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ABSTRACT

Ground motion time series are critical elements of earthquake engineering for performance analysis of
seismic regions’ built environment. At present, the number of available instruments to record the free-
field ground motions in the US is generally sparse. Therefore, ground motion estimation methods are
used to obtain input motion estimates at locations where there is no available instrumentation. In this
study, the ground motion time series are constructed using a Gaussian Process regression, which models
the Fourier spectrum’s real and imaginary parts as random Gaussian variables. The proposed model’s
training and validation are carried out using the physics-based simulated ground motions of the 1906
San Francisco Earthquake. The evaluation of the model’s performance is also carried out using the
simulated magnitude 7.0 Hayward fault earthquake and the ground motions recorded in the 2019
magnitude 7.1 Ridgecrest Earthquake sequence within the Los Angeles area. All evaluations imply that
the trained Gaussian Process regression model can estimate the ground motion time series properly. It is
also observed that the trained Gaussian Process regression model has decent performance on the long-
period ground motion estimation due to the ground motion directivity pulses. The results also illustrate
that the stations’ prediction either at the boundary edges or outside of the network might not be as
accurate as other stations’ estimations.

KEYWORDS: Conditioned Simulation of Ground-Motions; Gaussian Process Regression, Spatial
Variation of Ground-Motions, Regional Seismic Assessment

1. INTRODUCTION

In the last few decades, thanks to the increase in recording stations, available recorded earthquake ground
motions have increased. However, the current sensor networks of ground motion are still too sparse. As
an illustration, there are about 2000 stations to record the free-field ground motions around the California
state (Southern California Earthquake Data Center). Therefore, an estimation of either ground motion
intensity measure (GMIM) or the entire ground motion time series is required to evaluate the damage
state and performance level of a site-specific structure where there is no available recording
instrumentation. To do so, ShakeCast, ShakeMap, and USGS “Did You Feel It?” platform could be
employed to provide an assessment of the shaking level and GMIM at a specific location after an event
(Wald et al. 2008; Fraser, Wald, and Lin 2008; Worden et al. 2018; Lin et al. 2018; Wald et al. 2012).
Also, several existing studies aimed to estimate the GMIMs at the unobserved locations using the
existing observed GMIMs (Baker and Chen 2020; Otake et al. 2020; Sun et al. 2018; Worden et al.
2018). However, for the nonlinear analysis of the structural response, the entire ground-motion time
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series at a specific location is needed to quantify the damage state of a desired site-specific structure or
facility. Therefore, it is crucial to develop a model that can generate the entire ground motion time series
using the sparsely recorded ground motions after an event. The generated motions at the unobserved
stations must be consistent with the spatial variation of ground motion, which refers to the changes in
the amplitude, phase, and frequency content of the recorded motions over an area (Zerva and Zervas
2002; Zerva 2009). This phenomenon can have a considerable effect, especially on distributed lifeline
structures (Adanur et al. 2016; Jayaram and Baker 2009; Zerva, Falamarz-Sheikhabadi, and Poul 2018;
Todorovska, Ding, and Trifunac 2017; Tian et al. 2016). A combination of available recorded ground
motion dataset with the pre-developed structural models for a region can provide an immediate
estimation of the slight, moderate, and extensive damages for the buildings, infrastructures, and lifeline
structures.

There is an extensive list of publications that address the topic of conditioned ground motion simulation
(Rodda and Basu 2019; 2018; Huang and Wang 2017; Wu et al. 2016; Alimoradi et al. 2015; Konakli
and Der Kiureghian 2012; Kameda and Morikawa 1992). The majority of the traditional conditioned
simulation of ground motion is based on deploying Cross Spectral Densities (CSD) and Auto Spectral
Densities (ASD) to determine the covariance between the Fourier series coefficients among neighboring
stations’ motions (Der Kiureghian 1996; Konakli and Der Kiureghian 2012; Rodda and Basu 2018). The
conditioned ground motion simulation results depend on the spatial variability of the motions captured
by CSD and ASD. The ASD and CSD are commonly determined using empirical coherency functions.
These functions’ coefficients are required to be set empirically using data-driven methods. Moreover, a
detailed description of the site properties and wave passage might be needed for generating the motions,
which could be computationally expensive and time-consuming, especially when an ensemble of ultra-
dense stations is desired.

In this study, a Gaussian Process (GP) regression model (also known as Kriging) is employed to generate
the ground motion at a target station where there is no available recording instrumentation. This GP
regression model spatially interpolates the real and imaginary parts of the observed neighboring motions’
frequency content to establish the ground motion time series at the target location. A Matern covariance
function is used to develop such a GP regressor. This function allocates the correlation between motions’
frequency content based on their geographical separation distance and their site condition difference. In
other words, the covariance function rather than the empirical coherency functions capture the spatial
variability of the ground motions.

In Section 2 of this paper, the GP regression and the way it works are described. Section 3 demonstrates
which GP regression models are implemented and how they estimate the entire ground motion time
series at the target unobserved stations. In Section 3, it is also explained how the hyper-parameters of
the covariance function are tuned. Section 4 elaborates the hyper-parameters’ tuning procedure using the
physics-based simulation of the 1906 San Francisco earthquake ground motions, which are developed
by Aagaard et al. in 2008 (Aagaard et al. 2008). Section 5 illustrates the evaluation of the trained GP
regressor performance for predicting the unobserved stations’ motions. Finally, the major findings of
this study are summarized in Section 6.

2. THEORETICAL BACKGROUND

Suppose the ground motion acceleration time series at location s, ag(t), is constructed of N discrete data
points, a(t;), at equal time intervals At. The a4(t;) can then be expressed using its Discrete Fourier
Transform (DFT) coefficients A, as (Oppenheim, Willsky, and Nawab 1997)
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in which Re;, and Jm, are the real and imaginary parts of the DFT coefficients of acceleration time
series ag(t) at the k™ frequency. These real and imaginary parts are modeled as Gaussian random
variables which are estimated using GP regression for the unobserved location.

2.1. Gaussian Process Regression

The GP regression is a powerful supervised learning method which has had many applications among
various research areas including ground-motion estimation, post-earthquake damage assessment, and
seismic fragility assessment to name but a few (Tamhidi et al. 2019; 2020; Sajedi and Liang 2019;
Sheibani, Ou, and Zhe 2020; Landwehr et al. 2016; Sun et al. 2018; Gentile and Galasso 2020). A
Gaussian Process is a collection of indexed random variables such that every finite subset is distributed
according to a multivariate normal distribution. Loosely speaking, one can understand a Gaussian
Process as a multivariate normal distribution for infinitely many random variables. A Gaussian process
can be understood as a distribution over functions f{x) € R

f(x) ~GP(m(x), k(x,x)) 2)

which reads as “The function value f{x) at input location x is drawn from a GP with mean function m(x)
and covariance function k(x,x")”. The GP is entirely defined by its mean and covariance functions.

m(x) = E[f(x)]
k(x,x") = E[(f(x) — mx)(f(x") — m(x"))]
The covariance function k(x, x") encodes a notion of similarity of function values between data points.
In Bayesian non-parametrics, a GP is often used to specify a prior distribution over possible functions.

It is assumed that the real and imaginary parts of the DFT coefficients at different frequencies are a
function of the location, and place a GP prior on these functions.

3)

Let’s denote the ensemble of observed stations’ input matrix by X, each row of which includes an input
vector of one observed station. It is desired to fit a GP regression over the observed stations, X, and their
corresponding observed Gaussian random variable, f (either real or imaginary part.)

It is needed to define a prior mean and covariance functions for the GP prior distribution to start the GP
fitting procedure. It is common to assume a zero mean function for the prior distribution. This prior
distribution is then converted to a posterior distribution with updated mean and covariance functions
based on the observations. Therefore, the posterior mean is not restricted to be zero (Rasmussen and
Williams 2006). Consider the unobserved stations’ input matrix by X,. The joint prior Gaussian
distribution of the GP at X and X, can then be specified by

f n (KX, X) + 02l KX, X.)
[f*]~N<[u*]’[ K(X*,X)ay K(X*,X*)> *)

where g, is the observations’ noise and [ is an identity matrix with the same size of X and p and p, are
the prior mean function vectors at the locations X and X, respectively. In this study, the existing (observed)
ground motions are considered as noise-free observations (g, = 0). The GP fitting process and 1906 San
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Francisco physics-based simulated ground motions’ features are discussed in detail in Sections 3 and 4,
respectively.

The GP regression’s output and its smoothness depend on the employed covariance function. One of the
commonly used covariance functions is the Matern function given by Equation (5). In Equation (5), I is
the Gamma function, I'(n) = (n — 1)!, K,, is a modified Bessel function (Abramowitz and Irene 1972),
V is a positive parameter which controls the smoothness of the output function, oy is the signal variance
that governs how uncertain the GP regression’s output is for a given input, and r is the distance between
the input vectors, x and x" given by Equation (6). In Equation (6), 6; is a positive normalizing factor
(also known as length-scale) related to the i dimension of the input vector and d is the dimension of the
input vector. The 6; specifies the rate of decay for the correlation function along the dimension i. In other
words, higher values for 6; results in a higher decay of correlation by increasing the distance along the
i dimension.
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In this study, the Matern function with v = 1.5 is used. The v = 1.5 is one of the most interesting values
for machine learning (Rasmussen and Williams 2006). The corresponding covariance function is given
in Equation (7).

ky=15() = 6 (1 + V3r)exp(—V3r) (7)

It is possible to show that the posterior distribution of the GP at the unobserved locations, f_, is given
by Equation (8) (Rasmussen and Williams 2006).

fJXo X, f ~ N KX, X)KX, X)"f ,K(X,,X,) - KX, X)K(X,X)"'K(X,X,)) (8)

This section presented a brief overview of the GP regression and its formulations. For more detailed
description, one can refer to the related literature books and researches (Li and Sudjianto 2005;
Rasmussen and Williams 2006).

3. PROPOSED METHOD

The hyper-parameters of the model (6;) need to be tuned in order to implement the GP regression. A
standard method to find the optimum hyper-parameters is to maximize the log marginal likelihood of the
n observations using Equation (9) (Rasmussen and Williams 2006). In Equation (9), (f — m(x))T stands
for the transpose of the vector (f — m(x)) and |Kxx| is the determinant of the matrix Kyy.

1 T 1 1 n
log p(f1X,8) = —= (f = m(X)) Ky "(f ~m(X)) — 5 loglKxx| — log2n ©)

One of the issues with the maximum likelihood estimates (MLESs) is that the optimized hyper-parameters
of the covariance function have a considerable variance near their optimum solution. The reason for the
latter is that the likelihood function is almost flat close to its extermum, especially when there is a sparse
number of observations (Li and Sudjianto 2005). To tackle this issue, one can use the penalized log-
likelihood estimates rather than the MLEs. Equation (10) shows the penalized log-likelihood, Q(8),
formulation.
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In Equation (10), p;(6;) is a non-negative penalty function which is a function of i dimension’s length-
scale. The A is the regularization factor which needs to be tuned using the data-driven methods. There
are several choices of the penalty functions to be employed in Equation (10) such as L1 (p,(6) = 1|9)),
the least absolute shrinkage and selection operator (LASSO) (Tibshirani 1996), and smoothly clipped
absolute deviation (SCAD) (Fan and Li 2001). In this study, the SCAD penalty function is implemented.
This selection is made based on comparing the various models’ performance in prediction. The SCAD
penalty function is given by

16 6<2
A2+ 0% —2a10 1< 8<al
p,(6) = 2(a—1) =a (11)
2(a+1)

where a is a constant which is assumed to be 3.7 based on Fan and Li. It is shown that the performance
of the model cannot be considerably improved if the parameter a is selected employing data-driven
methods.

The hyper-parameters of the covariance function (6;) are obtained by maximizing the penalized log-
likelihood given in Equation (10). Then, the posterior mean function and signal variance, oy, are
estimated by having the optimum hyper-parameters (Li and Sudjianto 2005). Eventually, one can predict
the real and imaginary parts of each frequency at the unobserved station using the posterior distribution
given in Equation (8). Then, the motion time series can be retrieved using Equation (1).

The optimum A can be estimated using a cross-validation procedure by splitting the observed ground
motion dataset into randomly chosen training and validation subsets. Then, the A, which results in the
lowest average error between the predicted motion’s response spectrum and the observed one at the same
locations, is chosen as the optimum regularization factor. This procedure is discussed in detail in Section
4.

The homogeneity assumption is valid if the recording stations are all located on a fairly uniform site
condition (Zerva and Zervas 2002). All the GP’s stochastic descriptors depend on just the geographical
separation distance between the stations if there is homogeneity. In this study, two types of input vectors
for the stations are investigated: type 1) The 3D Cartesian components of each station (after converting
geographic coordinates, longitude, and latitude into the Cartesian ones), x = {x;, x,, X3} is considered as
the input vector. In fact, {xq, x,, x3} is the Cartesian coordinates of the station on the Earth’s surface,
and type 2) The 3D Cartesian components stacked up with log(Vs, ) as the 4™ component, x =
{x1,x2,x3,108(Vs,,)}. The former one must be employed for the regions with a fairly uniform soil
condition (since it is insensitive to the soil condition) where the homogeneity assumption is valid, while
the latter can be used where there is a considerable soil condition variability. One can extend the latter
input vector to include various attributes of the locations such as Z; ; (depth to V; = 1 km/s), Z, 5 (depth
to Vx = 2.5 km/s), R, (closest distance to the surface projection of coseismic rupture). The type 2 model’s
input vector attributes are all normalized, such that each of them has zero mean and unit standard
deviation.

In this study, all 6; are considered to be the same. In other words, one length-scale is used to normalize
all attributes within an input vector. Such a covariance function is called isotropic. As an alternative,
anisotropic covariance functions where each attribute has its own specific length-scale also can be used,
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currently under investigation by the authors. Although all the attributes are embedded within one input
vector given to a covariance function in this study, it is possible to use a combination of the covariance
functions (multiplication, summation, etc.) each of which is given by a subset of attributes. As an
example, a multiplication of two Matern functions could be used such that

kop(x,x") = ky(ry) X ky(7)

3
, (12)
n= [YleR-x0r 1= [930gh,) ~ 10804, )
i=1

where kg;p(x,x") denotes the covariance function of the GP between two stations x and x', k; and k,
are Matern functions given by Equation (7) (in general, they can be any kinds of covariance functions
such as Squared Exponential, etc.), and r; and r, are the separation distance of the two stations along the
first three attributes (Cartesian coordinates) and the last one, log(Vs, ), respectively. It is worth noting

that each of the k; and k, shown in Equation (12) is isotropic but not the k;p. Equation (12) can be
extended when there is a higher dimension of input vectors (such as considering Z; o, Z 5, and R;p.)

4. MODEL TRAINING

4.1. 1906 San Francisco Physics-Based Simulated Motions

It is needed to obtain the optimum regularization factor, A, to implement the GP regression model. To
do so, the 1906 San Francisco physics-based simulated ground motions, generated by Aagard et al. are
employed (Aagaard et al. 2008). Five different ground motion modeling groups, 1) Aagaard, 2) Graves,
3) Harmsen et al. 4) Larsen et al., and 5) Petersson et al studied to generate the 1906 San Francisco
earthquake motions. The first four groups verified their wave-propagation codes using the 1989 Loma
Prieta earthquake to evaluate how well their methods can generate ground motions consistent with the
observed shaking intensities (Aagaard et al. 2008). In this study, the simulated ground motions generated
by Graves wave propagation code is used. . Graves simulated the 1906 San Francisco ground motions at
40,700 stations on a 1.5 km X 1.5 km grid along two orthogonal directions, East-West (EW) and North-
South (NS).

Table 1 illustrates various features of the ground-motion simulations deployed by Graves to generate the
1906 San Francisco earthquake motions. It is worth noting that although the minimum V; for the
simulation process was considered 760 m/s, the site corrections across all periods are applied to account
for the nonlinear site effects for the locations with shear wave velocity lower than 760 m/s. In addition,
the simulated ground motions are constructed deterministically at long periods (7 > 1 sec) and
stochastically at short periods (0.1 sec < 7'< 1 sec) (Aagaard et al. 2008). Graves simulated the 1906 San
Francisco ground motions at 40,700 stations on a 1.5 km X 1.5 km grid along two orthogonal directions,
East-West (EW) and North-South (NS).

Table 1. Graves Wave-Propagation codes and Domain

Domain Resolution Features
Length (km)  Width (km) Maximum depth  Bandwidth Minimum V;  Topography Water Material Properties  Attenuation
555 162 45 7>1.0 sec 760 m/s Bulldozed  Sediment filled USGS 05.1.0 Graves




4.2. Hyper-Parameter’s Tuning

The 1906 San Francisco simulated motions are employed to tune the regularization factor for the two
GP models having two different types of input vectors discussed in Section 3. To do so, a 20 km X 65
km rectangular region is chosen for training the type 1 GP model. Then, all the stations which are
simulated for the same V; value (560 m/s) are picked within that region. For type 2, two regions, each of
which with a considerable variation of site condition, are chosen for training purposes. There are 396
and 215 chosen stations for model type 1 and model type 2, respectively. Figure 1 illustrates the bounding
box for the Graves simulated ground motions as well as the study regions for both type 1 and type 2
models.

Figure 1. Graves’ 1906 San Francisco simulated ground motion bounding box and the study regions
corresponding to the type 1 and type 2 of the GP regression models

The GP regression model for each type of input vectors is trained (to find the optimum L) within its
corresponding study region. To do so, for each model, about 80% of the stations are randomly chosen
for the training set, while the remaining 20% are considered for the test set. The distribution of the
training and test set stations for both models are shown in Figure 2. From now on, the two study regions
for the type 2 model are called Palo Alto and South Napa for more convenience (Figure 2.b and Figure
2.c). A cross-validation (CV) procedure with five separate folds is implemented for each training set to
select the optimum regularization factor, A, for the corresponding model. The optimum A for each
direction is picked such that it results in the lowest normalized root mean square error (NRMSE) between
the observed and predicted motion’s linear response spectrum (5% damping PSA). The NRMSE is
computed for all periods by

L G 4.)2
NRMSE = %z (PSA‘A PZS A (13)
= PSA;
where L is the number of periods included in the PSA and PSA; and PSA; are the predicted motion’s
PSA at the /" period and its observed value at the test station, respectively. Eventually, there are two
optimum A for two orthogonal directions for each model. Table 2 illustrates the tuned A for two
orthogonal directions, Fault-Normal (FN) and Fault-Parallel (FP), for each model. There are two

optimum A corresponding to the two study regions for model type 2. w.. 3 also illustrates the NRMSE



results of the CV procedure for each model along both FN and FP directions. The results shown in. 3
are the average NRMSE among all folds’ predictions for the optimum A value given in Table 2.

Table 2. optimized regularization factor, A, for the type 1 and type 2 models

type 1 type 2
FN FP FN FP

1.2 1.2 0.7 0.7

Table 3. CV procedure NRMSE for model type 1 and type 2

tyl)e 2 type 1
A=0.7 0=12)
Palo Alto South Napa ]
FN FP FN FP FN FP
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Figure 2. Distribution of the training and test set for the a) type 1, b) type 2 Palo Alto, and c) type 2 South
Napa study regions



5. MODEL VALIDATION

It is desired to evaluate the performance of the trained GP regression models employing the test set
within each region. To do so, all the training set (circular points in Figure 2) within each region are
considered as observed stations for the corresponding GP regression model. Then, each test station
(triangular points in Figure 2) ground motion is predicted using the trained GP regression model and the
observed motions in that region. Table 4 illustrates the average test set NRMSE between the predicted
and observed motions’ linear response spectrum (for 5% damping) for each model. Figure 3
demonstrates the distribution of the NRMSE between the predicted and observed motions’ RotD50
spectrum (for 5% damping) for both models (Boore 2010). In Figure 3, there are three test stations picked
for each study region. The prediction results of these chosen stations for RotD50, velocity time series,
and Fourier Amplitude Spectrum (FAS) are shown for model type 1, model type 2 in Palo Alto, and
South Napa regions in the Figures Figure 4, Figure 5, and Figure 6, respectively.

RotD50 NRMSE D RotD50 NRMSE
@ 0.1-0.2 : @ 0.1-0.2
o 02-03 - o 02-03
0 0304 P L, 0 03-04
o >04 2 o >04
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«iSu nnyvale:/\? 2

. »
Santa. Clara™

(b) (©)

Figure 3. The distribution of the test set NRMSE between the predicted and observed motions’ RotD50
spectrum (5% damping) for the model a) type 1, b) type 2 in Palo Alto, and c) type 2 in South Napa study
regions
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Figure 4. The RotD50, velocity time series, and FAS of the predicted as well as observed motions (Fault-
Normal) for the chosen test points a) No. 1, b) No. 2, and c¢) No. 3 within the model type 1 study region
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Figure 5. The RotD50, velocity time series, and FAS of the predicted as well as observed motions (Fault-
Normal) for the test points a) No. 1, b) No. 2, and ¢) No. 3 within the model type 2 Palo Alto study region
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Figure 6. The RotD50, velocity time series, and FAS of the predicted as well as observed motions (Fault-
Normal) for the test points a) No. 1, b) No. 2, and c¢) No. 3 within the model type 2 South Napa study region

Table 4. Test Set RotD50 NRMSE for model type 1 and type 2

type 2 type 1
Palo Alto South Napa
FN FP FN FP FN FP
034 038 023 026 023 0.23

Figure 3 demonstrates that the GP regression model is able to estimate the ground motion at most of the
unobserved stations decently. Although, its estimation can be less accurate for the stations located at the
boundary edges of the network (as is shown in Figure 3.a and Figure 3.b). By comparing the results of
Figure 3.b and Figure 3.c, one can recognize that the estimation accuracy for the stations that are far
away from the fault might be higher than that of those close to the fault. The latter could be due to the
usage of an isotropic covariance model that allocates a uniform correlation to the surrounding stations
based on their separation distance. The GP regression model’s prediction can be improved by employing
an anisotropic covariance structure for the regions close to the fault, which is currently under
development by the authors. It is also noticeable in Figure 4 through Figure 6 that RotD50 estimation’s
error is lower for the long-period structures ( > 1.0 sec) while the difference between the predicted and
observed RotD50 increases for the short-period structures (< 1.0 sec.) The reason is that the short period
content of the simulated motions is constructed stochastically, which results in a lower correlation among
the short period contents of the neighboring motions. Thus, the GP regression model estimation for the
short period content of the motion might be less accurate than longer period ones. In general, the motions
are less correlated to each other at the higher-frequencies and long geographical separation distance.
This phenomenon is recognizable from the existing developed lagged coherency models (Liao and Zerva
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2006; Rodda and Basu 2018; Abrahamson, Schneider, and Stepp 1991). The lagged coherency, as a
representative of the correlation between the motions, drops with increasing the frequency.

Eventually, it is desired to evaluate the current trained models’ performance on other earthquake datasets,
including simulated and real ones, such as magnitude 7.0 Hayward fault physics-based simulated
motions (Rodgers et al. 2019) and 2019 Ridgecrest. Authors developed estimations similar to Figure 4
through Figure 6 for magnitude 7.1 2019 Ridgecrest ground motion dataset recorded by Community
Seismic Network (CSN) within the Los Angeles using the trained GP regression model (Tambhidi et al.
2020; Clayton et al. 2020). The preliminary results illustrate that the current GP regression model can
capture the spatial variation of the ground motions and is able to predict the motion time series with an
acceptable error for most of the test stations for the magnitude 7.1 2019 Ridgecrest earthquake dataset.
In addition, the estimated ground motions for the Hayward fault simulated motion dataset illustrated
goodness of fit and promising accuracy.

6. CONCLUSION

A novel approach to estimate the entire ground motion time series at an unobserved station using its
observed surrounding motions was developed. Most of the current conditioned simulation of ground
motion methods are established based on the Cross Spectral Density and empirical coherency functions.
These empirically-tuned models could be computationally expensive specially when an ultra-dense
network of target (unobserved) stations’ motions are required instantaneously after a severe earthquake.
This computational cost is due to the various features needed from each target location to establish the
coherency model.

In this study, the GP regression was employed to estimate the entire motion time series at the unobserved
target stations. To do so, the GP regression covariance structure and its hyper-parameters were tuned.
Two GP regression models were developed for the homogeneous (relatively uniform site condition)
regions and the regions with a considerable site condition variation. Both models demonstrated
acceptable accuracy for the estimation of the ground motion, as well as its response spectral ordinates
and FAS for the 1906 San Francisco and magnitude 7.0 Hayward fault physics-based simulated ground
motions as well as the 2019 M7.1 Ridgecrest Earthquake sequence recorded ground motions within its
useable bandwidth. The trained Gaussian Process regression model were able to accurately estimate the
long-period ground motion due to the ground motion directivity pulses. The estimation of the motions
for the stations located either at the edges of the network, where there is no uniform distribution of the
observed motions around the target station or at the regions with fewer observations might not be as
accurate as other stations’ prediction. It is worth noting that the latter might differ from one earthquake
dataset to another one.

The expansion of the established GP regression models by considering other site attributes such as Z; o,
Zy 5, and R;p as well as combining the covariance functions is introduced. In addition, it is necessary to
quantify the uncertainty of the estimated motion at the target stations. To do so, it is required to randomly
sample the target station’s motion’s amplitude at each frequency using the posterior distribution of the
real and imaginary parts. The latter is under development by the authors.
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