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Abstract
This study presents an efficient algorithm that can be used to simulate ground
motion waveforms using the site-based approach developed by Dabaghi and Der
Kiureghian, and Rezaeian and Der Kiureghian that not only correspond to a
specified seismic scenario (e.g. magnitude, distance, site conditions) but are also
certain to achieve a target ground motion intensity measure within a narrow range.
The suggested algorithm alleviates the need to scale simulated ground motions
generated using the above-mentioned site-based approach; the resulting hazard-
targeted simulated ground motions have consistent amplitude and time- and
frequency-domain characteristics, which are required for proper seismic demand
analysis of structures. The proposed algorithm takes as input a set of seismic Event
Parameters and the target hazard intensity measure (Sa, haz(T)) and generates a
corresponding set of Model Parameters (i.e. input to the site-based ground motion
simulation model). These Model Parameters are then used to simulate ground
motion waveforms that not only represent the set of input Event Parameters (Mw,
Rrup, Vs30) but also maintain the target Sa, haz(T). To generate the set of Model
Parameters, predictive relations between the Model Parameters and Sa(T) of
ground motions are developed. Among the Model Parameters, the ones classified as
important by statistical procedures (such as Random Forests, Forward Selection) are
used to develop the predictive relations. The developed relations are then validated
against a large dataset of recorded ground motions. The final implementation is
provided in terms of graphic-user interface (GUI) called ‘‘Hazard-Targeted Time-
Series Simulator’’ (HATSim), which efficiently simulates site-based ground motions
with minimum inputs.
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Introduction

Current methods of seismic analysis of structures (e.g. Non-Linear Time History Analysis
(NLTHA)) have highly increased the need for acceptable ground motion time series. In
this context, a set of earthquake ground motions recorded during past earthquakes are
selected, scaled, and utilized to evaluate the seismic demands on structures. It is assumed
that this set of ground motions represents the seismic hazard at the location of the struc-
ture. Two commonly used methods to obtain hazard-consistent ground motions for
NLTHA are as follows: (1) selecting a set of ground motion recordings that have a proper
range of moment magnitude and distance (Mw and Rrup) obtained from seismic hazard
deaggregation at the site, and (2) modifying these ground motions by scaling or spectral
matching (e.g. Al Atik and Abrahamson, 2010) to match the intensity measure (IM) of a
target Hazard Spectrum of the site. The target spectrum is usually a Uniform Hazard
Spectrum (UHS), a Conditional Mean Spectrum (CMS) (Baker, 2011), or a Conditional
Spectrum (CS) (Lin et al., 2013). These two methods are frequently applied in sequence,
whereby recorded ground motions arising from events that match the deaggregated Mw

and Rrup are selected and then modified to match the target IM. However, these methods
have logical limitations; they are based on the assumption that ground motion recordings
at other locations can be utilized to represent the seismic hazard at the site of interest.
Moreover, despite the expansion of the recorded ground motion database, there remains a
lack of usable records, especially for scenarios with high magnitude and close distances.
Also, scaling and spectral matching can highly modify the characteristics of the recorded
ground motions and, therefore, may result in unrealistic ground motion characteristics
and inaccurate estimation of the structural seismic demands. This has led to an increased
interest in developing methods for the generation of synthetic ground motions for design
scenarios.

Ground motion simulation methods can be broadly classified into three groups: (1)
Deterministic, (2) Stochastic, and (3) Hybrid. The deterministic (or physics-based) simula-
tion approach, such as CyberShake (Graves et al., 2011), is a source-based technique that
uses a three-dimensional (or one-dimensional) representation of the Earth structure to spa-
tially propagate the seismic waves from the rupture source to a site. In general, determinis-
tic models heavily employ seismological principles to describe the source mechanism, wave
travel path, and site effects. Consequently, if the properties of the source, path, and site
are well known, these models provide reliable simulations at low frequencies (typically
\1 Hz) even for scenarios with limited observations. However, since these models depend
on physical parameters that vary significantly from region to region, the development of
deterministic simulations is limited to regions where a thorough knowledge of the seismic
environment is available. In addition, deterministic models are computationally expensive
because they require a fine discretization of the medium. And they often need to be aug-
mented for high frequencies by combining with a stochastic component, resulting in hybrid
models (Douglas and Aochi, 2008). Some examples of hybrid models include the Southern
California Earthquake Center (SCEC) Broadband Platform (BBP) models (Maechling
et al., 2015) and the broadband version of the CyberShake model (Graves et al., 2011).
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Despite their complexity and computational cost, these models have recently been gaining
increasing interest in both research and practice because of their physical basis.

On the contrary, the stochastic simulation approach is simpler than the deterministic
approach and requires input parameters that are easily accessible to engineers. Moreover,
stochastic models, which can be source-based or site-based, are more computationally effi-
cient since they do not require explicit modeling of the earthquake rupture and wave pro-
pagation. For example, source-based (e.g. Boore, 2003) and site-based (e.g. Rezaeian and
Der Kiureghian, 2012) stochastic simulations can be obtained by modulating the ampli-
tude and frequency content of a white-noise process. Site-based stochastic models, which
are used in this study, implicitly account for the source, path, and site effects by develop-
ing data-driven predictive relations for the Model Parameters in terms of seismic Event
Parameters (e.g. magnitude, distance, site conditions). They also account for the random-
ness and correlation of the Model Parameters for a specific seismic scenario to generate
realizations of ground motion time series. Due to their simplicity and the accessibility of
their required input parameters (the Event Parameters), site-based models can be easily
used to generate synthetic ground motions for design scenarios. These models can be used
in regions that lack recorded ground motions with the assumption that their empirical pre-
dictive relations remain applicable.

Several recent studies have turned to simulated ground motions for performance-based
earthquake engineering applications. For example, a Caltrans research team (Yoon et al.,
2019) used the concept of Probabilistic Damage Control Application (PDCA) to analyze
bridge structures using a site-based ground motion simulation model developed by
Dabaghi and Der Kiureghian (2018). The study used the Event Parameters of the top three
contributing rupture sources to simulate ground motions and then either conduct point
scaling to match Sa(T1) of the UHS or use a range scaling method to match Sa(T1 6 1 s)
of the UHS. However, this method has limitations as it adjusts the amplitude of simulated
ground motion time series by applying linear scaling methods. Another study by Baker
and Teng (2018) used a CyberShake physics-based ground motion catalog to select suites
of ground motions that satisfy building-code requirements and could be used to evaluate a
tall building design at several sites in Los Angeles. The search and selection of ground
motions provide an understanding of the suitability of CyberShake ground motions for
practical engineering analysis. Comparable suites of recorded ground motions were
selected for the same sites, in order to illustrate the relative advantages and disadvantages
of using the two data sources. It was concluded that ground motions from CyberShake
and Next Generation Attenuation (NGA)-West2 share similar features in terms of polari-
zation and duration. However, a potential concern regarding the frequency dependency of
spectral polarization in the CyberShake ground motions was noted.

The ground motions used for designing or assessing the performance of a structure
under seismic events should accurately describe the seismic hazard at the location of the
structure. As mentioned earlier, synthetic ground motions from stochastic site-based mod-
els can be easily implemented in such applications due to their simple formulations and
inputs. Two site-based ground motion models—namely the far-field model of Rezaeian
and Der Kiureghian (2012) and the near-fault model of Dabaghi and Der Kiureghian
(2018)—are used in this study and they are combinedly termed as the DRD simulation
model. These models are formulated in terms of Model Parameters that describe the
amplitude, frequency content, duration, and other characteristics of the simulated ground
motion waveform. Model Parameters corresponding to a specific seismic scenario can be
obtained from empirical mixed-effects predictive relations (Dabaghi and Der Kiureghian,
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2018; Rezaeian and Der Kiureghian, 2012) using seismic Event Parameters (e.g. magni-
tude, distance, site conditions) as the predictors. These relations also account for the ran-
domness and correlation of the Model Parameters for given Event Parameters.

The Event Parameters required as input to the DRD model include the faulting mechan-
ism F, the earthquake magnitude Mw, the closest site-to-source distance Rrup, and the site
shear-wave velocity Vs30 at top 30 m of soil. These inputs are easily obtainable from avail-
able earthquake rupture forecast models—such as Uniform California Earthquake Rupture
Forecast, Version 2 (UCERF2; Field et al., 2009)—and existing seismic hazard and deag-
gregation studies for the region or site of interest. Due to the randomness of the Model
Parameters and of the underlying white-noise process, the ground motions simulated for
the Event Parameters of a deaggregated seismic scenario will result in a set of waveforms
that have different IM values. Not all the simulated motions will match the IM of the target
hazard level. Therefore, the user may be tempted to scale the simulated ground motion
(Yoon et al., 2019) or will have to simulate several motions for the same Event Parameters
to obtain the target IM. While the first alternative defeats the purpose of implementing syn-
thetic ground motions, the second alternative of simulating motions until the target hazard
IM is matched is computationally expensive and requires a much longer time.

This study proposes, and validates, an efficient algorithm that generates a set of Model
Parameters for site-based synthetic ground motions that are consistent with the IM of a
target hazard level. The Model Parameters obtained are consistent with the Event
Parameters (or seismic scenarios) corresponding to the seismic hazard at the site, and are
internally correlated, while also targeting a specific value of ground motion IM, within a
specified tolerance level. This is done by selecting a subset of the Model Parameters that
increases the probability of simulating a ground motion that possesses the target hazard
IM. The algorithm in this study is specifically developed for the DRD simulation model
and for spectral acceleration Sa(T) as IM. For this purpose, predictive relations that esti-
mate the distribution of Sa(T) of the simulated ground motion using the DRD Model
Parameters as explanatory variables are developed. To do so, first, a series of statistical
tests (such as Random Forests, Forward Selection, Correlation Matrix) is conducted to
measure the importance of each Model Parameter in predicting Sa(T) at various periods.
The Model Parameters that are deemed important based on these tests are then used to
develop the predictive relations. For a given seismic scenario, the Event Parameters are
used to generate various sets of Model Parameters using the DRD predictive relations.
Among the generated sets of Model Parameters, using the predictive relations for Sa(T)
developed herein, the sets having a high probability of simulating a ground motion match-
ing the target IM are used to simulate ground motions. These ground motions are then
tested to assure their Sa(T) matches the target Sa, haz(T) as the last quality control check
before they are utilized for NLTHA. The predicted values of Sa(T) are considered as single
realizations for the selected Model Parameters.

Other studies have tried to achieve similar objectives. Vetter et al. (2015) proposed a
method for tuning the stochastic ground motion model developed by Rezaeian and Der
Kiureghian (2010) for a single horizontal ground motion component to match a target IM
for a specified seismic scenario. The tuning involves an optimization of the coefficients of
the predictive relationships that relate the Model Parameters of the stochastic model to the
Event Parameters. The objective function considered minimizes the discrepancy between
the median predictions from the stochastic model and the target IM and is subjected to
constraints that aim to preserve the physical characteristics of the resulting simulated
ground motions. Tsioulou et al. (2018a, 2018b) improved the work of Vetter et al. (2015)
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by transforming the problem into a bi-objective optimization with dual objective: matching
a target conditional hazard, namely, the mean (2018a) or the mean and dispersion (2018b)
of the target IM, while also maintaining the physical trends and characteristics of real
records in the simulated ground motions. The second objective is implemented by minimiz-
ing the modifications to the predictive relationships implemented in the unmodified sto-
chastic model. The main limitation of the latest approach by Tsioulou et al. (2018b) is the
expensive computational load required for performing the multi-objective optimization,
because it requires Monte Carlo simulation (MCS) to calculate the response statistics.
Moreover, these approaches indirectly attempt to maintain realistic Model Parameters and
correlations between them by minimizing the modifications to the existing predictive rela-
tions, but they do not do so explicitly. In contrast, the approach proposed in this study
does not modify the Model Parameters, thus preserving realistic values and correlations. It
merely screens the possible realizations of the Model Parameters and only selects those that
are most likely to match the target IM. Moreover, this study produces the two horizontal
components of a hazard-targeted ground motion.

DRD ground motion simulation model

The DRD model comprises two parameterized site-based stochastic models. For scenarios
with a source-to-site distance larger than 30 km, synthetic ground motions are simulated
using the far-field model of Rezaeian and Der Kiureghian (2012). This model is based on a
modulated and filtered white-noise process and can be used to generate ground motion
time series for given Event Parameters. The work of Rezaeian and Der Kiureghian (2012)
was extended by Dabaghi and Der Kiureghian (2018) to simulate near-fault time series.
To account for the directivity effects observed in near-fault ground motions, this site-based
model generates both pulse-like and non-pulse-like ground motions using the pulse prob-
ability model by Shahi and Baker (2014). The near-fault model is used in this study to
simulate ground motions for distances less than 30 km.

A detailed description of the DRD model can be found in Rezaeian and Der
Kiureghian (2012) and Dabaghi and Der Kiureghian (2018). For a given seismic scenario
described by its source and site characteristics, herein denoted as the Event Parameters,
the DRD simulation method generates a pair of ground motion time series in horizontal
orthogonal directions. Ground motions that do not contain a pulse (near-fault non-pulse-
like and far-field) are simulated in the major and intermediate components. The former
corresponds to the direction in which the Arias Intensity is the largest while the latter com-
ponent is orthogonal to the former. For near-fault pulse-like ground motions, the time
series is simulated in the direction that contains the largest pulse and in the orthogonal
direction. The components are hence termed as largest pulse and orthogonal components.

Given a set of Event Parameters (F, Mw, Rrup, Vs30, Ztor, sord, uorf)—described in the sec-
tion ‘‘Event Parameters’’—predictive relations developed by Rezaeian and Der Kiureghian
(2012) and Dabaghi and Der Kiureghian (2018) are used to estimate the associated Model
Parameters (Ia, D5�95, D0�30, D0�5, tmid, fmid, fslp, zf , Vp, Tp, n, D0�max, p, and g)—described
in the section ‘‘Model Parameters’’—while accounting for their variability and correlations.
These Model Parameters represent time modulation, the evolving frequency content of the
ground motion to be simulated, and the characteristics of the pulse component for pulse-
like ground motions. The Model Parameters are then used in the modulated filtered white-
noise process to simulate a realization of the ground motion.
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Event parameters

The Event Parameters required for the DRD simulation method include the faulting
mechanism F, the earthquake magnitude Mw, the depth to the top of rupture Ztor, the clo-
sest site-to-source distance Rrup, and the shear-wave velocity Vs30 of the top 30 m of soil at
the site. For near-fault ground motions (Rrup<30km), additional directivity parameters
(sord and uorf) are required to evaluate the probability of observing directivity effects at
the site for the given scenario. Depending on the nature of the fault, the directivity para-
meter sord describes the length s or width d of the portion of the rupture that propagates
between the hypocenter and the site in the direction of the slip, and directivity parameter
uorf describes the angle u in a horizontal plane between the fault rupture plane and the
direction between the epicenter and the site, or the angle f in a vertical plane between the
fault rupture plane and the direction between the hypocenter and the site (for an illustra-
tive figure, see Dabaghi and Der Kiureghian, 2018). Parameters s and u are used for
strike-slip faulting, while d and f are used for dip-slip faulting (Somerville et al., 1997).

Model parameters

The model parameters (denoted as Model Parameters) obtained from the Event
Parameters describe the intensity, duration, and frequency content characteristics of the
ground motion to be simulated. The far-field model is formulated using 12 Model
Parameters for the major and intermediate components of ground motion. For each com-
ponent, the Model Parameters include the Arias Intensity Ia, the effective duration D5�95,
and the time tmid to the middle of the strong shaking phase defined as the time to the 45%
level of Ia. These parameters describe the time modulating function that accounts for the
temporal non-stationarity of the simulated ground motion component. On the contrary, a
linear function of the filter frequency is adopted to represent the evolutionary frequency
content. The Model Parameters that define this function are the filter frequency fmid at tmid

and the rate of change of the filter frequency fslp. The bandwidth of the process is defined
by the filter damping ratio parameter zf . For both components of the near-fault non-
pulse-like model, the parameters that define the frequency content and the bandwidth pro-
cess are fmid, fslp, and zf while the parameters Ia, D5�95, D0�30, and D0�5 are used to
describe the time modulating function. In this model, tmid represents the time to the 30%
level of Ia. On the contrary, for the pulse-like model, the simulation of ground motions in
both directions requires the parameters described earlier (Ia, D5�95, D0�30, D0�5, fmid, fslp,
zf ). Moreover, the largest pulse component contains the directivity pulse described by five
additional Model Parameters: the amplitude of the velocity pulse, Vp; the pulse period, Tp;
the number of oscillations in the pulse, g; the phase angle, n; and the time to the peak of
the pulse, D0�max, p. Combinedly, the total numbers of Model Parameters for the near-fault
non-pulse-like and pulse-like cases are 14 and 19, respectively. A summary of the different
Model Parameters for the different models is presented in Tables 9 to 11 in Appendix 1.

Ground motion database

In order to develop the predictive relations between Sa(T) and the Model Parameters, mul-
tiple sets of simulated ground motions are generated for seven sites in Southern California
using the DRD simulation model. The selected sites include Los Angeles Downtown
(LADT), San Bernardino (SBSM), Pasadena (PAS), Century City Plaza (CCP), Santiago
(STG), Whittier Narrows Golf Course (WNGC), and 710-90 Interchange (STNI). The
sites LADT, CCP, and PAS are selected because of their proximity to a large inventory of
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buildings and bridge structures and their societal importance. STNI is situated at one of
the deepest basin depths in the region, where the effects of the geologic basin on the result-
ing ground motions are very pronounced (Graves et al., 2011). The WNGC and SBSM
sites are interesting from the perspective that they exhibit coupling of basin and directivity
effects in the ground motions (Graves et al., 2011). And STG is located close to the south-
ern tip of the Los Angeles basin and hence plays a vital role in encompassing the Southern
California region. For each site, a catalog representing a time span of 200,000 years is
simulated using an MCS approach (Azar et al., 2019). The source model used to generate
these catalogs is a modified version of the UCERF2 (Field et al., 2009) and provides the
description and rate of occurrence of all the earthquake scenarios that may affect the site.
MCS is then used to randomly sample a subset of these scenarios representing the seismic
activity at the site over a duration of 200,000 years. Next, the DRD model is used to simu-
late synthetic ground motions for the selected scenarios. The resulting catalogs consist of
around 12,000 simulated ground motions at each site and include both far-field and near-
fault synthetic time series from earthquake scenarios with 5:5<Mw<8:5 and
0:35<Rrup<100km. The details of the seven sites and the number of simulated near-fault
(pulse-like and non-pulse-like) and far-field ground motions are presented in Table 1.

Furthermore, to validate the Sa(T) predictive relations developed for the dataset of
simulated motions, similar regression models are developed for a dataset of recorded
ground motions, and the two sets of relations are tested for statistical equivalency using
hypothesis testing. The recorded database used is a subset of records from the Pacific
Earthquake Engineering Research (PEER) NGA-West2 database (Timothy et al., 2014).
This subset consists of around 2000 recorded ground motions arising from 277 moderate
to large crustal earthquakes (5<Mw<8:0) excluding aftershocks. The selected ground
motions are recorded at sites with 115<Vs30<1525m=s and 0:05 km\Rrup\100km.
Ground motions with Rrup.30km are classified as far-field while records with Rrup<30km
are treated as near-fault. The latter were further classified as pulse-like or non-pulse-like
based on the algorithm proposed by Shahi and Baker (2014). Based on this classification,
the dataset contains 1113 far-field ground motions and 809 near-fault ground motions.
Among the near-fault ground motions, 164 are classified as pulse-like.

Development of predictive relations

The DRD stochastic simulation model includes two sources of variability. The first source
is the underlying white-noise process, which allows multiple different ground motions to be

Table 1. Site characteristics and number of ground motions in the earthquake catalogs

Site Vs30(m=s) Location Number of ground motions in the earthquake catalog

Latitude Longitude Near-fault
pulse-like

Near-fault
non-pulse-like

Far-field

LADT 365 34.052 –118.257 560 2307 9948
SBSM 357 34.064 –117.292 579 2194 9946
PAS 838 34.148 –118.171 1452 2995 6509
CCP 367 34.054 –118.413 321 1713 10,447
STG 1979 33.664 –117.768 589 1941 10,381
WNGC 272 34.041 –118.065 178 1215 9269
STNI 300 33.930 –118.179 491 1745 10,280

LADT: Los Angeles Downtown; SBSM: San Bernardino; PAS: Pasadena; CCP: Century City Plaza; STG: Santiago;

WNGC: Whittier Narrows Golf Course; STNI: 710-90 Interchange.

882 Earthquake Spectra 37(2)



simulated for the same set of Model Parameters. The second source of variability is the
randomness due to the probability distribution of Model Parameters given an earthquake
scenario (Event Parameters). As a result, the simulated ground motions for a given set of
Event Parameters will have a wide range of ground motion IMs (i.e. Sa(T)). However, the
use of ground motions for NLTHA of structures usually requires the ground motions to
match a target IM, which is usually associated with a target hazard level of interest. Hence,
ground motions need to be continuously simulated until the required IM is attained.
Although site-based stochastic models are time efficient compared to physics-based mod-
els, the process of finding a ground motion of a specific intensity is still inefficient and
time-consuming. An example of the described procedure can be observed in Figure 1a. The
figure shows the spectra of the numerous ground motions that are simulated for a hypothe-
tical earthquake scenario (Mw = 6:62, Rrup = 3:15km, VS30 = 365m=s) for the LADT site. It
can be observed from the figure that in order to obtain a ground motion that possesses the
required IM of Sa, haz(T = 0:5 s) = 1:2 g (U.S. Geological Survey (USGS), 2019), ground
motions (48 motions in this case) were simulated until the one with the required IM was
achieved. Apart from going through the brute force method of simulating ground motions
until the match is found, Yoon et al. (2019) suggested a method in which one realization of
the ground motion for a specific earthquake scenario is generated and then scaled to the
target hazard Sa(T) level at the site. Although the proposed method is simple, scaling the
synthetic ground motion can result in ground motions with unrealistic characteristics.
Figure 1b shows the method proposed by Yoon et al. (2019) applied to the first simulation
of the same earthquake scenario (Mw = 6:62, Rrup = 3:15km, VS30 = 365m=s) and hazard
level (Sa, haz(T = 0:5 s) = 1:2 g) described earlier.

As mentioned earlier, the stochastic site-based models simulate a set of Model
Parameters given a set of Event Parameters. The simulated set of Model Parameters is
then used to generate the ground motion while maintaining the stochasticity in the simula-
tions. In this research, a method for selecting a subset of those Model Parameters that
increases the probability of simulating ground motion that possesses the targeted Sa(T) is
suggested. For this purpose, predictive relations that estimate the statistics of Sa(T) of the
simulated ground motion as a function of Model Parameters are developed. Based on
these predictive relations, among all the generated Model Parameters, the set of Model
Parameters that lead to a high probability of generating the ground motion that possesses

Figure 1. Simulations for Mw = 6:62, Rrup = 3:15 km, VS30 = 365 m=s: (a) simulate until match and (b)
Standard Linear Scaling method.
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the target IM is selected as the subset. The modulated filtered white-noise process is then
applied to the selected subset of the Model Parameters to simulate the ground motion
waveforms. The variability in the simulated ground motions, in general, mainly arises
from two sources: (1) white-noise process in the model and (2) record-to-record variability
arising from the randomness in Model Parameters. By selecting a subset of Model
Parameters, the latter variability is reduced. The proposed predictive relations are then
validated against a set of 2000 recorded ground motions as described in the section
‘‘Validations.’’

Relation between Sa and model parameters

To develop the predictive relations for a range of natural periods, the spectral accelerations
Sa(T) of each simulated ground motion in the catalog of each site are determined for peri-
ods T = 0:1, 0:2, 0:5, 1, 2, and 5 s. The Sa(T) values are calculated for both directions of
the simulated ground motions. This results in a set of Sa(T) for a range of periods (T) for
each component of the ground motion. Each set of Sa(T) arises from a single set of Model
Parameters. The Model Parameters are the predicting variables (features) of the regression
models while Sa(T) is set as the target variable. The Model Parameters can be classified
into intensity parameters (Vp and Ia), frequency parameters (Tp and fmid), time and dura-
tion parameters (tmid , D0�5, D0�30, D5�95, D0�max, p), and other parameters ( fslp, zf , n, and g).

To satisfy the normality requirement of the regression errors when fitting the predictive
equations, spectral accelerations Sa(T) are transformed to the natural logarithm space. A
visual inspection of the relation between Sa(T) and the different model parameters shows
that the linear pattern between the response and the predictor variables is improved when
the natural logarithm of the predictors is considered. However, the model parameter fslp

can have negative values since it represents the rate of change of the filter frequency with
time. In that case, the natural logarithm is not applicable and the natural logarithm of the
absolute value of fslp is considered instead. Figure 2 shows the scatterplots of Sa(T) at
T = 0:2 s versus Ia, fmid, and D5�95. The data presented correspond to the largest pulse com-
ponent of the pulse-like ground motions simulated at the SBSM site. Figure 3 shows simi-
lar scatterplots for the major component of far-field ground motions simulated for the
same site. Both plots, as well as Pearson’s correlation tests, show that there exists a linear

Figure 2. Scatterplots of Sa(T = 0:2 s) versus (a) Ia(cm=s), (b) fmid(Hz), and (c) D5�95(s) in the largest
pulse direction of the pulse-like ground motions at SBSM site.
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relation between ln Sa(T) and the natural logarithms of Ia and, to some extent, D5�95.
Similarly, linear relations are observed between ln Sa(T) and the natural logarithms of the
other intensity (Vp) and duration parameters (tmid, D0�5, D0�30, D0�max, p). However, Sa(T)
presents multiple trends with the frequency parameters (fmid and Tp). Given T , Sa(T)
increases with fmid for values of fmid\1=T and decreases for larger values. For example, at
T = 0:2 s, Figures 2b and 3b show a peak value of Sa(T) at fmid = 5Hz. In the largest pulse
component of the pulse-like ground motions, a similar trend is also observed for the pulse
period Tp: Sa(T) increases with Tp for Tp\T and decreases for Tp.T : This is explained by
the fact that the response of a single degree of freedom system with a period T is amplified
when subjected to a pulse-like ground motion where the pulse period Tp is close to the
period T (i.e. Tp=T’1).

A strong correlation between the duration parameters can be observed from Figure 4,
which shows the scatterplots of D5�95 and D0�30, and D5�95 and D0�5 for the major direc-
tion of near-fault non-pulse-like ground motions for the LADT site. Since the duration
parameters are highly correlated, a single duration measure will be considered for the

Figure 3. Scatterplots of Sa(T = 0:2 s) versus (a) Ia(cm=s), (b) fmid(Hz), and (c) D5�95(s) in the major
direction of the far-field ground motions at SBSM site.

Figure 4. Scatterplots of D5�95 versus (a) D0�30 and (b) D0�5 for the major component of the non-
pulse-like near-fault ground motions simulated at LADT site.
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regression analysis. From the visual inspection of all the relations, and the Pearson’s corre-
lation tests, it was comprehended that linear regression models are sufficient to model the
relations between lnSa(T) and the Model Parameters.

Feature selection

In order to avoid the use of highly complex regression models and to limit the predictors
(features) only to the highly explanatory variables, the importance of each Model
Parameter in estimating Sa(T) is evaluated. For this purpose, different approaches are
adopted to quantify the importance of the features that yield the most appropriate regres-
sion equation. Each approach is characterized by a statistical measure that defines the
importance of each Model Parameter, independent of other Model Parameters, in estimat-
ing Sa(T). The measures are then statistically averaged to determine a single measure of
the feature importance. The measure is different for each Model Parameter and depends
on the component in which the Model Parameter was computed as well as on the period
of the spectral acceleration to be estimated. The next sections describe the different statisti-
cal measures used as well as the classification of the different model parameters based on
the averaged importance measure.

R2
adj and AIC

The first approach consists of evaluating the goodness of fit of different models obtained
from regressing Sa(T) on each model parameter. The evaluation is based on two statistical
measures: adjusted R-squared (R2

adj) and Akaike information criterion (AIC). R2
adj deter-

mines how much variance in Sa(T) can be explained by the variance in the selected Model
Parameter. AIC (Akaike, 1974) is an unbiased estimator founded on information theory
and estimates how much of the information in the response variable Sa(T) is lost by a given
model consisting of the selected Model Parameter. Hence, the regression model is consid-
ered better when less information is lost, that is, AIC is lower. Given the number of esti-
mated parameters (features) (k), sample size (n), and the maximum value of the likelihood
function (ŝ) for the model, R2

adj and AIC are calculated using equations (1) and (2), respec-
tively. At period T , for a given component, Sa(T) is regressed on each Model Parameter of
the component. The fitted models are then evaluated by calculating the corresponding val-
ues of R2

adj and AIC. Table 2 represents the statistical measures obtained by evaluating the
importance of the different Model Parameters in estimating Sa(T) in the major component
of the non-pulse-like ground motions for the PAS site. The table shows that Sa(T = 0:1 s)
in the major component of non-pulse-like ground motions is mostly affected by the inten-
sity parameter Ia since the model Sa;Ia has the lowest AIC and largest R2

adj. Ia is followed
by the frequency parameter fmid and duration parameter D5�95.

Table 2. Values of R2
adj and AIC for the fitted models of Sa(T = 0:1 s) in the major component of near-fault

non-pulse-like at PAS site

Ia fmid D5�95 D0�30 D0�5 fslp zf

R2
adj 0.6 0.25 0.2 0.11 0.10 0 0

AIC 2881 4103 4218 4416 4447 4651 4651
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Radj
2 = 1� 1� R2

� � n� 1

n� k � 1
ð1Þ

AIC =� 2logŝ + 2k ð2Þ

Relative importance using random forest

In this article, the method of Bagging (Gareth et al., 2013) is primarily used to create ran-
domized decision trees. Given the number of trees (S) to be used in developing the random
forest, S bootstrap datasets are selected by random sampling (with replacement) of the
data. For each bootstrap dataset, a Classification and Regression Tree, CART (Ki)
(Breiman et al., 1984), is created. Since selection with replacement is allowed, the boot-
strap datasets can have duplicate data records and can be missing data records from origi-
nal datasets. Bootstrap datasets that do not contain a particular record from the original
dataset are called Out-of-Bag (OOB) examples (Gareth et al., 2013) and aggregation of
error of the OOB examples leads to OOB estimate for the generalization error. After fit-
ting random forests on the data, the OOB error for each data point is recorded and aver-
aged over the forest. To measure the importance of the jth feature after training, the
values of the jth feature are permuted among the data and the OOB error is again com-
puted on this perturbed dataset. The importance score for the jth feature is computed by
averaging the difference in OOB error before and after the permutation over all trees. The
score is normalized by the standard deviation of these differences. Features that produce
large values for this score are ranked as more important than the features that produce
small values (Zhu et al., 2015). Due to their nonparametric nature, random forests are
fairly robust and have a high power of handling large datasets with higher dimensionality.
Random forests also work very well with smaller datasets, and contrary to previously used
regression analysis, random forests handle the outliers better and can deduce the highly
nonlinear relationships among the features and target variable. Figure 5a shows the rela-
tive importance (RI) of the major component of the non-pulse-like ground motions for the
PAS site. Similarly, to the results of the first two approaches of using AIC and R2

adj,
Figure 5a shows that for this component, Ia is the most important parameter in estimating
Sa(T = 0:1 s) followed by fmid and D5�95.

Figure 5. (a) Relative importance (RI) and (b) correlations (r) of the Model Parameters and
Sa(T = 0:1 s) in the major component of near-fault non-pulse-like ground motions at PAS site.
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Correlations (r)

The importance of the model parameters in estimating Sa(T) is also evaluated using the
Pearson correlation between the response variable (Sa(T)) and each of the predictor vari-
ables (Model Parameters) given in equation (3). In this equation, E[.] represents the
Expectation operator, and X and Y are the random variables with means mX and mY and
standard deviations sX and sY , respectively. This measure is an estimate of the strength of
the linear relationship between the two considered variables. Figure 5b shows the correla-
tions between Sa(T) and the different model parameters of the same set of data (i.e. the
major component of the non-pulse-like ground motions at the PAS site) previously
described. The figure shows a high correlation (r) of 0.65, 0.42, and –0.32 between
Sa(T = 0:1 s) and Ia, fmid, and D5�95, respectively. This is consistent with the previously cal-
culated importance measures. The figure also shows that the duration parameters (D0�5,
D0�30, and D5�95) are highly correlated with each other. Therefore, only one of the dura-
tion parameters, D5�95, is considered in the final regression models.

rX , Y =
E X � mXð Þ � Y � mYð Þ½ �

sX sY

ð3Þ

Weighted importance measure

To assess the significance of each model parameter in predicting Sa(T), the four statistical
measures (R2

adj, AIC, RI, and r) are combined using the min–max scalar given in equation (4),
where x represents the values of a statistical measure, and z is the scaled value ranging between
0 and 1. This is done by combining the data for all sites and then applying equation (4) for
each period separately. This scales all the feature importance measures to range between 0 and
1, with 1 being the highest level of importance and 0 corresponds to a non-explanatory para-
meter. Unlike the other three measures (R2

adj, RI, and r), since lower AIC represents higher
importance, for the values of AIC equation (4) is applied in a negative sense.

zi =
xi �min xð Þ

max xð Þ �min xð Þ ð4Þ

The scaled statistical measures are then combined into a single estimator by taking the
average of the four scaled measures, which means each measure is given a weight of
¼ = 0.25 (hence the terminology: Weighted Importance Measure method). Table 3 pre-
sents the scaled statistical measures of the model parameters as well as the weighted
importance measure. The table shows that Ia, fmid, and D5�95 have the largest weighted

Table 3. Scaled feature importance measures and their weighted average for Sa(T = 0:1 s) for the major
component of near-fault non-pulse-like ground motions at PAS site

Model parameter AICscaled R2
adj, scaled rscaled RIscaled Weighted measure

Ia 0.90 0.71 0.82 0.70 0.78
D5�95 0.84 0.24 0.40 0.06 0.39
D0�5 0.84 0.13 0.32 0.01 0.32
D0�30 0.84 0.14 0.34 0.01 0.33
fmid 0.85 0.30 0.54 0.43 0.53
fslp 0.83 0.01 0.01 0.01 0.21
zf 0.83 0.01 0.01 0.04 0.22
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measures and are hence considered to be the most important parameters in estimating
Sa(T = 0:1 s) for the major component of the near-fault non-pulse-like ground motions at
PAS.

The weighted measure is calculated for the Model Parameters for all the seven sites for
the six selected periods and for each component of the three types of ground motions (far-
field, near-fault non-pulse, near-fault pulse-like). Evaluating the values of these measures
for the different components and periods resulted in similar regression equations at the dif-
ferent sites and for several periods. This can be observed in the final proposed predictive
relations in the following sections.

Model selection

To finally select the important model parameters to be used in the development of predic-
tive relations between Sa(T) and Model Parameters, the results obtained from the weighted
feature importance are combined with another statistical tool, Forward Selection method
(Guyon and Elisseeff, 2003). The Forward Selection method is commonly used in multiple-
step regressions. The method starts from a null model where no predictors (Model
Parameters) are considered to describe a target variable (e.g. Sa(T)). Then at each step, the
predictor that gives the most statistically significant improvement of the model is added.
The improvement is measured in terms of one or more goodness-of-fit measures. The sta-
tistical measures that are used to measure the goodness of fit include R2

adj and AIC. These
measures are carefully chosen to test the goodness of fit as they penalize the addition of
each predictor (complexity) that is included in the fitted equation. Hence, unless the addi-
tion of a predictor/feature produces a better predictive equation, these measures tend to
support the equations of a lower order.

While the feature selection evaluates the importance of each model parameter indepen-
dently in predicting Sa(T), the Forward Selection method accounts for the different model
parameters in the same regression model. Table 4 illustrates the forward selection applied
to Sa(T = 0:1 s) in the major component of near-fault non-pulse-like ground motions simu-
lated at the PAS site. All of these relations are developed with both predictors and target
variables in log domain. The Model Parameters are considered important if adding them
to the regression model results in a decrease in the AIC value. Based on these criteria,
Table 4 shows that Sa(T = 0:1 s) of the major component is affected by the intensity para-
meter Ia, followed by the frequency parameter fmid and the duration parameter D5�95:
Additional parameters (zf , D0�30, and D0�5 as in Models IV–VI) also result in smaller AIC

Table 4. Selection of model parameters using forward selection at T = 0.1 s for the major component of
near-fault non-pulse-like ground motions at PAS site

Formulation Model formulation (ln Sa;) AIC R2
adj

I Intercept + Ia 2881 0.59
II Intercept + Ia + fmid 338 0.89
III Intercept + Ia + fmid + D5�95 –586 0.93
IV Intercept + Ia + fmid + D5�95 + zf –653 0.93
V Intercept + Ia + fmid + D5�95 + zf + D0�5 –657 0.93
VI Intercept + Ia + fmid + D5�95 + zf + D0�5 + D0�30 –713 0.93
VII Intercept + Ia + fmid + D5�95 + zf + D0�5 + D0�30 + fslp –711 0.93

PAS: Pasadena; AIC: Akaike information criterion.
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when adding them to the regression model. However, the four feature selection methods
and the averaged importance measure did not classify these parameters (zf , D0�30, and
D0�5) as important, compared to the first three parameters (Ia, fmid, and D5�95). Also, the
table shows that these additional parameters do not have a significant effect on R2

adj (differ-
ence in respect of R2

adj is equal to 0%). This means that, at T = 0:1 s, D0�5 and zf do not
lower the variability of the predicted response value when accounting for these parameters
in the fitting. Consequently, the predictor variables considered to fit the regression model
in the major component at T = 0:1 s are limited to Ia, fmid, and D5�95. Therefore, in general,
the parameters identified as important by the Forward Selection method and the Weighted
Importance Measure method are used to fit the final predictive regression models.

Robust similar trends are observed among all the sites after applying the Weighted
Importance Measure method and the Forward Selection method for feature selection to
the different components and periods at the seven sites. In general, it was observed that
for periods T\0:5 s, Sa(T) is most affected by Ia, fmid , and D5�95, while for T.0:5 s, the
importance of the duration decreases while the significance of zf becomes major. In this
range of periods, Ia, fmid, and zf are the most important parameters. At T = 0:5 s, both
D5�95 and zf along with Ia and fmid are considered. These observations apply to all the
components (major and intermediate of far-field and near-fault non-pulse-like and orthogo-
nal of pulse-like) except the largest pulse component of the pulse-like ground motions for
T ø 0:5 s. For the largest pulse component at T = 0:5 s, pulse parameters Vp and Tp are
computed to be important along with Ia and fmid. For T.0:5 s, the parameters considered
in the regression model are Vp, Tp, Ia, and zf . The similarity among the different compo-
nents is expected since they are based on the same modulated filtered white-noise process.
For the largest pulse component of pulse-like motions, the additional pulse that is added
to the site-based simulated model explains the significance of the pulse parameters. The
other pulse parameters (g, n, D0�max, p) and frequency parameter fslp are not classified to be
good predictors. Among the duration parameters, D5�95 shows to be the best predictor for
far-field ground motions, and D0�30 and D0�5 for near-fault ground motions. As estab-
lished earlier, since the duration parameters are highly correlated, only the commonly used
D5�95 is considered in the models.

General regression form

Based on the transformations applied to the response and the predictor variables, and by
accounting for the selected important Model Parameters, ln Sa(T) is regressed against the
natural logarithm of Tp, Vp, Ia, fmid, D5�95, and zf . The regressions are combined for all the
sites, and final equations are developed for T = 0:1, 0:2, 0:5, 1, 2, and 5 s. The general form
of the proposed regression models is given in equations (5) and (6). Equation (5) is used for
the largest pulse component of near-fault pulse-like ground motions, and equation (6) is
used for near-fault pulse-like, near-fault non-pulse-like, and far-field ground motions, with
subscript comp representing orthogonal, major, and intermediate components. The sub-
script q, for the intercept and coefficient b2, is an indicator function which is equal to 0 for
values of fmid<1=T , and 1 otherwise. Similarly, subscript d, for the intercept and coefficient
b6, is equal to 0 for values of Tp<T , and 1 otherwise. In all these equations, Sa(T) is in units
of g and the predictors are in the same units as given in Tables 9, 10 and 11 in Appendix 1.
The general parameterization of the proposed predictive relations is given in Table 5. All
of these relations are developed in log domain. It can be observed from the predictive rela-
tions that the target variable of these equations is Sa(T) of the ground motion component
while the current state-of-art IM is the RotD50 Sa(T) of the two components. The reason
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to develop relations for component Sa(T) rather than RotD50 Sa(T) directly is that the
state-of-practice IM keeps changing and is also dependent on the application. For exam-
ple, before the development of RotD50 Sa, other IMs like Sa of a single component, peak
ground acceleration, Geomean Sa of two components, GMRotI50, and so on, were used to
conduct the hazard analysis. Hence, the regression relations are formed to predict the com-
ponent Sa(T), and then a simple linear relation is used to convert component Sa(T) to
RotD50 Sa(T). The same can be easily done for other IMs of interest, such as the Geomean
Sa and the Average Sa. Hence, further comparisons were made between the larger

Table 5. Predictive relation parameters for the DRD ground motion components

GM Type Component Period Predictive Relation Parameters

Near-Fault
Pulse-Like Largest-Pulse

0.1
0.2

Sa, pul;Ia, pul + fmid, pul + D5�95, pul

0.5 Sa, pul;Ia, pul + Vp + Tp + fmid, pul

1.0
2.0
5.0

Sa, pul;Ia, pul + Vp + Tp + zf , pul

Near-Fault
Pulse-Like

Orthogonal
0.1
0.2

Sa, comp;Ia:comp + fmid, comp + D5�95, comp

Near-Fault
Non-Pulse-Like

Major &
Intermediate

0.5
Sa, comp;Ia:comp + fmid, comp + D5�95, comp

+ zf , comp

Far-Field
Non-Pulse-Like

Major &
Intermediate

1.0
2.0
5.0

Sa, comp;Ia:comp + fmid, comp + zf , comp

GM: ground motion.

Figure 6. Relation between larger of Sa1(T) and Sa2(T), and RotD50 Sa(T) of the ground motions.
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component Sa(T) and RotD50 Sa(T) of the ground motions in the natural log domain, as
shown in Figure 6. Through this comparison, it was observed that the natural log of
RotD50 Sa(T) of the ground motions tend to be ’105% the natural log of the larger Sa(T)
of the two components. Hence, equation (7) can be used to convert the component Sa(T)
to the RotD50 Sa(T) of the ground motions.

ln Sa, pul Tð Þ= b0qd + b1 ln Ia, pul + b2q ln fmid, pul + b3 lnD5�95, pul

+ b4 ln zf , pul + b5 lnVp + b6d ln Tp + e 0, s2
� � ð5Þ

ln Sa, comp Tð Þ= b0q + b1 ln Ia:comp + b2q ln fmid, comp + b3 lnD5�95, comp

+ b4 ln zf , comp + e 0, s2
� � ð6Þ

lnRotD50Sa Tð Þ = 1:053 ln larger ln Sa1, ln Sa2ð Þð Þ ð7Þ

The proposed algorithm

Based on the developed predictive relations between the Model Parameters and the IM
Sa(T), the algorithm described below is proposed to simulate n number of site-based syn-
thetic ground motions with a specified hazard-targeted spectral acceleration Sa,haz(T)
(which is as per current-state-of-practice the RotD50 component) using the DRD model.
The algorithm is illustrated in Figure 7.

Figure 7. Illustration of the proposed algorithm for simulating hazard-targeted site-based motions.
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1. Determine the UHS for a given site using any of the seismic hazard estimation
tools (such as Petersen et al., 2008, USGS Unified Hazard Tool (UHT), 2008). For
the selected hazard level, obtain the spectral acceleration at the period of the struc-
ture T � (Sa,haz(T = T*)). The simulated ground motions are expected to match the
Sa,haz(T) at T = T�.

2. Obtain the deaggregated list of sources that contribute to the hazard along with
their Event Parameters (M, Rrup, F) and their relative contribution percentages.
Among all the contributing sources, randomly select n sources with replacement (n
is equal to the number of ground motions that are required to be simulated) based
on their relative contributions to the hazard. For sources with Rrup \ 30 km, ran-
domize their rupture geometry and hypocenter location using the procedure pro-
posed by Dabaghi et al. (2018) and the source information from the Earthquake
Rupture Forecast used in the hazard tool (such as UCERF2) to obtain the near-
fault parameters (Ztor, sord, uorf).

3. Use the obtained Event Parameters and near-fault parameters to simulate multiple
sets of the correlated Model Parameters. This is done using the mixed-effects mod-
els developed by Rezaeian and Der Kiureghian (2012) and Dabaghi and Der
Kiureghian (2018), which relate the Model Parameters with the Event Parameters
and near-fault parameters.

4. For each set of Model Parameters simulated in Step 3, use the proposed predictive
relations between the Model Parameters and ln(Sa(T*)) to obtain the distribution
parameters of lnSa(T*), mean (mln(Sa T�ð Þ)), and standard deviation (sln(Sa(T�))) for
the two components of ground motion. For each set of Model Parameters, select
the component that possesses the larger expected value, that is, the larger mln(Sa(T�)).
Then, estimate the mean and standard deviation of ln(RotD50 Sa(T*)) by linearly
scaling mln(Sa(T�)) and sln(Sa(T�)) of the selected component by the scalar value of
1.05.

5. For each set of the Model Parameters, check if ln(Sa,haz(T*)) falls within the 68%
confidence interval (mean 6 1 standard deviation) of the corresponding scaled
ln(RotD50 Sa(T*)) distribution. The reason to select a 68% confidence interval is
to provide a reduced range of Model Parameters that can generate a ground
motion possessing the required Sa,haz(T*). If the criterion is met for one or more
sets of Model Parameters, then simulate their corresponding ground motion(s), else
repeat Steps 3, 4, and 5. The confidence interval is narrowed to minimize the time-
consuming process of generating the time series of the ground motions; however,
the criterion is not made very stringent since occasionally the Model Parameters
falling farther from the mean of the distribution can also lead to the required
ground motion due to the inherent variability associated with the DRD model.

6. Calculate the real RotD50 Sa(T*) of the ground motion(s) simulated in Step 5 by
solving the equation of motion and confirm that RotD50 Sa(T*) is close to
Sa,haz(T*). If the calculated RotD50 Sa(T*) of the simulated ground motion(s) is
not within an acceptable tolerance level (5%–10% difference) of the Sa,haz(T*),
repeat Steps 3, 4, 5, 6, and 7 until the match is found. The algorithm usually con-
verges within five to ten iterations for each ground motion.

Figure 8 illustrates the comparison of the proposed algorithm against the original DRD
model (that incorporates record-to-record variability) at the SBSM site (Vs30 = 357m=s),
where the most contributing scenario at T = 1 s for a return period of 975 years is an earth-
quake with Mw = 6:9 occurring on the San Jacinto Fault (F = 0) at a distance RRUP = 0:6 km
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away from the site. Figure 8a shows the RotD50Sa(T) spectra of 20 ground motions simu-
lated using the original DRD model by only providing the Event Parameters and near-
fault parameters as the inputs (without the target intensity level Sa(T = 1 s) = 1:4 g as an
input). Among these simulations, 10 are simulated as pulse-like and 10 are simulated as
non-pulse-like ground motions. The figure shows that none of the simulated ground
motion possesses the target intensity level Sa(T = 1 s) = 1:4 g and mostly have their spectra
less than the target. This would conventionally require high scaling factors to match the
target intensity level. On the contrary, Figure 8b shows the spectra of 20 ground motions
simulated with the proposed algorithm using Event Parameters and near-fault parameters
along with the target intensity level Sa(T = 1 s) = 1:4 g as the inputs to the ground motion
simulation tool. Among the simulated ground motions, 9 are generated as pulse-like, while
11 are simulated as non-pulse-like. The figure shows that all of the ground motions simu-
lated using the proposed algorithm match the target intensity level at T = 1 s but remain
variable at the other periods with the built-in spectral correlations of the DRD model.

Validations

The proposed regression relations for all the components of the DRD model are validated
against the regression relations obtained from recorded ground motions. For this purpose,
2000 recorded ground motions described under the Ground motion database section of
this article are used. The 2000 ground motions are first divided into near-fault and far-field
ground motions based on their Rrup, then the near-fault ground motions are further classi-
fied as pulse-like and non-pulse-like using the Shahi and Baker (2014) algorithm. Also, for
each of the three groups, the two components of the ground motions are rotated to the
major and intermediate components using their Ia for near-fault non-pulse-like and far-field,
and to the largest pulse and orthogonal components using their Vp and Tp for near-fault
pulse-like ground motions. Using the same methodology of weighted feature importance
and forward selection for the recorded ground motions, the important Model Parameters

Figure 8. RotD50Sa(T) spectra of 20 DRD simulations for Mw = 6:9 and Rrup = 0:6 km at the SBSM site
(a) using only input Event Parameters from deaggregation and (b) using the proposed algorithm, that is,
using input Event Parameters and target hazard level Sa, RotD50(T = 1 s) = 1:4 g.
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that most appropriately describe the spectral acceleration (Sa) of ground motions are
selected. Then using regression analysis, models that predict Sa using the selected impor-
tant Model Parameters are fitted for the recorded ground motions. These models are
finally used to validate the proposed regression models obtained for the site-based simu-
lated ground motions using hypothesis testing.

Feature selection using R2
adj, AIC, RI, and r

Feature selection is conducted for the recorded ground motions using the four statistical
algorithms described earlier. Table 6 shows the values of R2

adj and AIC calculated for the
Model Parameters of the major component of non-pulse-like ground motions of recorded
ground motions at T = 0:1 s. Figure 9a and b shows the RI and the correlation structure (r)
calculated for the same major component of non-pulse-like ground motions of recorded
ground motions at T = 0:1 s. As can be observed from Table 6, the results show high simi-
larity to the results obtained for simulated ground motions with Ia, fmid, and D5�95 being
the most important parameters for the major component of non-pulse-like ground motions
of recorded ground motions at T = 0:1 s.

Forward selection

After the important features are identified for the recorded ground motions using the
above-mentioned feature selection algorithms, the Forward Selection method (Guyon and
Elisseeff, 2003) is applied to the Model Parameters to finalize the regressions. Following
the same procedure as simulated ground motions, Model Parameters are considered to be

Table 6. Values of R2
adj and AIC for the fitted models of Sa(T = 0:1 s) in the major component of near-fault

non-pulse-like recorded ground motions

Ia fmid D5�95 D0�30 D0�5 fslp zf

R2
adj 0.66 0.07 0.08 0.01 0.01 0.01 0

AIC 979 1620 1611 1656 1660 1662 1667

Figure 9. (a) Relative importance (RI) and (b) correlation (r) of the Model Parameters in estimating
Sa(T = 0:1 s) in the major component of near-fault non-pulse-like recorded motions.
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important in predicting Sa(T) if their addition to the regression model leads to a decrease
in AIC and increase in R2

adj. Table 7 represents the forward selection of parameters at
T = 0:1 s of the major component of near-fault non-pulse-like recorded ground motions.
As mentioned earlier, all of these relations are developed with both target and predicting
variables in log domain. It is observed that the Model Parameters selected from recorded
ground motions are, in general, similar to the Model Parameters selected from the simu-
lated ground motions. For these ground motions, Sa(T = 0:1 s) is mostly affected by Ia,
fmid , and D0�30. However, due to the high correlations between the duration parameters,
D5�95 is considered for consistency in the final regression model. The results obtained from
the recorded ground motions are in agreement with the results obtained for simulated
ground motions that are illustrated in Table 4.

Hypothesis testing

To further validate the proposed regression relations of estimating Sa(T) using the selected
Model Parameters, hypothesis testing is conducted on the regression coefficients. Since the
Model Parameters classified as important in the prediction of Sa(T) for recorded ground
motions are similar to those of the simulated ground motions, the same regression models
are used for the recorded motions. Hence, equations (5) and (6) are fitted in the same
order for the recorded ground motions’ components as that of the simulated ground
motions. Then the regression coefficients are compared between the recorded ground
motions and simulated ground motions for each component for each period and for each
site. The comparison is done by performing Z-Hypothesis test between the coefficients. In
this test, Z-score is computed using equation (8), and then the computed Z-score is used
to attain standard normal probability known as p-value. If this p-value is less than a
selected significance value (a), then the Null-Hypothesis (H0) is rejected. In this case, a is
set to be 5%, and the Null-Hypothesis (H0) states that the coefficient of the recorded
ground motion model (brec) is equal to the coefficient of the simulated ground motion
model (bsim), in other words, brec � bsim = 0. In equation (7), SEbrec

and SEbsim
represent the

standard errors in estimating brec and bsim, respectively, and nrec and nsim represent the
number of observations for recorded ground motions and simulated ground motions,
respectively. The comparison is done between the same model coefficients of the same
component of the recorded and simulated ground motions for the same period. An exam-
ple of the p-values obtained from comparing the model coefficients of the major and inter-
mediate components of the near-fault non-pulse-like recorded and simulated ground
motions for T = 0.1 s is given in Table 8. The results presented in Table 8 show that the

Table 7. Selection of Model Parameters using forward selection at T = 0.1 s for the major component of
near-fault non-pulse-like recorded ground motions

Formulation Model formulation ( ln Sa;) AIC R2
adj

I Intercept + Ia 980 0.65
II Intercept + Ia + fmid 461 0.85
III Intercept + Ia + fmid + D0�30 220 0.90
IV Intercept + Ia + fmid + D0�30 + D5�95 170 0.90
V Intercept + Ia + fmid + D0�30 + D5�95 + D0�5 151 0.90
VI Intercept + Ia + fmid + D0�30 + D5�95 + D0�5 + zf 160 0.90

AIC: Akaike information criterion.
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p-values obtained from the hypothesis test are greater than the significance value, a = 0:05,
hence asserting that the model coefficients for the recorded and simulated ground motions
are similar. Repeating this process for both components for all periods and for each com-
ponent led to the general conclusion that the predictive relations between the Model
Parameters and Sa for both recorded and simulated ground motions are consistent. This
validates that the DRD simulation model results in simulated motions that have Sa(T) val-
ues that are similar to the Sa(T) values of recorded motions having the same Model
Parameters (i.e. ground motion characteristics). Based on the results of the validations, it
can also be deduced that the proposed relations are also valid for recorded crustal ground
motions and hence can be used in the selection process of hazard-consistent recorded
ground motions for any seismic analysis.

Z-score=
bRec � bSimffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SEbrec

nrec

2
+

SEbsim

nsim

2
q ð8Þ

Graphical user interface: Hazard-Targeted Time-Series Simulator

To assist the structural engineers and designers in obtaining site-specific hazard-targeted
ground motion time series, a graphical user interface (GUI) program is developed by the
research team. The program is named as ‘‘Hazard-Targeted Time-Series Simulator’’
(HATSim). The program requires minimum inputs (including latitude, longitude, hazard
level, Vs30 of the site, period of structure (T), and the number of ground motions (n)) from
the user to ensure ease of usage. Using these inputs, HATSim connects to the USGS UHT
2008 website to obtain data on hazard curves and deaggregation of the seismic hazard and
then uses the obtained information to simulate n number of ground motions using the
DRD simulation model. Among the suggested seismic sources in USGS’s deaggregation
list for the target site and hazard, n sources (equal to the number of ground motions to be
simulated) are randomly selected with replacement and are used to randomize their corre-
sponding near-fault parameters using UCERF2 fault information. The randomized near-
fault parameters along with the selected deaggregated source information are then used to
simulate the site-specific synthetic ground motions that possess the Sa, haz(T) (RotD50
Sa(T) corresponding to the period of structure (T) for the given hazard level) using the
algorithm described in this study. HATSim is a Windows-based program for PCs and
requires a working Internet connection and Matlab Runtime 9.4 installed on the PC.
Figure 10 shows the start-up screen of HATSim program along with the sample inputs.
The manual and the software can be downloaded at https://jfayaz.github.
io/layouts/codeandsoft.html. The output information provided by the program includes
time histories of the simulated ground motions along with their corresponding source
information, RotD50 spectra of the simulated ground motions, hazard curves for peak

Table 8. Example p-values for hypothesis test

Near-fault non-pulse-like GM component Coefficients

b0 b1 b2k b3 b4 b5 b6d

Major 0.15 0.33 0.34 0.39 N/A N/A N/A
Intermediate 0.06 0.24 0.19 0.21 N/A N/A N/A

N/A: not available.
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ground acceleration (PGA), periods of 0.2, 1, and 2 s, UHS of the site, and information
about deaggregation of seismic sources.

Conclusion

In light of the recent research, the limitations and scarcity of recorded ground motions are
being tackled using synthetic ground motions. There are mainly two types of simulation
methods of synthetic ground motions: (1) physics-based simulations and (2) stochastic
simulations. While physics-based simulations use the source characteristics along with
Green’s wave transfer functions to simulate ground motions, stochastic simulations are
much simpler and employ a random process to simulate ground motions based on empiri-
cally fitted parameters. In particular, stochastic site-based models use the site characteris-
tics defined by Event Parameters such as F, Mw, Rrup, Vs30, Ztor, sord, and uorf and relate
them to a few ground motion parameters called Model Parameters through empirical
regression equations. The Model Parameters mainly consist of parameters that describe
the intensity, duration, and frequency characteristics of the waveforms to be simulated
(e.g. Ia, D5�95, fmid, Vp, and Tp). Due to the use of empirical regression equations and an
underlying white-noise process, the site-based simulated ground motions tend to have
higher stochasticity than the physics-based ground motions. Hence, if the site-based
ground motions are required to be simulated such that they match a target hazard level,
specifically a target Sa at a given period, the ground motions are either linearly scaled to
match the target Sa or the ground motions are continuously simulated until one that
matches the target Sa is found. While the former method is heavily criticized for changing
ground motion characteristics, the latter is highly inefficient and time-consuming.

In this study, an efficient algorithm is proposed to simulate site-based ground motions
using the DRD simulation model. Predictive relations are developed that relate the Model
Parameters to Sa at various periods of 0.1, 0.2, 0.5, 1.0, 2.0, and 5.0 s for different compo-
nents of ground motions. This is done for around 84,000 ground motions representing
ground motion catalogs of seven sites for 200,000 years’ time span. The predictive

Figure 10. Start screen of HATSim program with example inputs.
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relations are not developed using all the Model Parameters, but only a subset of the
Model Parameters is used to develop the predictive relations. The subset is selected by
conducting a series of statistical analyses to obtain the importance of each Model
Parameter to predict Sa, and the Model Parameters with high RI are then used to develop
the predictive relations. The proposed predictive relations are further validated using
around 2000 recorded ground motions that meet the criteria of the DRD simulation
model. The recorded ground motions are put through the same series of statistical feature
selection procedures, and validation is conducted by comparing the important Model
Parameters of the recorded ground motions with the important Model Parameters of
simulated ground motions. In general, it is noticed that for the same period, both the
recorded and simulated ground motions tend to have the same Model Parameters classi-
fied as important in describing the Sa of the component. Furthermore, the developed pre-
dictive relations using the simulated ground motions are also validated through
hypothesis testing against the recorded ground motions. The results of the hypothesis test
further solidify the validity of the proposed predictive relations. Finally, a full algorithm
for simulating hazard-targeted ground motions using these predictive relations is proposed
in the article. In the algorithm, the Event Parameters are obtained using the information
provided by the deaggregation and earthquake rupture forecast of the site; then the predic-
tive relations are used to generate only a subset of Model Parameters that have a high
probability of generating ground motion waveforms that possess the target Sa(T) without
requiring any scaling and maintaining the stochasticity of the ground motions. This results
in widely minimizing the computational effort for the engineers to simulate ground
motions that match the Sa(T) of a particular hazard level.

The proposed efficient algorithm for selecting Model Parameters, to be used in the
DRD site-based ground motion simulation model, aims at matching Sa at a single period
for a target hazard level. Such a criterion for representing ground motion intensity is
mainly appropriate for structures whose response is dominated by a single mode of vibra-
tion, and remains nearly elastic in a wide range of seismic hazard levels (e.g. bridge struc-
tures). Nevertheless, the information presented herein can be used, with approximation,
for record selection and scaling envisioned in building-code applications. The latter may
require spectral matching in a wide range of periods and fundamentally differs matching
Sa at a single period. The study presented herein can be extended toward the development
of an efficient algorithm for selecting Model Parameters to be used in the DRD site-based
ground motion simulation model aiming at matching Sa at a wide range of periods.
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Appendix 1

Model parameters

Table 9. Model parameters of the far-field model

Component Time-modulating
function

Filter
frequency function

Filter
damping ratio

Major Ia, maj D5�95, maj tmid, maj fmid, maj fslp, maj zf , maj

Intermediate Ia, int D5�95, int tmid, int fmid, int fslp, int zf , int

Units (cm=s) (s) (s) (Hz) (Hz=s) (� )

Table 10. Model parameters of the near-fault non-pulse-like model

Component Time-modulating
function

Filter frequency
function

Filter damping
ratio

Major Ia, maj D5�95, maj D0�5, maj D0�30, maj fmid, maj fslp, maj zf , maj

Intermediate Ia, int D5�95, int D0�5, int D0�30, int fmid, int fslp, int zf , int

Units (cm=s) (s) (s) (s) (Hz) (Hz=s) (� )

Fayaz et al. 901

https://earthquake.usgs.gov/hazards/interactive/index.php


T
a
b

le
1
1
.

M
o
d
el

p
ar

am
et

er
s

o
f
th

e
n
ea

r-
fa

u
lt

p
u
ls

e-
lik

e
m

o
d
el

C
o
m

p
o
n
en

t
T

im
e-

m
o
d
u
la

ti
n
g

fu
n
ct

io
n

Fi
lt
er

fr
eq

u
en

cy
fu

n
ct

io
n

Fi
lt
er

d
am

p
in

g
ra

ti
o

P
u
ls

e
m

o
d
el

La
rg

es
t

p
u
ls

e
I a

,r
es

D
5
�

9
5

,r
es

D
0
�

5
,r

es
D

0
�

3
0

,r
es

f m
id

,r
es

f s
lp

,r
es

z
f,

re
s

V
p

T
p

g
n

D
0
�

m
ax

,p

O
rt

h
o
go

n
al

I a
,o

rt
h

D
5
�

9
5

,o
rt

h
D

0
�

5
,o

rt
h

D
0
�

3
0

,o
rt

h
f m

id
,o

rt
h

f s
lp

,o
rt

h
z

f,
or

th
–

–
–

–
–

U
n
it
s

(c
m
=
s)

(s
)

(s
)

(s
)

(H
z)

(H
z=

s)
(
�

)
(c

m
=
s)

(s
)

(
�

)
(r

ad
)

(s
)

902 Earthquake Spectra 37(2)


