model corresponding to the output variable Vy
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4 Z5g

ACfdH H 2 KiK - net 5 M1 407 & 5ic 5%
FIHY 30 952 Scidsk, #EH T —FIE T BP R 4%
B 37 M 2555 B 1) e i LU AR A IO AR AR AR SR FH 44

TriRZERE LI Adam TRALTET:, W& 3 MIAS
.5 AR Z T 1 AR SR AS BN
TR BE W PGA . Arias FUBE 1, S 37 W 5 11 ik o B
Vs, » S 7 i S5 R0 0y DI L v, A EIRLTE
5.

(1) HRZMLEBIRY AT DUFE AR HE A2 4% R KR )
KRMIEOUT, B0 b i 55 D19 dAR R O, A
SCIEBUR AL 5 AN R b A () 6 Ak, 381 fifi ]
BP HZE X 6 /> 153 1) S b B D11 98 L ry 5000 iy
LATH1, BP LRI th G ARXOEH, ARt
PGS, AR Tl e/ N3k M1 H B A5 9 55 171
W L R BN ZR, BP 4 0 25 455 10 B AH 56 2R B8k
15, AN AR R B 2 % A5 A A AR B A AR S
TGO, 7 RS A3 R 3 b v YA A R ) T
PERE.

(2) FH BP 25 o) 2 A58 F 0 fth 26 AT 41, PGA
H50 ~100 em/s” B, ZH T UG AR 2t AR
b, YYD I i & A A5 4k PGA > 100 em/s”
Yyl kA B AR AR AL, B U T IR R AR
Ptk PGA ik3) 175 em/s” e, B 28754
WH T 5% , PGA 5312 140 cm/s” B, D, E 2§
G sy TR 5%

(3) BEAVBURAIE TR, PGA TEIZM &N 4%
FEA b b 4 2 AR AR, A b b S B U0 U8 L
A I B IS PR 4 I 2 AR A S P 2
RGBT YIE U BE PGA (3G KA T B, i
KON D, E 2% PCGA S E K, TR
(YRR LN

(4) TEBIEE /PR B, E KM, T8
UK S () 1k 28 ) 28 A R A A — o U R XURS: , & Je L
FFE Hr T BEHE B — A )

A2 A T B A KK —net & M IZHE6G 30 30 £
P, ARG,

SE K .

HFYLH 2020, T URBEMZ MR 1T MhE sh SEIB T D].
IR W IR Tl K2

Dong K Y. 2020. Study on the prediction of underground motion parameters
based on deep neural network [ D]. Harbin ; Harbin Institute of Tech-
nology. (in Chinese)

XURETT, WR K e 2022, T8 g 6 g 5 AR 1Y 2011 4F H A R
M. 0 KH0FE 55 Hb Al £ P 1k A8 U [ ], M AR 241,44 (1)
96 - 110.



288 o=

47 %

Liu Q F,Chen C L. 2022. Identification of the temporal changes of site non-
linearity during 2011 M9. 0 Tohoku earthquake by moving time win-
dow deconvolution method[ J]. Acta Seismologica Sinica,44 (1) ;96 —
110. (in Chinese)

BRH L BEVE, FIRBH, 5 . 2018, BT 18 ) 5 BR B AR 0 St AR L M
FSIHEFE[T]. ASRK E 4,27 (6) :51 - 58.

Miao Y,Shi Y,Wang S Y, et al. 2018. Assessing nonlinear soil behavior u-
sing vertical array data: A case at TCGH16 station from KiK - Net in
Japan[ J ]. Journal of Natural Disasters,27(6) :51 —58. (in Chinese)

BRH L MEVE, RS, 45 2021, KR T R WL 1 S5 1y 37 b 185 1) AR £ R
JBR[T]. AP R 241,47 (7) 2669 - 679.

Miao Y, Shi Y, Zhang H,et al. 2021. Investigating vertical nonlinearity of
site using KiK — net seismic data[ J]. Journal of Beijing University of
Technology ,47(7) :669 —679. (in Chinese)

TIAKHE 2R 1995, N T M2 00 45 16 st Bk 4 B8 v 1) 17 P34 [T ]
PRSI, (1) :9 - 14.

Wan Y G,Li H J. 1995. Overview of the application of artificial neural net-
works in Geophysics[ J]. Progress in Earthquake Sciences, (1) :9 —
14. (in Chinese)

RAE . 2019. 2T KIK — NET $cha PR £ JZ 45PN SO T HbRe 3)
WR(EASVERTTE [ D] . W IR R Tk R

Zhang Y P.2019. Research on identification of soil characteristics and am-
plitude characteristics of underground motion based on KiK — Net da-
tabase[ D ]. Harbin ; Harbin Institute of Technology. (in Chinese)

Alavi A H,Gandomi A H. 2011. Prediction of principal ground-motion pa-
rameters using a hybrid method coupling artificial neural networks and
simulated annealing [ J |]. Computers & Structures, 89 (23 - 24) .
2176 -2194.

Benito B, Herraiz M. 1997. An approach to the measurement of the potential
structural damage of earthquake ground motions[ J . Earthquake Engi-
neering and Structural Dynamics,26:79 —92.

Beresnev I A, Wen K L. 1996. Nonlinear soil response—A reality? [J].
Bulletin of the Seismological Society of America,86(6) ;1964 —1978.

Chin B H, Aki K. 1991. Simultaneous study of the source path and site
effects on strong ground motion during the 1989 Loma Prieta earth-
quake: a preliminary result on pervasive nonlinear site effects[J].
Bulletin of the Seismological Society of America,81(5) ;1859 —1884.

Chousianitis K,Del G V,Kalogeras I,et al. 2014. Predictive model of Arias
intensity and Newmark displacement for regional scale evaluation of
earthquake-induced landslide hazard in Greece [ J ]. Soil Dynamics
and Earthquake Engineering,65(4) :11 —29.

Chousianitis K,Del G V, Sabatakakis N, et al. 2016. Assessment of earth-

quake-induced landslide hazard in Greece: From Arias intensity to
spatial distribution of slope resistance demand [ J]. Bulletin of the
Seismological Society of America,106(1) ;174 —188.

Derras B,Bard P Y, Cotton F. 2014. Towards fully data driven ground-mo-
tion prediction models for Europe[ J]. Bulletin Earthquake Engineer-
ing,12(1) ;495 -516.

Dhanya J, Raghukanth S T G.2017. Ground motion prediction model using
artificial neural network[ J]. Pure and Applied Geophysics,175(3) .
1035 - 1064.

Dhanya J, Raghukanth S T G. 2020. Neural network-based hybrid ground
motion prediction equations for Western Himalayas and North — East-
ern India[ J]. Acta Geophysica,172(3) ;762 - 781.

Garson G D. 1991. Interpreting neural-network connection weights[J]. Al
Expert,6:47 - 51.

Gevrey M, Dimopoulos I, Lek S. 2003. Review and comparison of methods to
study the contribution of variables in artifificial neural network models
[J]. Ecological Modelling,160(3) :249 —-264.

Ghofrani H, Atkinson G M, Goda K. 2013. Implications of the 2011 M9.0
Tohoku Japan earthquake for the treatment of site effects in large
earthquakes [ J ]. Bulletin of Earthquake Engineering, 11 (1):
171 -23.

Kerb T, Ting S B. 2005. Neural network estimation of ground peak accelera-
tion at stations along Taiwan high-speed rail system[ J]. Engineering
Applications of Artificial Intelligence,18(7) :857 —866.

Kingma D P,Ba J. 2014. Adam:A method for stochastic optimization[ C].
ICLA , arXiv preprint arXiv:1412. 6980.

Regnier J,Cadet H,Bonilla L F, et al. 2013. Assessing nonlinear behavior
of soils in seismic site response ; Statistical analysis on Kik-net strong-
motion data[ J]. Bulletin of the Seismological Society of America,
103(3) :1750 —1770.

Rubinstein J L. 2011. Nonlinear site response in medium magnitude earth-
quakes near Parkfield Californial J]. Bulletin of the Seismological So-
ciety of America,101(1) ;275 —286.

Wang H Y, Jiang W P, Wang S Y ,et al. 2019. In situ assessment of soil dy-
namic parameters for characterizing nonlinear seismic site response u-
sing KiK — net vertical array data[ J]. Bulletin of Earthquake Engi-
neering,17(5) :2331 -2360.

Wu C,Peng Z, Benzion Y.2010. Refined thresholds for non-linear ground
motion and temporalchanges of siteresponse associated with medium —
size earthquakes [ J ]. Geophysical Journallnternational, 182 (3 )
1567 - 1576.



552 SRR . ST BP AR 0 255 ) 3 M S R0 DT AR AL S AT 289

Research on Prediction of Site Equivalent Shear Wave Velocity
Change Based on BP Neural Network

SU Wenhao, LIU Qifang
(Suzhou University of Science and Technology, Key Laboratory of Structure Engineering
of Jiangsu Province, Suzhou 215009, Jiangsu, China)

Abstract

In this paper, a total of 30952 records from 407 stations of the Japanese KiK-net is used to propose a prediction
model for the change of equivalent shear wave velocity ratio based on BP neural network. The model adopts the mean
square error function and the Adam optimization algorithm, consists of three inputs, five hidden neurons and one
output. The input parameters are Peak Ground Acceleration (PGA), Arias intensity (/,) and site Vs . The output
parameter is site equivalent shear wave velocity ratio (V). The research shows that the residual error of the network
model is unbiased for each input variable, and has good prediction performance in many kinds of sites. Compared
with the function curve of the traditional least-square method, the neural network model has a relatively better per-
formance. In the prediction curve of the network model, the shear wave velocity of the site of Class B decreases by
5% when the PGA reaches about 175 ¢cm/s”, and the shear wave velocity of the sites of Class D and E decreases by
5% when the PGA reaches about 140 c¢m/s”. The nonlinear threshold of most sites is between 50 ~ 100 ¢m/s’. PGA
occupies a high weight in the network model and is the main controlling parameter of the site equivalent shear wave
velocity change. The network model captures that the equivalent shear wave velocity ratio of the site has a downward
trend with the increase of PGA. At the same time, it shows that the Class D and E sites are greatly affected by PGA
and the declineing range is larger.

Keywords: neural network; equivalent shear wave velocity; site nonlinearity; parameter prediction; peak

ground acceleration



