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Site-Specific Seismic Hazard Analyses

Abstract
by Gonzalo Andres Montalva, Ph.D.
Washington State University
August, 2010

Chair: Dr. Adrian Rodriguez-Marek

Current seismic hazard analyses are generally performed using probabilistic methods.
When dealing with a specific site, the typical methodology involves using a ground
motion prediction equation (GMPE) to estimate the rock outcrop ground motion and
associated variability, then the ground motion is propagated to the ground surface by

site response analysis.

The site response process is inherently variable. Including this uncertainty in site
response analyses without modifying the input ground motion uncertainty produces
double counting of the uncertainty associated with site response. In this dissertation
the total uncertainty is partitioned into its several contributing components, quantify-
ing these components, and proposing methods to perform site-specific seismic hazard

analyses without double counting uncertainties.

Four random field models were developed, and an existing one was fitted to a different
database. These models can be used to generate shear-wave velocity profiles for site
response analyses. Two types of models are presented, using Gaussian random fields,
and using Markov Chains. The first ones showed better performance, and among those
a stationary Gaussian model (stationary on p) showed the best performance, and it is

the simplest among the five models.

Three GMPE’s were developed, one only from surface records, one from “at-depth”

records, and a third one combining surface and “at-depth” records. The results show the
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same magnitude and distance scaling for the three equations. For stations that recorded
a large number of records, total uncertainty was measured by the standard deviation of
the observed minus predicted, and similarly for intra-event residuals. These statistics
serve as lower bounds for site-specific seismic hazard analyses, note that these standard
deviations are non-ergodic. The use of a GMPE capable of predicting bedrock and
surface median ground motions, allows the partition of the components of the total
uncertainty at the surface into those related to the bedrock ground motion and those

to site response. These components and their correlations are presented.

Measurements at a site can potentially reduce the uncertainty in the ground motion
prediction from that calculated using the ergodic assumption, to that observed at single

sites. This implies a reduction on the order of 25%.
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Chapter 1

Introduction and Objectives

1.1 Introduction

Prediction of earthquake effects is a branch of science under constant development because
of the great impacts that these events have on humanity. Of special concern are surface
ground motion intensities, their frequency, amplitude, and if at all possible their recurrence.
These predictions are possible but they involve a significant amount of uncertainty, due to
the random nature of the seismic process, and due to our limited understanding of the

phenomena.

A probabilistic framework, known as probabilistic seismic hazard analysis, is used to account
for these uncertainties. One of the many components in a hazard analysis is the effect of
the near surface materials. In current practice, these effects are introduced into an analysis
with varying degrees of sophistication. In all cases, however, the uncertainties are usually
not rigorously accounted for. A reduction of the overall uncertainty in the prediction of
ground motions can be achieved by accounting only for the uncertainties that are possible

on a specific site.



This study focuses on the effects that the random nature of the near surface soil parame-
ters would have in seismic wave propagation, particularly on the waves traveling vertically
through soil and shallow surface deposits, a problem known as site response. The impor-
tance of site response is widely acknowledged and can lead to an amplification of up to ten

times in the ground response (Boore, 2004).

Measured values of soil parameters are known to be uncertain; even the theoretical concept
of a true value for a soil parameter is hard to be formulated realistically. A more sensible
view would accept that a measured value is only an average of the parameters within
the sample, a sample of limited dimensions that is used to represent a much larger volume.
Also, a comprehensive view needs to acknowledge that the measured value is also inherently

uncertain from the testing point of view.

The evident randomness of the soil parameters and their measurement affects all areas of
geotechnical engineering and has been studied extensively over the last 10 years (e.g. Phoon
and Kulhawy, 1999; Fenton et al., 2005; Fenton and Griffiths, 2005; Kim and Santamarina,
2008). Despite the work of these authors and many others, there is a latent need to advance

the state of the art in stochastic analysis in geotechnical engineering.

The interest to appropriately characterize and quantify site response concerns all those
interested in surface ground motions. Seismologists studying seismic sources or their paths
need to extract the effects of the surface materials. Engineers need to assess how the
frequency content, amplitude, and duration of the surface ground motions are affected by

the surface materials parameters.

This research attempts to better characterize the uncertainty involved in site response an-
alyzes, to improve seismic hazard assessments. The physics of the site response problem
are complex, however often modeled with a one-dimensional approach, and although the
mechanism of one-dimensional wave propagation is widely accepted, our understanding of

site response is still improving. This study will use existing site response models, and mea-



sured site response to improve on our understanding of the characterization of uncertainty

in site response analyses.

1.2 Objectives

The main objective of this work is to advance the knowledge in the use and assessment
of site response uncertainty. The focus is on site-specific studies, for which stochastic
modeling of the soil profile along with empirical estimates of site response are studied. It
is acknowledged that the problem is complex, however to provide useful tools as end result
of this study, wave propagation analysis is assumed to be one-dimensional, hence all the
consequences that result of this assumption (i.e. soil layers are infinite in the horizontal
dimension, no surface waves are considered, and shear-waves are the mayor contributor to

seismic shaking) are also carried along. Specific objectives are:

1. Assess the site response impact on the propagation of the uncertainty from bedrock

level to the soil surface.

2. Propose a new methodology to generate random site profiles that accurately repli-
cate a selected database or a part of it (i.e. a site class). Update currently used

methodologies (i.e. EPRI, 1993) to fit a new data set.

3. For a limited set of vertical arrays from the Japanese KiK-net network (Kiban-
Kyoshin, 2010), assess the effects in predicted uncertainty when the total error param-
eter in ground motion prediction equations (GM PE) is divided into: (a) inter-site,
(b) intra-site, (c) site response terms, and (d) inherent variability, where the first two
terms are divided into inter-event, and intra-event terms as well. Study the possible

partition of these uncertainty terms into path, and region specific effects.

4. Proposed a methodology to incorporate the reduced uncertainty, into site-specific

probabilistic seismic hazard analysis (PSHA).



1.3 Organization of the Dissertation

After the introduction to the problem and proposed objectives, the dissertation describes
in chapter 2 the current understanding and treatment of site response, followed by a de-
scription of the factors that control the problem. This description encompasses empirical
and analytical methods. Chapter 3 presents the framework to include uncertainty in site
response into site-specific probabilistic seismic hazard analyses (PSHA). Chapter 4 covers
the development of novel random field models to generate random soil profiles that main-
tain the spatial dependence of measured data. A popular existing model (EPRI, 1993) is
modified and tested for comparison with the newly developed models. Monte Carlo sim-
ulations are used to show the applicability of these models. Chapter 5 presents surface
and borehole GM PE developed for the KiK-net database. Also, a GM PFE constrained
with data combined from borehole and surface data is presented, the appropriateness of
combining these two sets of data to better constrain the overall estimates is discussed. The
developed GM PE models are used to estimate residuals at stations with several earth-
quake recordings, obtaining estimates of single site ground motion uncertainty. Finally, in
chapter 6 practical applications and the potential use in practice of the methods developed

are discussed.



Chapter 2

Background

2.1 Site Response

Local site conditions have an important effect on seismic ground motions, and the esti-
mation of seismic risk at a site must take this into account. These important effects have
been recognized since the early work of Idriss and Seed (1970), but it was the occurrence
of the earthquakes of Michoacan (Mexico, 1985), and Loma Prieta (California, 1989) that
brought attention to the devastating effects that could result from site amplification, and

hence the need to better understand the phenomena (Finn, 1991).

A complete ground motion analysis would include the modeling of the fault mechanism,
the propagation of body waves from the source to the top of the bedrock, the generation
and propagation of surface waves to the site of interest, and the propagation of body waves
from the bedrock to the soil surface. In practice, it is still impossible to reliably predict
the mechanism of fault rupture (that depends on fault size, the slip distribution, asperity
of the interface, and direction of rupture among other parameters), and the complex wave

propagation from the source to bedrock levels (that is affected by crustal wave velocities,



Figure 2.1. Schematics of site response phenomena

and wave scattering). Figure 2.1 illustrates a process that results in the surface ground
motion, that is the modification of the bedrock motion by the near surface material, this

process is referred to as site response.

The way the engineering community deals with this complex phenomenon is by using
empirical methods based on observed data from previous earthquakes. Various regression
models (e.g. Abrahamson et al., 2008) have been developed, these equations are based on
recorded ground motions, and numerical modeling. They are then semi-empirical, and are
parameterized by physical properties known to affect ground motions such as, distance to

the rupture zone, magnitude, and shear-wave velocity of the near surface materials.

2.1.1 Typical Site Response Analyses

Site amplification is usually accounted for by an amplification factor defined as the ratio of
a given ground motion intensity measure (GMIM), such as pseudo spectral acceleration
(Sa), at the surface to that at the bedrock level. There are several definitions for site
response (see Boore, 2004), among which a very important one is the ratio of a S, at the

soil surface, S; to that at a rock outcrop reference site S7.



There are two ways to compute site amplification factors, theoretically using wave propaga-
tion theory, and empirically by using data from recorded ground motions. The theoretical
approach assumes that the ground response depends on the shear-wave velocity and density
of the near surface materials. Empirical methods are developed by computing the ratios of
recorded ground motions at two locations, generally ground surface, and bedrock or surface

rock reference site.

The site amplification factor (AF') approach is generally used by site classification systems,
that attempt to characterize site response with coefficients for sites with similar character-
istics, this approach is employed by building codes or regulatory agencies to identify areas
with similar ground motion levels. Generally, the number of site categories range from 3
to 6 main classes, and are based on shear wave-velocity, geotechnical data, or surface geol-
ogy (e.g. Borcherdt, 1994; Rodriguez-Marek et al., 2001; Dobry et al., 2000; Stewart et al.,
2003). One of the important conclusions of a number of verification studies that followed
the work of Borcherdt (1994), and its subsequent modified adoption by NEHRP seismic
design provisions, was that amplification factors have significant variability (Kramer and
Stewart, 2004). This deterministic approach has been criticized by Goulet and Stewart
(2009) for underestimating the surface ground motions computed probabilistically, that
is the code nonlinear amplification factors are often lower than those obtained within a

probabilistic seismic hazard analysis.

An alternative to using site classification is to perform site specific analyses. These type of
analyses have the advantage of using site specific information, rather than relying in corre-
lations such as the classification systems used by building codes (this is further discussed
in 2.2), and in turn the site response results are not bounded to a coefficient but rather
reflect the effect of the near surface material at all frequencies or times, depending on the
type of analysis performed. Site specific analysis can use linear-equivalent (e.g. Schnabel
et al., 1972) or fully nonlinear models (e.g. Park and Hashash, 2004; Reyes et al., 2009a,b),

which is yet another advantage.



2.2 Factors Controlling Site Response

The assumption that a single dimension (1D) is sufficient to study site response has been
confirmed (Kramer, 1996; Reyes et al., 2009b,a, to name some examples), and refuted
(i.e. Thompson et al., 2009) in the literature, but it is by far the most popular approach.
Under this assumption and using an equivalent linear approach (Schnabel et al., 1972), the
phenomena is controlled by the soils shear-wave velocity (V;), density (p), damping, and
their variations with depth and strain during the shaking. For the case of nonlinear analysis

and the 1D assumption, the problem is controlled by the stress-strain behavior of the soil,

note that the equivalent linear approach is an approximation to the nonlinear behavior.

Borcherdt (1994) introduced a classification system based on the upper 30 m time-averaged
shear-wave velocity (V's3g). This classification is the base for modern building codes treat-
ment of site amplification, and showed that shear-wave velocity is the controlling factor in

seismic site response.

2.3 Regression Models Treatment of Site Response

Ground motion prediction equations (GM PE) use as primary predictor variables the fault
type, moment magnitude, M, closest distance to the fault plane R,,, (alternatively the
closest distance to the surface projection of the fault plane is also used), and V's3yg. Where
V's3g is used as proxy for near surface site effects. Eq. 2.1 is the basic functional form of
GMPE, where y,.q represents the median estimate of an intensity measure (i.e. S;) in
natural logarithm units, which is composed by a magnitude term, a distance term, and a

site response term (see Eq. 2.2).

Y = Ymed T € (21)



where, € is a random variable that represents the error of the median prediction.

Ymed = Fm(Mw) + Fy(Rrup, Mw) + Fiite(Vs30) (2.2)

The use of Vs3g as an index for site amplification, by GM PFE such as the Next Generation
of Ground-Motion Attenuation Models (Abrahamson et al., 2008), has been questioned in
the literature (e.g. Castellaro et al., 2008; Kokusho and Sato, 2008). However, it remains

the most widely used proxy for site effects in GM PE.

2.4 Random Fields

The stochastic nature of geotechnical problems is widely acknowledged, yet often not con-
sidered. It refers not only to random material properties, but also to random loading (e.g.
seismic ground motions), and random boundaries, a topic where there is little research done
(Manolis, 2002). The nature of geo-materials necessarily implies a certain degree of spatial

dependence.

The spatial dependence, or spatial structure, of soil properties is basically the relation
between a random variable X;, which corresponds to the value of the property at a given
location (z;,y;, 2;), with one X;.,, where X;,, is the same property at a distance h.

Random fields are a way to characterize the randomness at unsampled locations.

Each location i, or equivalently (x;,y;, 2;), represents one realization of the random field
(or random process) X. If the same probability density function (pdf) can describe both X

and X;,p, and the joint density function fx, x,,, is only a function of h, the random field

i+h
is considered stationary. Stationarity is not a requirement for the use of random fields, but
its use simplifies the analyses considerably. This stationarity condition is generally not met

by natural data sets, hence a relaxation of this hypothesis is often adopted so that only



sample variance

C(h)

Figure 2.2. Typical spatial covariance shape.

the mean and variance are constant in space (the joint pdf is still independent of spatial

location), this is called a weak stationarity condition.

Gaussian random fields are the most utilized in geotechnical engineering, largely as a result
of their simple characterization. A gaussian random field is one whose joint pdf is a
multivariate normally distributed random process. Under the stationarity assumption,
they are completely defined by their mean, py, and spatial covariance (see Equation 2.3
for general form, and Equation 2.4 for stationary form), which for o~ = 0 becomes the

variance, O'g(. Figure 2.2 shows a typical covariance structure shape.

Cyp(ui,uz) = o(uy)o(uz)p(ur, ug) (2.3)

Ca(h) = BI(X; — X)) (Xisn — Xion)]) = BIXiXisn] — px,pix,s (2.4)
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p(h) = (2.5)

For the discrete case, in which only certain locations are measured, Equation 2.4 is estimated
by Equation 2.6, where ny is the number of pairs of data. There are several functions that
are commonly fitted to the empirical data, usually a correlation function (Equation 2.5)
is used to characterize how the field changes in space, this is done as a way to normalize
the otherwise variance dependent values of the spatial covariance (see Equation 2.3). This
property of the random fields can also be captured by the spectral density function, or the

variance function.

. 1 & L
Cy(h) = ot D (Xi* Xign) — Xix Xigp (2.6)
=1

The spectral density function is shown in Equation 2.9 (see also Equations 2.7 and 2.8
leading to 2.9), where the random field X (4) is first expressed as a sum of sinusoids, S(w) is
the two-sided spectral density function which is the inverse Fourier transform of the spatial

covariance, also referred as autocovariance or autocorrelation, of the random field.

N
X(i)=px + Z (Ap % cos(wy, % 1) + By, * sin(wy * 1)) (2.7)
k=—N

C(h) = Cov[X(0), X (h)] = /00 S(w) * cos(wh)dw = /000 G(w) * cos(wh)dw  (2.8)

G(w) = i/ooo C(h) * cos(wh)dh (2.9)
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The wvariance function, shown in Equation 2.10, gives the reduction in the variance when

the random field X (7) is averaged over the length H.

H rH
W) = 5 [ [ e € e (2.10)

Among the most popular correlation functions are the Markov (Eq. 2.11), and the Gaussian

(Eq. 2.12) models.

px(h) = capl~2h/c] (2.11)

pxc(h) = eap[—r (ﬁ)z] (2.12)

Geostatistics

Geostatistics is a branch of applied statistics that focuses on the characterization of spatial
dependence in properties that vary in value over space and the use of that dependence to
predict values at unsampled locations. The notion of spatial dependence implies that two
data values from nearby locations will be more alike than two values from distant locations.
The technique most commonly used in geostatistics is called “kriging” (Pawlowsky-Glahn

and Olea, 2004), which is used to estimate a random field between measured data.

The idea behind kriging is to estimate the random variable X; at any location ¢ using a
weighted linear combination of the observations. This procedure allows for the appropriate
treatment of clusters of data with high or low values, of the attribute of interest (i.e. soil
property) with respect to the trend of the entire data set, without biasing the results for

the entire data set.
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One Dimensional Random Fields in Geotechnical Engineering

Phoon and Kulhawy (1999) studied a breakdown of geotechnical uncertainty into inherent
soil variability, measurement error, and transformation uncertainty. The last two corre-
sponding to epistemic uncertainty, and the first one modeled by random fields. Figure 2.3
shows the basic modeling of a soil property as a function of depth, where £(z) is a soil
property at depth z, t(z) is the trend of the property, and w(z) is the residual. The scale of
fluctuation (Equation 2.13), also referred as correlation length, is an alternative to model
spatial dependence mathematically defined by the area under the correlation function (see
Equation 2.13), and it represents the distance within which points are strongly correlated.
Equation 2.14 from Phoon and Kulhawy (1999) divides the vertically varying £(z) into a
trend ¢(z), and w(z), where the residuals w(z) can be modeled as a random field. The ad-
vantage of removing the trend is that in the “detrended” model, the residuals, may acquire

some stationary characteristics.

0= / = () (2.13)

£(z) =t(z) + w(z) (2.14)
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Figure 2.3. Inherent soil variability. Reproduced from Phoon and Kulhawy
(1999)

2.5 Shear Wave Velocity Measurement Uncertainty

Uncertainty in shear wave velocity comes from two sources, uncertainty associated to the
measurements (inter and intra-method), and inherent soil variability. The first one corre-
sponds to epistemic uncertainty, while the second one is aleatoric. Another way to explain
these two types of uncertainty is that the epistemic uncertainty is due to lack of knowledge,
and thus can be reduce by a better understanding of the phenomena, in this case by better
sampling techniques. The second type, aleatoric uncertainty, cannot be reduced as it corre-

sponds to the random nature of the problem, it is also the consequence of mapping spatial

14



variability to point variability (ergodicity assumption). Although this division is widely
accepted, it is arguable whether this is an aleatoric uncertainty or what is considered as

such is just the result of physical processes that we are unable to account for.

Time-averaged shear-wave velocity of the upper 30 m (Vs30) is commonly used as an index
for site period (Dobry et al., 1976), and hence for the dynamic behavior of the near surface
soil. This index is only a simplified approach to parameterize site effects but its popularity
has many advantages among which is the availability of data to quantify measurement

errors, an essential component of the overall site response uncertainty.

2.5.1 Measurement Specific Uncertainty

Among the different methods used for shear wave velocity measurement, SASW (spectral
analysis of surface waves), MASW (multi-channel analysis of surface waves), suspension
logging (P-S suspension logging), and the seismic cone (SCPT) are the most commonly
used in practice along with geologic-based estimates (Moss, 2008). Table 2.1 summarizes
V3o coeflicient of variation for each of these methods.

Table 2.1. Intra-Method Variability for V s3g Measurement

Method Coefficient of Variation
MASW 1-4%*
SASW 5-10%2; 6%
P-S logging and SCPT 1-3%14
Geologic Estimates 20-35%°

['] Asten and Boore (2005)
[>] Marosi and Hiltunen (2004)
[}] Martin and Diehl (2004)
[*] Brown et al. (2002)

[°] Moss (2008)

SASW is different from the rest in that the measurements of phase angle and phase velocity

have a COV of only about 2%. According to Marosi and Hiltunen (2004) the difference be-

15



tween Vs3g variability and the little measurement variability occurrs because the inversion
process magnifies the uncertainty in the dispersion data, the epistemic uncertainty here
could be separated into measurement and analysis. Geologic Estimates is, as expected,
the method with greater uncertainty but it is also singular in that the oyg,, estimates do
not only increase with the py, (i.e. maintaining a constant COV) but the COV increases

linearly with V3o estimates (Moss, 2008).

2.5.2 Inter-method Uncertainty

Two of the most popular methods are suspension logging and SASW. Brown et al. (2002)
report a variability in site amplification factors AF(f) for most frequencies, predicted by
both methods, of about 15%. The same value was obtained for the comparison of SASW

with downhole measurement.

Asten and Boore (2005) compared nine methods to suspension logging, obtaining differences
in the value of V3¢ of up to 20% for all the methods with exception of horizontal to vertical
spectral ratio (HVSR) where the differences ranged from 30 to 60%. Other studies on inter-

method variability are sumarized by Moss (2008) showing the same magnitud of variability.

The variability of invasive versus noninvasive methods could be explained in part due to soil
disturbance, if this was the case it could be argued that the invasive methods are biased.
This biasing would be attributed to strain softening is soft soils, and to strain hardening
in stiffer soils (Moss, 2008). In the absence of significant quantity of data and a study that

correlates them, this hypothesis is still to be confirmed.

2.5.3 Shear-wave Velocity Profile generation

Based on the statistics observed in data from 557 sites Toro (1995) used a gaussian random

field to generate artificial shear-wave velocity profiles. His method proposes an first-order

16



auto regressive (also called Markovian) model to generate profiles.

The velocity model operates with a normalized quantity, Z; (Equation 2.15), that assumes

the Vs data is appropriately characterized by a log-normal distribution.

7 In(Vi) + In[Vinedian (hi)] (2.15)
OlnVs

The log-normal velocity distribution and the correlation structure is characterized by a first-
order auto-regressive model as in Equations 2.16, and 2.17; where p is the autocorrelation

coefficient of Z, and ¢; are standard normal independent random variables.

Z1 =€ (2.16)
Zi=pxZi1+V1—p?xe (2.17)
As stated by Toro (1995)  ideally, one should remove all bedrock velocities from the data

prior to the analysis”, that is on order to avoid mixing soil Vs with bedrock Vs. To this end,

a maximum likelihood estimation (MLE) method is used to estimate model parameters.

The depth to bedrock and it’s corresponding shear-wave velocity is generated separately
from the shear-wave velocity profile on soil. Depth to bedrock is assumed to have a uniform
distribution, and the bedrock shear-wave velocity distribution is estimated by a log-normal
distribution with median = 1020 m/s and oy, = 0.30. The proportion of bedrock velocities

pr in the database is an unknown that is estimated as part of the MLE.

The likelihood function for layers i to n is given by Equation 2.18.

L; = (1 = pg) * fs(InV;|InV1,InVa, ... InVi_1) + pr * frR(InV}) (2.18)
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where fg is the probability density function of soil log-velocities, and fg is the probability
density function of bedrock log-velocities. The first-order model produced the best fit to

the data, for this case fg is given as:

2
1 1 (7 — i
fs(InVi|inVi_1) = exp | —= LiT PE il (2.19)
27(1 = p?)oiny 2 1—p?

In Toro’s analyses, information (i.e. shear-wave velocity) for depths with less than five

profiles is not considered in the calculations.

The correlation coefficient, p, used by Toro depends on depth and the distance between
the mid points of two consecutive layers, thus making the model non-stationary. Equation
2.20 shows the expression used, where pg(z) (see Equation 2.21) is a depth-dependent

correlation, and pp,(Az) (see Equation 2.22) is a thickness-dependent correlation
p(z,Az) = (1 = pa(2)) * pr(Az) + pa(2) (2:20)

b
£200 {285{%%} for z < 200

pa(z) = (2.21)
200 for z > 200
Az
pr(Az) = po * exp(——1-) (2.22)

In Equations 2.20, 2.21, and 2.22 z is the average of the midpoints depths of two consecutive
layers, and h is the difference between these depths. p2go, 20, b, po, and A are parameters
to be calculated by the MLE procedure. Az is the difference between two depths being

considered and is equivalent to h in equations in section 2.4.
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2.6 Profile Uncertainty

The layering system defined after shear-wave velocity testing is performed in different ways
and therefore it has certain level of uncertainty. Toro (1995) proposed a model for artificial
layering, which can be used to account for the testing uncertainty, the model generates
layers from a non-homogeneous Poisson process with parameter A(z) being a function of
depth z measured from the ground surface. The functional form proposed by Toro is shown
in Equation 2.23, where a, b, and c are coefficients were fitted to match the observed layering

system at 557 California sites.

AMz)=ax(b+2)"° (2.23)

A maximum likelihood methodology is used by Toro (1995) to estimate the coefficients a, b,
and c in equation 2.23. The calculated results, for the California database are 1.98, 10.86,

and 0.89 for a, b, and ¢ respectively.

Boore and Thompson (2007) studied the sensitivity of the process of defining the number
and position of layers by a number methods, including different manual methods, and
automatic picking. They concluded that for periods over 0.2 seconds site amplification was

negligibly affected by the layering of the shear-wave model.

2.7 Awvailable Databases

There are three databases that have significant amount of shear-wave velocity profiles, the
Kiban-Kyoshin network (KiK-net) in Japan available at http://www.kik.bosai.go.jp/kik/
(last accessed October 2009), a compilation of shear-wave profiles primarily from California

compiled by Dr. Walter Silva from Pacific Engineering and Analysis (Wills and Silva, 1998),
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and a public database available through Dr. David Boore’s web site http://quake.usgs.gov/ boore/.

The KiK-net data base consists of 629 vertical arrays, where each consists of a 3D ac-
celerometer at surface level and at a base layer (Kokusho and Sato, 2008). Each of these
profiles have an associated shear-wave velocity profile obtained by P-S suspension logging.
This is the only database that has all measurements done by the most precise (note that this
does not necessarily imply accuracy) method used in practice, and that also allows for the
computation of empirical site response through a ratio of surface to borehole ground motion
data. Both these attributes are important strengths of this database when compared to

others.

The PE&A database consists of 1081 shear-wave velocity profiles measured by a variety
of methods, where the most significant was downhole measurement, but including cross-
hole, P-S suspension logging, geology estimations, and CXW (early form of surface wave
dispersion). The strength of this database is the large number of profiles, and hence its
statistical value. Two disadvantages of it is the large number of methods, and the inclusion
of methods with large uncertainties (see 2.5.1), these two characteristics anticipate a larger

uncertainty in the shear-wave velocity profiles than that from other databases.

The USGS database consists of 278 shear-wave velocity profiles measured using downhole
type measurement. This database is part of the compilation made by PE&A. The fact that
a single measurement technique was used and the significant number of sites, makes this

database worth analyzing separately.

2.8 Stochastic Site Response

The incorporation of local site conditions into the estimation of seismic risk is achieved by
means of a frequency -and amplitude (see Borcherdt, 2002)- dependent site amplification

factor given by Equation 2.24, where S:(f) is the spectral acceleration at the soil surface,

20



SI(f) is the spectral acceleration in rock, and f is the frequency.

_ Sa(f)
AP = (2.24)

The assessment of AF are done using empirical (Borcherdt, 1994) or theoretical (Schnabel

et al., 1972) methods, this work uses both.

Site response affects all characteristics of a ground motion, but among the most significant
for the engineering profession is the spectral acceleration. This will be the GMIM of
main interest throughout this study. In addition to the amplification factor described, the
uncertainty associated with it (or with its product, the spectral acceleration of the soil
motion) is also needed for risk analyses. Often, this uncertainty is modeled by the the
standard deviation of the logarithm of the spectral acceleration oy,5s(f) (see Abrahamson

et al., 2008) because of the assumption that S, values distribute log-normally.

The site response problem can then be defined as the computation of both S%(f) and
oinss (f) for given values of Sy (f) and o,5-(f) (Bazzurro and Cornell, 2004a). The inputs
to a site response analysis are the soil profile (i.e. layering), the soil properties, and the
input ground motion in terms of its spectral acceleration. It is reasonable to assume that
both the median values and the uncertainties in the input parameters have an influence on

the ground motion at the soil surface.

The variation of the soils shear strength and damping due to cyclic loading has an important
effect on the site amplification at a site. Darendeli (2001) used dynamic laboratory tests
on “intact” soil samples from 20 sites to develop mean values for both normalized modulus
reduction curves, and material damping curves along with their associated uncertainty. The
ability to handle uncertainty within this curves, allows for their proper use in probabilistic

seismic hazard analysis.
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The implementation of site effects into PSH A has been formalized by Cramer (2003), and
can be performed by the procedures presented by Bazzurro and Cornell (2004b). Bazzurro
and Cornell (2004a) showed that a relatively small number of input motions are needed to
obtain stable estimates of the mean and standard deviation of the amplification factor. The
problem with this approach is that when it is used in PSHA to obtain hazard curves for
soils, the exceedance rates are unknown, inconsistent across frequencies, and generally non-
conservative (Bazzurro and Cornell, 2004b). In summary, the application of deterministic
site response analyses superposed on ground motion predictions on rock results in ground

motion estimates that lack an appropriate statistic characterization.

Bazzurro and Cornell (2004b,a) proposed a methodology for obtaining AF that are appli-
cable to seismic hazard analyses. Bazzurro and Cornell’s methodology provides a mapping
between S;(f), S;(f), omss(f), and op,5-(f) that is statistically rigorous based on a mix-

ture of site response analyses and statistical regression.

Bazzurro and Cornell (2004b) proposed two alternatives for the AF' and PSH A integration.
The first method is to convolve the AF', obtained from a site response analysis, with a site
hazard curve for a reference site (i.e. rock outcrop or bedrock). The second procedure
modifies the statistical moments of the estimated ground motion intensity at a rock level
to account for site effects. The Bazurro and Cornell methodology constitutes the bases of
the methodology proposed in this study and is discussed further in Chapter 3. Baturay
and Stewart (2003) present an alternative empirical methodology to integrate site response

and hazard analyses.
Monte Carlo Simulation

Monte Carlo simulations (M CS) are used in many fields, and although computation in-
tensive are considered to provide the exact solutions for problems involving randomness
of its parameters. These methods were considered computationally too expensive in the

past, and depending on the application (e.g. including site response in each iteration of a
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probabilistic seismic hazard analysis) they still are, but the increasing processing capacity

of modern computers is making them more readily available.

In site response analysis, the use of MCS has been used to study the effects of stochas-
tic soil and input ground motion properties on surface ground motions (Rodriguez-Marek
et al., 2010). Rahman and Yeh (1999) used a stochastic finite element method to conduct
a parametric study on the effects of stochastic ground motion and soil stiffness on site re-
sponse, concluding that ground motion variability has a greater effect, the same conclusion

has been reached in other studies (see Bazzurro and Cornell, 2004a).

Recently, Douglas et al. (2009) presented a method, based on MC'S, to use available in-
formation on the site of interest to reduce the uncertainty associated to site response, the
method assumes that all conceivable variables that affect site response are independent
from each other. These variables include geological information, standard penetration test
(SPT), profile depth (to bedrock), crustal structure, near surface Vj, and topography.
While the idea of reducing uncertainty is very important (the same motivation for the
proposed study), the independence assumption may not be warranted and could lead to

eITors.

Random Vibration Theory

Random vibration theory (RVT) has also been used to perform site response analysis.
Initially used in seismology to predict ground motion parameters as a function of source
distance and magnitude (e.g. Boore, 1983), the method uses a Fourier amplitude spectrum
(FAS) to characterize a ground motion, and uses RV'T compute response spectra, PG A,
and PGV. The inclusion of site response (Rathje and Ozbey, 2006) implies that the FAS
corresponding to bedrock is modified by the near surface soil resulting in a surface FAS

from where the same ground motion parameters can be obtained.

The RVT method has the advantage of producing median response spectra with a single
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analysis, and if the input F"'AS is appropriately selected this results match the median value
of a Monte Carlo simulation. One of the limitations of the RVT site response procedure is
that no time history is produced. The advantage of obtaining the median response spectra
in one step is also viewed as a disadvantage when modeling uncertainty due to the near
surface soil, because of its ability to compute site response for the equivalent of a set of
input ground motions in one step, the uncertainty associated solely to the soil variability,
and its nonlinear behavior, the surface uncertainty in response spectra would be artificially

reduced.
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Chapter 3

Framework for site-specific PSHA

In current practice, structures are designed using pseudo-acceleration spectra, S,(f), as an
index for their seismic demand. These spectra are intended to have equal probability of
exceedance over a set time interval at all periods. This is called a uniform hazard spectrum

(UHS).

However, code-prescribed design spectra are provided only for V s3p-based site classes, which
are obtained by scaling a uniform hazard spectrum for a reference site by an amplification
factor. The resulting spectra loses the uniform hazard characteristics. An alternative
approach is to scale a uniform hazard spectrum for a reference site using site response anal-
yses. Various authors have proposed methodologies to rigorously incorporate site response
in a PSH A such that the uncertainty is properly propagated from the input to the output
ground motion, and hence the resulting spectra maintains its uniform hazard characteristics

(e.g. Cramer, 2003; Bazzurro and Cornell, 2004b).

The uncertainty associated with surface ground motion intensity estimates, and hence with
the propagation of the uncertainty in ground motion intensities from a reference site to a

specific site of interest, is of great concern within the framework PSH A.
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This chapter describes the framework for two alternative methodologies to compute site-

specific spectra that incorporate measurement uncertainty.

3.1 Methodology

The Bazzurro and Cornell (2004a,b) framework for including site response into PSH A is
herein presented and used throughout this study to introduce non-linear site response effects
into site-specific hazard assessment. The amplification factor, AF was given in Equation

2.24, is mapped as a function of S/ (f) in a log-log space as:

InAF(f) = co + c1x (InS;(f) + €nsr () * Omsr() T €mar(s) * Omarsy  (3.1)

where ¢, and ¢; are model coefficients, (n.S”(f) is the median value of the logarithm of
the spectral acceleration on a bedrock site (Bazzurro and Cornell, 2004b, assumed this
to be reference bedrock site, in this dissertation a borehole-bedrock will be used instead),
€msr(f) and € ap(r) are standard normal variables (e.g. €5r(5) N(0,1)), Opsr(yy is the
standard deviation of the logarithm of the spectral acceleration in rock, and o, 4r(s) is
the standard deviation of the AF. However, as will be discussed in Chapter 5, there are
alternative ways to compute the oy,5r () value that better account for input uncertainty in

site-specific analyses.

The model coefficients ¢y, and ¢ are obtained from a fit in log-log space of results of site
response analyses (Bazzurro and Cornell, 2004a). The methodology is not constrained to

any single site amplification prediction code.

Combining Equations 2.24 and 3.1, the median estimate of the log-spectral acceleration in

soil, S2(f), can be estimated as:
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InSs(f) = co+ (c1 + 1) «InSt(f) (3.2)

The standard deviation of S;(f) is expressed as:

Olnsis () \/(cl + 125020 )+ ORar () (3.3)

In the next section, some of the assumptions inherent to this approach are discussed.

3.1.1 Issues with the propagation of uncertainty

Bazzurro and Cornell’s methodology to propagate uncertainty from a rock site to a soil site,
accounting for the site amplification effect and its associated uncertainty, assume that the
standard deviation of the logarithm of the amplification factor, oy, 45 (s), is independent of
both the logarithm of the rock pseudo-acceleration, InS)(f), and its standard deviation,

Oinse(f)- Both these assumptions will be tested in Chapters 4 and 5.

Estimation of InS;(f), and 0,675y from currently available GM PFE (e.g. Boore and Atkin-
son, 2008) is not appropriate for site specific cases in which Equation 3.3 is applied, because
in such case the site-to-site variability embedded in the estimation of in.S}(f) would be erro-
neously convolved with the uncertainty in the AF. Most GM PFE are the result of regressing
data from earthquakes that occurred in a wide range of locations and recorded at various
sites. By using these equations in seismic hazard analyses we are assuming that the vari-
ability observed in the combined data set (parameterized as described in Section 2.3) is
the same as that in a single site, this is known as the ergodic assumption (Anderson and
Brune, 1999). As shown in Chapter 5, the variability of intensity estimates for site-specific

cases are much lower than those invoking the ergodic assumption.
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3.1.2 Proposals for site-specific intensity estimates

The discussion above evidences the need for different methodologies for site-specific ground

motion intensity estimates. Two alternatives are herein proposed to this end.

Method 1 The first proposal for site-specific estimation of ground motion intensities is
shown in Figure 3.1. The first step of the proposed method, makes use of the GM PE
developed in Chapter 5. Note that the GM PE used to select InS;(f) and oy,gr () is for
a single site, that is the median model is parameterized as described in Section 2.3 and
includes the repeatable site effect, which reduces the value of 0y,5r(s) and eliminates part

of the bias from the median estimate.

In order to be able to estimate a repeatable site effect, an instrument must be located at
a bedrock site over a sufficiently long period of time such that it would permit a stable
estimate of both the median value of the ground motion estimated at the site, and its

standard deviation (that is, the single-station standard deviation).

For the case where the available recordings are on bedrock and the hazard analysis is being
conducted on soil deposit, site amplification analyses must be conducted. The method
of Bazurro and Cornell can be used to capture nonlinearity. The selection of compatible
earthquake records for the site response analyses can be achieved by a number of available
methods (e.g. Kottke and Rathje, 2008; Baker and Cornell, 2006), and typically involves a
suite of about 7 to 10 records (Rathje et al., 2010), the selected records are linearly scaled
and/or spectrally matched, the objective is to reproduce the target spectrum median and

standard deviation.

Step three performs the site response analyses. The methodology of Bazurro and Cornell
can be used to introduce nonlinear effects. The random field models presented in Chapter

4 can be used to introduced uncertainty in the measured shear wave velocity profiles. The
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uncertainty has to be compatible with the anticipated coefficient of variation for the method
used to measure the shear-wave velocity profile (see Table 2.1). Site response analyses can
be performed with any available method. Epistemic uncertainty on the site response model

can be included by considering different site response models within a logic three approach.

The method proposed is theoretically rigorous but of limited use because there are very few
sites for which sufficient data is available to constrain GM PFE that include the repeatable
site effect. It is not current practice to rely on measurements at a given site for predicting
seismic hazard. However, considering the length of time that is involved in the planning
and design of critical facilities, it is not unreasonable to consider the option of installing
instruments to measure repeatable site effects at a design site. Moreover, since site response
can be predicted, a single, well placed bedrock instrument over a region can serve as a

reference site for input to site response analyses.

It is important to note that should a station be located at the site of interest, then the
repeatable site effect would be captured at the site and site response analyses would be
needed only to account for deviations from the median due to non-linear effects. In such a
case, the measured standard deviation at the site (the single-site standard deviation at the
design site) would constitute a lower bound for the standard deviation that must be used

in a PSHA. Values of the single-site standard deviation are studied in Chapter 5.
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Obtain a set of Ground Motions on
bedrock that span the possible scenar-
ios in PSHA (e.g. M-R combinations)
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with the set of ground mo-
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modify p? into u®, and o2 into o

Figure 3.1. Flowchart for estimation of site-specific surface ground motion inten-
sity
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Method 2 The second method proposed for site-specific PSH A considers the more gen-
eral case in which no recordings are available at the site of interests. However, since the
analysis is being conducted at a specific site, the ergodic assumption implicit in GM PE
derived from regional data sets should be removed, at least for the components that are
predictable. In this method, it is assumed that site response is predictable through analytic
means (e.g. a site response analysis). Prior to describing the method, it is necessary to
describe a breakdown of the uncertainty in GMPE. A more rigorous presentation of this
breakdown is described in 5, but for the interest of clarity, the breakdown is summarized

herein.

It will be assumed that it is possible to predict ground motion at the soil-rock interface.
Chapter 5 uses the KiK-net database to develop such predictions. Therefore, we express

the ground motion prediction at the borehole as

yP = P + w8 4+ 6BB (3.4)

where, ¢y is the natural logarithm of the pseudo-spectral acceleration at the borehole, ;2
is the median estimate of y2, §W ¥ is the intra-event residual, and 6 B? is the inter-event
residual. Capital letter W is used to indicate that the residuals are measured within a
given event, capital letter B is used to indicate that the residuals are measured between
different events. The standard deviation of the random variables that vary within the same
event (i.e. earthquake) will be called ¢, the standard deviations of the random variables

that vary between events will be called 7, and the letter o is reserved for total uncertainty.

The ground motion at the ground surface can then be predicted by

ye = puP + WP + 6B + yAMP L AAMP (3.5)
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AMP constitutes the median ground motion at the ground

In this equation, the term p® + 4
surface and can be obtained from regression analysis of surface ground motions using a pa-
rameterization for site conditions (e.g. V's3o and h800). The term AAM P is the remaining

variability in the amplification factor and can be broken down into

AAMP = §5284MP L sAM P (3.6)

Where delta 65254MP is a random variable that represents the variability between various
sites that share the same parameterization, and d AM P is a random variable that represents
the residual variability at a single site. The nature of this residual variability is important

to the proposed method. The residual variability can be due to:

1. differences in amplification due to differences in phasing of the input motion
2. soil nonlinearity
3. site response differences due to non-vertically propagating waves.

4. 2D or 3D effects, such as basin response or topographic amplification

Items 1 and 2 are due to one-dimensional effects and can be captured analytically. Items 3

and 4 are not predictable through 1D analysis.

When a site-specific PSHA is conducted, the §S254MP random variable takes a given
value (i.e. a deterministic value). In absence of additional information at the site (e.g.,
if only Vsgg is given), it is not possible to constrain this deterministic value and delta
§528AMP has to be considered a random variable. However, if additional information at
the site is available, such as additional details on the Vs profile that allow for a site response
analysis, then the value of 65254MP can be predicted, with a possible uncertainty on the

prediction. With this consideration, Equation 3.5 can then be rewritten as
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—— AMP
ye =B+ (M 45528 + DAMP L swB 4 6BB + §AM P (3.7)

— AMP AMP ) )
The terms 0525 and D represent analytical estimates that correspond to the

AMP) and its un-

deviation of the predicted amplification from the mean amplification (p
certainty. DAMP is a random variable with zero mean and standard deviation ¢panp
The remaining uncertainty related to the residuals d AM P* is not known a priori but it is
bounded to be lower than the uncertainty from § AM P because part of the effects captured
by §AM P go into the DAMP term. The term, however, is capped by the  AM P measured
at single stations (Chapter 5) and limited below by zero, if the site is devoid of non 1D ef-
fects. Preliminary studies (figures 4.5 and 4.6 from Rodriguez-Marek and Montalva, 2010)
indicate that site response analysis do capture most of the  AM P, hence the zero bound

is realistic for some sites. In a PSHA analysis, this choice becomes an issue of epistemic

uncertainty.

The GM PFE developed in Chapter 5 assumes linear site response. To introduce nonlinear
site response, the methodology of Bazzurro and Cornell (2004b) can be used. In this case,
however, the uncertainty of the input motion has to be modified to reflect the breakdown
of uncertainty shown Equation 3.7. A switch from the notation used in this dissertation to

that used by Bazurro and Cornell is given below.

ISy (f) =y«

Sy (f) — y°

OAF — $525

B
® OinsSy(f) — O

Note that ¢sanrp+ has to be added to the final uncertainty. Its value must be chosen

arbitrarily or made to vary within a logic tree analysis. The uncertainty in the input
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motion (0y,sr(f)) has to be the ergodic uncertainty at bedrock (0B) because the bedrock

term (§B2B) can not be estimated a priori in the analysis. Nevertheless, (o) is lower

than its counterpart at the surface (0@, see Figure 5.51), this is because an important part

of the site response variability is included in o©.

The proposed methodology is shown in Figure 3.2. As indicated for Method 1, the choice
of input motion set for the site response analyses has to reflect the statistics of the input
motion, yZ, as predicted by a GMPE for bedrock. Again, the median value can be
estimated with only a few records (the recommendation of Rathje et al. (2010) is 7 records,
of Bazzurro and Cornell (2004b) is 5 to 10). The uncertainty of the amplification factor
necessitates a larger number of records. In the example given in Rodriguez-Marek and
Montalva (2010) 14 records were used to obtain a stable estimate of the standard deviation
of the amplification factor, that is the AF does not change with increasing number of

records.

The significance of the proposed method is that it allows for two important contributions:

e Replacing the prediction of the amplification term given by the GMPE with a site-

specific prediction (e.g., bias reduction)

e A possible reduction in uncertainty that would result if ¢pamr + Psansp+ is lower
than ¢sapp + ¢gagamp. Chapter 5 looks at the breakout of residuals and considers

the contribution of each residual.

A more subtle contribution of the proposed method is that the variability in site response

DAMP may be bounded by physical considerations of site response

computed analytically,
(e.g. soil nonlinearity), while there are no statistical basis to propose such bound on the

random variables computed from the ground motion data.
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Figure 3.2. Flowchart for estimation of site-specific surface ground motion inten-
sity
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Chapter 4

Uncertainty in Site Response

Analyses

The significance of site response was described in section 2.1. Site response analyses can
have varying degrees of sophistication. For routine projects, code-defined factors that are
based on site classification schemes can be used to modify mapped ground motion values.
Alternatively, as described in section 2.3 site effects can be captured using ground motion
prediction equations (GM PE) that incorporate site response through simple parametriza-
tion of site conditions (Abrahamson et al., 2008). The latter approach has the advantage
that GMPE provide estimates of both the median value of a ground motion parameter and
a quantification of its aleatoric uncertainty (e.g., the standard deviation value of the ground

motion parameter).

When the shear-wave velocity (Vs) profile at a site is known or can be estimated, site-specific
estimate of ground motions can be computed using site response analysis (e.g. Cramer,
2003). Such analyses have been performed routinely in engineering practice. When ground

motions estimates are needed for PSHA, it becomes necessary to estimate both the median
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and the uncertainty of ground motions at the surface of a given site. This implies that
site response analyses must be conducted in a stochastic fashion, and both epistemic and
aleatoric uncertainty of input parameters must be computed. For this purpose it becomes
imperative to have a model that quantifies the uncertainty of Vs profiles (e.g. Asten and
Boore, 2005; Brown et al., 2002; Marosi and Hiltunen, 2004; Martin and Diehl, 2004; Moss,
2008).

Uncertainty in the shear-wave velocity of the soil profile can be quantified by a random field
model (e.g. Toro, 1995). This chapter describes the development of a random field model
using the KiK-net database to constrain the parameters of the model. Once the input
variability is constrained, a Monte Carlo simulation approach can be used to compute how

input variability propagates to the estimates of site response.

4.1 Random Field Model for Shear Wave Velocity

Point-estimates of variability are not sufficient to quantify the statistical distribution of a
spatially varying quantity. Spatial variability models for geotechnical properties have been
presented by various authors (e.g. Fenton, 1994; Phoon and Kulhawy, 1999). EPRI (1993)
presented a model for generating Vs profiles based on statistical data of recorded profiles.
This type of model can be used to generate artificial Vs profiles. Random profile generators
can be used in conjunction with site response analyses to obtain the epistemic uncertainty

of site response when site profile data is limited.

The objective of this section is to present five models for the artificial generation of Vs
profiles. The first model is based on the EPRI (1993) model. The second and third models
are a simplification of the EPRI model. The last two models are based on the concept
of Markov Chains. The model parameters are constrained using the KiK-net database

(Kiban-Kyoshin, 2010), a large database of Vs profiles from Japan. The appropriateness
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of the models is judged by comparing the spatial variability of the measured shear-wave
velocities with the spatial variability of sets of artificially generated Vs profiles. In addition,
the appropriateness of the proposed models is evaluated in terms of their ability to simulate
the one-dimensional site response of the original data set. For this purpose, site response
statistics are computed using subsets of the measured Vs and artificially-generated sets of

profiles.

4.1.1 Existing Methodologies

The most widely used random field model for Vs profiles is the model presented in EPRI
(1993), and extended by Toro (1995). The model defines independently the properties of the
bedrock, the profile layering, and the Vs variation with depth. The bedrock depth is defined
by a uniform distribution while the bedrock Vs is defined by a log-normal distribution that
is independent of the Vs of the soil overlying the bedrock. The profile layering is defined by
a non-homogeneous Poisson process (e.g. the process’ parameters are depth dependent).
Finally, the Vs model uses a first order non-stationary auto-regressive Gaussian process to
reproduce the spatial statistics of the Vs at the mid point of each layer. Details of this

model are given later in the paper.

Only few other models to reproduce Vs profiles have been proposed. Notably, Douglas
et al. (2009) proposed a model that is based on the quarter-wavelength method and uses
velocity gradients to generate Vs profiles. This model is focused on shear-wave velocities
at large depths (of interest to seismologists). Since the focus of this study is on the shallow
Vs profile, the Douglas et al. model will not be included in comparisons with the proposed

models.
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4.1.2 Spatial statistics of the KiK-net database

The KiK-net database is a ground motion database located in Japan, consisting on more
than 600 stations. Each station in this network has two 3-component accelerometers, one at
the surface and another at depth (most sensors are located at a depth of -100m or -200m).
The instruments have a 24 bit analog-to-digital converter with a sampling frequency of 200
Hz (Fujiwara et al., 2004). Vs profiles at each of the ground motion stations were obtained

using PS-logging Vs measurements.

Shear-wave velocity distribution of the measured profiles are herein analyzed differentiating
it from the shear-wave velocity at the instrument depth, statistics for the latter are given

in section 4.1.2.2.

4.1.2.1 Soil Statistics and Correlation Structure

The statistics of the Vs profiles of the KiK-net database are shown in Figure 4.1 for V s3¢-
based subsets of the KiK-net database. These subsets are selected because V s3y-based site
classifications have been adopted by various national codes (e.g. IBC, 2006; CEN, 2003).
The plots on the left show the median Vs value with a one-standard deviation band. Spatial
correlation was calculated for all depths but is shown only for three arbitrary depths (10,
50, and 90 m). The correlation function shown in Figure 4.1 is the Pearson’s correlation
coefficient between all the natural logarithm of Vs values at the depth of interest (i.e. z = 10,
50, and 90 m) and the natural logarithm of Vs at a lag distance Az (e.g. at a depth of

z + Az).

The standard deviations of the natural logarithm of Vs for the entire database and Vs30
based subsets are compared in Figure 4.2. As expected, the statistics of the entire database
have more variability than the statistics of subsets based on Vs30 based site classes, in

spite of the fewer data on each class category. Differences are also observed on the spatial
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Figure 4.1. Shear-wave velocity statistics and correlation coefficients for the

entire data set and Vs30 based subsets. 4.1a entire database, 4.1b site classes A

and B (Vs30 > 760 m/s), 4.1c site class C (760 m/s > Vs30 > 360 m/s), and 4.1d
site class D (360 m/s > Vs30 > 180 m/s).

correlation (Figure 4.1). Note that the spatial correlation of the site classes (Figures 4.1b
to 4.1d) is "noisier" than the spatial correlation of the entire data set; however, all subsets
show strong spatial dependence, suggesting that an auto-regressive model (e.g. a model
where properties at depth i are a function of properties at depth i-1) should be appropriate
for random profile generation. It is interesting to note that shallow shear-wave velocities
(e.g. at z < 10 m) are weakly correlated with deeper layers even for relatively short lag

distances.

The lower standard deviations observed in the Vs30-based site classes, along with strong
correlation coefficients between different profile depths indicate that Vs30-based site clas-
sification is an adequate proxy for Vs variability at all depths in the analyzed database. A
similar observation was made by Toro (1995), who compared the statistics of Vs profiles

for different site classes from a California data set.

Figure 4.3 shows the correlation coefficient of shear-wave velocities between two depths

separated by lag-distance Az and considering only profiles where those two depths are in
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Figure 4.3. Shear-wave velocity correlation coefficients considering only lag dis-
tances that are one layer away from each other. Initial depths of 10, 50, and 90
meters are shown.
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Figure 4.4. Shear-wave velocity correlation coefficients considering only lag dis-
tances that are two layers away from each other. Initial depths of 10, 50, and 90
meters are shown.
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Table 4.1. Half-space Statistics

Rock depth | Shear wave ve- | Vsp! beta | Correlation coefficient

Site Class log-normal locity (m/s) distribution between Vs and in-
parameters parameters dicated parameters
I o I o « I} Depth | Vs | Visjast?
Generic 4.33 0.66 1626 704 1.6 2 0.01 0.44 0.77

Sites A + B | 4.2 0.67 2196 562 1.61 1.51 -0.09 | 0.27 0.63

Sites C 4.27 0.62 1691 629 1.56 2.07 -0.05 | 0.26 0.77

Sites D 4.53 0.69 1310 694 1.04 2.18 0.29 | 0.02 0.75

1 Shear-wave velocity of the bedrock layer

2 Shear-wave velocity of the deepest soil layer

contiguous layers (i.e., Argyer = 1). Observe that the correlations are strong. Figure 4.4
shows the same correlations but only considering cases where there is a two-layer separation
(ALgyer = 2). Note that the correlation significantly decreases when considering two layers
separation. Note that while correlation between two depths decreases with lag distance
(Figure 4.1), correlation seems to be constant when layer separation is considered (Figures

4.3 and 4.4). A functional form to model this dependence will be shown below.

4.1.2.2 Rock Statistics

Site response analyses require a characterization of the material below the soil column.
This material is commonly assumed to constitute an elastic half space (elastic material
that continues infinitely below a given depth) in site response modeling. Based on an
analysis of the KiK-net data, it appears convenient to model the half space separately from
the soil column. Table 4.1 shows the statistics of the half-space. Observe that Vs at and
below the instrument depth (which corresponds generally to bedrock, but in some cases is
an arbitrary depth at which profiling was stopped), is well correlated with Vs at the deepest

measured layer, but very poorly correlated with depth.
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It is commonly assumed that shear-wave velocities at a given depth can be modeled by
a log-normal distribution. This is the case of the studies by Toro (1995, 2006); EPRI
(1993); Andrade and Borja (2006). This hypothesis was tested using a x? goodness-of-fit
test at 5% significance level. Site classes A and B were combined for the analysis due
to the lack of sufficient data for individual analyses, the results show that a log-normal
distribution fits the data but only up to a depth of about 30 meters; between 30 and 60
meters a normal distribution better fits the available data; beyond 60 meters either normal
or uniform distributions are appropriate, but the amount of data is not sufficient to make

such fits reliable.

Figure 4.5 shows a formal assessment of the goodness-of-fit of the log-normal distribution
to the Vs at each depth. The p-values were calculated using a x? test for most of the
cases and a Lilliefors test for small samples (Conover, 1980). Observe that the log-normal
distribution is poorly suited to the data for depths between 30 and 70 meters for sites classes
C and D. Since the overall data set is controlled by these site classes, the lumped data set
also has a poor fit between 30 and 70 meters. However, an examination of the cumulative
distribution functions (CDF’s) for that depth range reveals a close match between the

log-normal distribution and the data in all regions except the right tail.

4.1.3 Proposed Models

4.1.3.1 Modified EPRI

The EPRI (1993) model has been modified to match the characteristics of the KiK-net
database. Let the natural logarithm of Vs as a function of depth be defined by a random

field V(z) where z is depth. Assume that

V(z) =t(z) + €(z) (4.1)
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Figure 4.5. p-values versus depth, for the hypothesis that the Vs values fit a log-
normal distribution at a given depth. At 5% significance level, all p-values greater
than 0.05 are considered to approach a log-normal distribution.
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where t(2) is the median value of the logarithm of Vs, and €(z) is a Gaussian random process

with zero mean, standard deviation o¢(z) and auto-correlation p(Az, z) given by:

p(z,Az) = (1 — ps(2)) * exp(—Az/K) + ps(z) (4.2)

where pg(z) and k are given by

ps(2) = po — eap(~(z — ) /b) > 0 (4.3)

k= ko + (Kmaz — K0) * (2/ Zmaz) > 0 (4.4)

where pg, 20, b, K0, Kmaz, and Zmqe are fitting parameters, and where k is limited to Kmaz
(K < Kmaz). The parameters obtained from a fit to the entire KiK-net data set and from
separate fits to subsets based on Vs30 site categories are shown in Table 4.2. The parameters
were obtained using the Levenberg-Marquardt algorithm for nonlinear regression method

implemented into Matlab.

The geostatistical model above can be used in conjunction with a routine to generate
artificial Vs profiles that replicate the statistics of the underlying data. The first step for
generating artificial profiles is to determine the depth to the bottom of the profile. By
definition, the bottom of the profile corresponds to the location of the elastic half space in
site-response analyses. For the KiK-net database, the depth to the bottom of the profile
follows a log-normal distribution (see Section 4.1.2.2). Parameters of the log-normal model

for the KiK-net database are shown in Table 4.2.

After the depth to the bottom of the profile is defined, the next step consists in the gen-

eration of the layering for each profile. This process is identical to that presented in 2.6,
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Table 4.2. Parameters for Non-stationary Correlation Function

0o 20 b K0 Kmazx Zmazx
Generic 0.5532 | -5.0031 | 5.4041 | -19.00 | 83.9813 | 35
Sites A & B | 0.8860 | 1.6252 | 9.5663 3.16 5.2920 43
Site C 0.5756 | 7.3486 | 4.2589 -8.1 77.5863 50
Site D 0.8143 38 12.3571 | -105.00 | 58.4465 | 16.6

Table 4.3. Coefficients for layering model, 95% confidence interval in parenthesis

a b C
Generic 0.34 (-0.08; 0.75) | 2.39 (-4.08; 8.87) | 0.58 (0.27; 0.89)
Sites A & B 0.1 (0.001; 0.2) -1 (-1.57; -0.43) | 0.01 (-0.25; 0.27)
Site C 0.24 (-0.08; 0.57) | 1.27 (-5.69; 8.22) | 0.46 (0.1; 0.81)
Site D 0.18 (-0.005; 0.36) | 1.4 (-7.24; 10.11) | 0.33 (0.08; 0.58)

briefly repeated herein for clarity. This is accomplished by using a non-stationary Poisson
model with parameter A~!, where A is a model parameter that represents the frequency
of layer transitions at each depth. Figure 4.6 plots the number of layer transitions as a
function of depth. A relationship for A as a function of depth that fits the data shown in

the figure is given by:

ANz)=ax*x(b+2)¢ (4.5)

Table 4.3 shows the regression results for the coefficients of Equation 4.5 on each category,
and Figure 4.6 shows the fit of Eq. 4.5 for the generic case (i.e. the entire database). Once
the layering is generated for each profile using Eq. 4.5, the Vs values are generated using
the statistical model given in Eqs. 4.1 through 4.4. Rock Vs values are generated using
the mean and standard deviations from Table 4.1, and are correlated to the Vs value of the
last layer of the profile with the corresponding correlation coefficients given in Table 4.1.

Figure 4.7 summarizes the process.
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50



Random Generation

GIVEN:
%(z), o, .(2) Eqg. 1
p(z,AZ), (z) Egs. 2&5
Half-space statistics Table 1

'

Define profile depth . Log-normal random number with
parameters from Table 1

Layering 4 Poisson random process with
parameter 1/.(z) from Eq. 5

y
Select In(Vs) value for first layer
INVs(1) = median [InVs(z1}] +rand * g )

with “rand” standard normal random number,
and z isthe depth at the center of layer i

'

Using p(z,Az) and In\/si generate In\/si+1
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Figure 4.7. Flow chart of the generation procedure for the modified EPRI model.
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Table 4.4. Correlation Coefficient for Stationary Models

Category | p(AL=1) | p(AL =2)
Generic 0.85 0.69
Sites A & B 0.67 0.88
Site C 0.83 0.65
Site D 0.71 0.53

4.1.3.2 One Layer Lag Stationary Gaussian Model

The strong correlation of Vs values between adjacent layers (Figure 4.3) indicates the suit-
ability of a model that uses only this correlation as its correlation structure (e.g., a station-

ary model).

Table 4.4 shows the depth-independent correlation values for each category. Profile gener-

ation follows the same procedure as the Modified EPRI model.

4.1.3.3 Two Layer Lag Stationary Gaussian Model

Figure 4.4 shows the correlation structure resulting from considering only layers that are
separated by one intermediate layer (two layer lag). Note that the correlation coefficients
are significantly lower than those for a one layer lag (Figure 4.3). The correlation structure

could be also modeled using a constant (e.g. depth-independent) correlation coefficient.

Using a normal conditional probability density function (pdf), random profiles can be gen-
erated such that the correlation between two adjacent layers, and layers that are separated
by one layer is always constant, par—1 and pap—s respectively. For any given In-Vs value
can be generated using the covariance matrix in Eq. 4.6 and a normal pdf with mean and

standard deviations given by Eqs. 4.7 and 4.8.
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o(i)? par=1* (o(i) x (i — 1)) par=2* (0(i) xo(i — 2))
C=| pap=1*(c(@)*o(i—1)) a(i—1)2 par—1 % (0(i—2)xa(i—1)) |- (4.6)
paL=2 % (c(i —2)x0(2)) par=1*(c(i—1)*0o(i—2)) o(i—2)?

=4+ C(1,2:3)%C(2:3,2:3) L« (InVs(i — D)inVs(i — 2)] — [mi—1pi2))t  (4.7)

ot =C(1,1) = C(1,2:3)xC(2:3,2:3) 1 xC(2:3,1) (4.8)

This procedure can be used iteratively to generate all the needed shear-wave velocity values.

4.1.3.4 Markov Chain

A Markov Chain based model is proposed for the generation of random profiles. The model
is constrained by the statistics and correlation structure of the underlying database (the
KiK-net database in this case). The first step is the generation of Vs values adequately
correlated with layer depth. The second step is the assemblage of the correlated pairs into
random Vs profiles. In this study, the layer depth was chosen to represent the depth to the

bottom of the layer.

This model uses the fact that shear-wave of consecutive layers in the KiK-net database are
strongly correlated. The generation of the correlated Vs values and their corresponding
layer depths is done by means of rank correlation coefficients (RCC), as opposed to simply
using a linear correlation coefficient (p). The selected RCC for this study was Kendall’s 7.

The procedure for the generation of the correlated variables consists of the following steps:

1. Compute the RCC (i.e. Kendall’s 7) for the data set.
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2. Transform that coefficient to Pearson’s p using

p = sin(T *mw/2) (4.9)

3. Generate correlated Gaussian random variables using the correlation coefficient com-

puted in (2).

4. Obtain the CDF for each variable, which by definition will lead to two uniform dis-

tributions.

The CDF’s obtained in (4) can be inverted to obtain the marginal distributions of layer
depth and Vs constrained by the empirical Vs and layer depth distributions. The marginal
distribution for shear-wave velocities in the KiK-net database can be modeled by a log-
normal distribution, with mean and standard deviation of the associated normal distribu-
tion of 6.2 and 0.84 respectively. The marginal distribution for layer depth can be modeled
by a log-normal distribution, with mean and standard deviation of the associated normal
distribution of 3 and 1.3 respectively. Goodness of fit tests confirmed this fit to be appro-
priate. The result of this approach is a set of randomly generated pairs of Vs and layer

depth that follow the same correlation structure as the original database (Figure 4.8)

Once pairs of layer depth and shear wave velocity are generated, these pairs can be assem-
bled into realistic Vs profiles. This is achieved by first creating depth and Vs bins that span
the entire range of possible Vs and depth values. A state is then defined as a combination

of a Vs bin and depth bin. As a simple example, we could define depth and Vs bins as:

depth bin 1 (d1) = [0, 50]
depth bin 2 (d2) = [50, 150]
Vs bin 1 (V1) = [360, 560]

Vs bin 2 (V2) = [560, 760]
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Figure 4.8. Correlation between layer depth and shear-wave velocity for the entire
KiK-net database.

All possible states (i.e. d1V1, d1V2, d2V1, and d2V2) define the state vector (Pi), which
in this simple example would be a 4 by 1 vector. For a given layer (characterized by a given
Vs and layer depth), the state vector takes a given value. In this example, the state vector
for layer ¢, denoted by Pi, would have 3 zeros and a 1 in the position that corresponds to
the Vs-depth combination of layer 4. A transition matrix can then be defined to transition

between the state for one layer to the state of the adjacent layer:

where P is the state vector and T the transition matrix. In matrix form Eq. 4.10 takes the

form:
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state; P(statey|state;) P(statej|statey) --- P(statey|statey) state;

states P(stateg|state;) P(stateg|statey) --- P(states|statey) statey
= *
statey, P(statey|state;) P(statey|states) --- P(state,|statey,) statey,
P; T Pis
(4.11

The transition matrix corresponds to the conditional probability that the Vs-layer depth
pair in layer i be any state given a current state (represented by P;_1). The first step in
constructing the transition matrix is defining the desired accuracy, which is directly related
with the size of the transition matrix. In this study Vs and layer depths were divided into
6 groups each, giving 36 possible states. One additional case was added to include the
probability that given P;_; the profile ends at that depth, thus the transition matrix is a
square matrix of size 37 and the state vector is 37 by 1. The process is initiated by selecting
an initial state using the surface Vs distribution. Eq. 4.11 is then used to generate a state
vector where each element corresponds to the probability of each state (i.e. Vs-depth bin)
occurring. A random number generator is then used to generate a realization of this state
vector that has only one nonzero state (i.e. state k =1). This process is repeated iteratively
until the nonzero state in the state vector P; corresponds to the case in which the profile
ends (the last state in the state vector). The specific Vs and depth values of each layer
are sampled from the Vs-depth pairs computed in step one within the limits set by the

corresponding state.

4.1.3.5 Second Order Markov Chain

Using the same principle, but taking into consideration two layers of dependence f(es|er, €2),
a second order Markov chain model is proposed. This model is identical to the previous

model (Section 4.1.3.4), with a notable exception on the dimension of the transition matrix,
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T. The transition matrix is not square because it considers the same number of states (i.e.
the size of the state vector) and all the possible combination of states. This results on
a transition matrix with the number of rows equal to the length of the state vector, and
the number of columns equal to the square of that number, plus the end of profile case in
both dimensions. Each component of T is now the conditional probability that the Vs-layer
depth pair in layer ¢ be any state given a current state (represented by P;_;) and a previous
one (represented by P;_2). An auxiliary state vector is used to consider all possible state
combinations. Eq. 4.12 shows the dimensions of the matrices, where n is the length of the

state vector.

[n % 1] = [n*n?] * [n? * 1] (4.12)

4.1.4 Statistical Comparison

The ability of each of the proposed models to reproduce the statistics of an underlying
ground motion database is tested by generating sets of artificial profiles. Figures 4.9 through
4.13 show the median plus and minus one standard deviation for the five sets of artificially
generated profiles, one for each of the proposed models, compared with the statistics from
the KiK-net database. In both the generated profiles and the KiK-net database cases, the

compared profiles correspond to IBC site C class.

All five models show reasonable ability to reproduce the median and standard deviations,
although it is worth noting that the Gaussian models are smoother. The statistics for the
five models are calculated from 600 profiles each, which was selected based on the number
of profiles available from the KiK-net database, the number of generated profiles will have

a direct impact on the smoothness of the calculated statistics.

Figures 4.14 and 4.15 show a comparison of the empirical correlation functions calculated
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Figure 4.9. Comparison of the mean and one standard deviation band for one
set of simulated Vs profiles using the Modified EPRI methodology, and a set of
measured Vs profiles for site C class.

for the five models and the KiK-net database. Here the best fitting model is the two layer

lag stationary Gaussian (lines in thick blue).

4.1.5 Comparison in Terms of Site Response

4.1.5.1 Comparison of site response between a set of measured Vs profiles and

a set of artificially generated Vs profiles

To compare the impact of the randomly generated profiles in a site response exercise, we
compared the results of equivalent linear site response analyses using the measured KiK-net
profiles and those generated using the proposed models. Results are compared in terms
of the ratio of the response spectra at the surface to the input response spectra (Ratio of

Response Spectra). As input motions for the analyses a sample of 100 ground motions

58



) KiK-net
—— Generated
50
100
E
= 150
(=8
]
a
200 b
250+ .
~
300 ! =t
0 1000 1500 2000

Vs (m/s)

Figure 4.10. Comparison of the mean and one standard deviation band for one set
of simulated Vs profiles using the One layer lag Stationary Gaussian methodology,
and a set of measured Vs profiles for site C class.

from the NGA database (PEER, 2010) was selected. These ground motions satisfy certain
general criteria on magnitude and distance form the fault (6 < Mw < 8; Rjb < 100 km,

and Vs30 > 650 m/s).

Figure 4.16 shows the comparison of median ratio of response spectra (RRS). Note that
although the Markov Chain models are able to reproduce reasonably well statistics and spa-
tial correlation of the Vs profiles (Figures 4.12 to 4.15), they fail to reproduce site-response
behavior. This shows the sensitivity of the models to the rock or half-space depth. In the
three Gaussian models the depth to rock is randomly generated following the distribution
of the measured depths, while in the Markov models this depth is automatically generated
within the selected bins (e.g. accuracy level), hence the response of the Markov models can

be improved by selecting closely spaced bins near the mean depth of the measured profiles.

The variability obtained on the ratio of response spectra using the five different models
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Figure 4.11. Comparison of the mean and one standard deviation band for one set
of simulated Vs profiles using the Two layer lag Stationary Gaussian methodology,
and a set of measured Vs profiles for site C class.

are shown in Figure 4.17, the results show the Gaussian models better approximate the

variability in ratio of response spectra computed using the measured profiles.
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Figure 4.12. Comparison of the mean and one standard deviation band for one
set of simulated Vs profiles using the first order Markov chain methodology, and a
set of measured Vs profiles for site C class.

61



100

150 -

Depth (m)

200F

250

300 ’ =
0 500 1000 1500 2000

Median Vs (m/s)
Figure 4.13. Comparison of the mean and one standard deviation band for one

set of simulated Vs profiles using the Second order Markov chain methodology, and
a set of measured Vs profiles for site C class.

62



1 T T T T

— KiK-net
Modified EPRI

0.8 Stat. Gaussian A L=1 .
= Stat. Gaussian A L=1 &2
st
06l 1°" order Markov

s M order Markov

Correlation Coefficient

_0 _4 L 1 L 1 1 L 1
0 20 40 60 80 100 120 140 160

Lag distance (m)

Figure 4.14. Empirical correlation functions for depth 10 m, and site class C.
Comparison of measured profiles with sets of simulated profiles using the five pro-
posed methodologies.

=
o
(5]
& 06r ——— KiK-net |
S g5l |~ Moified EPRI l
.5 ' ——— Stat. Gaussian A L=1
S04 |—Stat GaussianaL=182 |
S 1% order Markov
© o3t nd |
’ 2" order Markov
02 |
01 |
0 - L | ;
° 20 4o 60 80 100

Lag distance (m)
Figure 4.15. Empirical correlation functions for depth 50 m, and site class C.

Comparison of measured profiles with sets of simulated profiles using the five pro-
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4.2 Monte Carlo Simulation Approach

The proposed random profile generators allow for the study of the contribution of profile
uncertainty to the uncertainty in ground motions computed from site response analyses.
Observe that the site response uncertainty is an epistemic variable in probabilistic seismic
hazard analyses; hence it can be potentially lowered if Vs profiles are better character-
ized. To evaluate how the uncertainty in the site profile affects the predicted site response

variability, a Monte Carlo Simulation experiment was conducted.

Using the one layer lag model, 100,000 profiles were generated for sites corresponding to
class C (360 m/s < Vs3p < 760 m/s), and D (180 m/s < Vs3o < 360 m/s). For each
site class, six sets of 100 profiles out of the 100,000 profiles were selected such that the
standard deviation of their Vs3yp matched preset target values. One of the preset values
is the standard deviation of the measured KiK-net profiles for each site class (C and D).
The remaining preset values were selected to provide a range of Vssg standard deviations
as wide as possible. All 6 sets have equal mean V's3p, 560 m/s for the class C sites, and

270 m/s for the class D sites.

The sampling was done using a beta distribution that (a) has the bounds of the site category
(C or D), and (b) has the desired mean and standard deviation. The distribution is fully
characterized by parameters “p” and “q” (see Eqs. 4.13 and 4.14), where a and b are the
Vs3o bounds. With this characterization is possible to fix the mean (), and then solve for

the values of p and ¢ for a desired standard deviation value (o).

e (L= )
=i (4.13)
L B (1)
g=(1—fi)x 5> 1 (4.14)
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with,

. IT—a
o= b—a
and
2
§r= "
(b —a)?

where T and s are the sample mean and sample standard deviation, respectively. Latin
Hypercube Sampling was then used for the selection of 100 sites from the 100,000 sites
samples. Using the distribution defined by p and ¢ with the preset standard deviations,
the 12 groups (6 for each site class) were created. A subset of the 100 ground motions
described in 4.1.5.1 was used to obtain ratios of response spectra for each of the groups.
The subset was selected to maintain the same mean and standard deviation of the input

response spectra.

Figures 4.18 to 4.20 show the results of varying V's3p standard deviations on the mean of
the ratio of response spectra, for class C sites and periods of 0.2, 0.5, and 1.0 seconds. Plus
and minus one standard deviation bands are included for reference. Note that the mean
values of the calculated ratio of response spectra are relatively insensitive to the variability

in VSgo.

Figures 4.21 to 4.23 show the effects of varying standard deviations in V s3g over the result-
ing ratio of response spectra, for site C class sites. Note that for high frequencies the effect
of variability in V's3q is negligible, and that for lower frequencies, there is a direct relation

among the variability in site profiles and the calculated site amplification variability.

The results shown and discussed for site C class in the paragraphs above, are shown in
Figures 4.24 to 4.29 for the case of site D class. The observation made on the effect of Vs3qg

variability on the ratio of response spectra for class C sites, is also true for class D sites,

67



28 T T T T T

1+ 1 ¢ band for T=0.2
26+ = T ] 1

+

24+ 1

221 1

RRS

1.8F 1

16 1

1 1 1

1 1 1 L L
75 80 85 90 95 100 105 110 115
Syve30 (m/s)

Figure 4.18. Mean of the Ratio of Response Spectra versus standard deviation
of Vs39. Results shown for period of 0.2 seconds and Site C class.
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Figure 4.19. Mean of the Ratio of Response Spectra versus standard deviation
of Vs39. Results shown for period of 0.5 seconds and Site C class.
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Figure 4.20. Mean of the Ratio of Response Spectra versus standard deviation
of Vs39. Results shown for period of 1.0 seconds and Site C class.
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Figure 4.21. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3p. Results shown for period of 0.2 seconds and Site C class.
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Figure 4.22. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3y. Results shown for period of 0.5 seconds and Site C class.
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Figure 4.23. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3p. Results shown for period of 1.0 seconds and Site C class.
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where the mean value of the ratio of response spectra, a measure of site response, do not
show significant variation with varying the standard deviation of Vs3g. This observation
is contrary to past observations that indicate that uncertainty in Vs profiles reduces mean
estimates of surface response spectra when the only uncertainty is variability in Vs values
around a baseline Vs profile and stratigraphy is fixed (Rodriguez-Marek et al., 2010; Rathje
et al., 2010).
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Figure 4.24. Mean of the Ratio of Response Spectra versus standard deviation
of Vs3p. Results shown for period of 0.2 seconds and Site D class.

The simulation performed allows for the study of the Bazzurro and Cornell (2004b) affir-
mations. The dependence of the values of oy, 4 with InS], is shown in Figures 4.30 to 4.33

for spectral periods of 0.3 and 1.0 seconds, and sites classes C and D.

Figures 4.30 to 4.33 above show a clear, and often strong, correlation between oy, 4 and

InS}. Bazzurro and Cornell (2004b) assumption is that they are independent.
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Figure 4.25. Mean of the Ratio of Response Spectra versus standard deviation
of Vs39. Results shown for period of 0.5 seconds and Site D class.
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Figure 4.26. Mean of the Ratio of Response Spectra versus standard deviation
of Vs3p. Results shown for period of 1.0 seconds and Site D class.
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Figure 4.27. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3y. Results shown for period of 0.2 seconds and Site D class.
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Figure 4.28. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3y. Results shown for period of 0.5 seconds and Site D class.
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Figure 4.29. Standard deviation of the Ratio of Response Spectra versus standard
deviation of Vs3y. Results shown for period of 1.0 seconds and Site D class.
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Figure 4.30. Standard deviations of the amplification factor for Site C, and spec-
tral period of 0.3 seconds. Each point is the standard deviation of the amplification
factor for 600 artificially generated profiles.
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Figure 4.31. Standard deviations of the amplification factor for Site C, and spec-
tral period of 1.0 second. Each point is the standard deviation of the amplification
factor for 600 artificially generated profiles.
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factor for 600 artificially generated profiles.
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4.3 Conclusions

This chapter presented a comparison of five models for the generation of shear-wave velocity
profiles. The models were calibrated to the measured shear-wave velocity profiles of the
KiKnet ground motion database. These models can be used to generate shear wave velocity
profiles for site-response analyses. Two types of models were presented, one using Gaussian
random fields, and the other set using Markov Chains. Of the Gaussian models, one model
is an update of a non-stationary model previously developed by EPRI (1993). The other
two Gaussian models make use of the stationary characteristic of the spatial correlation
function, when look at as a concatenation of layers rather than a continuous. The two-
layer lag stationary Gaussian is a simple model, easy to implement, and shows the best
fit of the five proposed models. The results obtained by the stationary Gaussian models
can be easily modified to fit other data sets, subsets of data that have particularities, or to
characterize the variability in site-specific site response. Profile variability in a site-specific

site response analysis would depend on the quality and extent of the site characterization.

While the two-layer lag stationary Gaussian model herein proposed has the limitation of
being one dimensional, it gives the engineer the possibility to easily generate random profiles

which can be used in forward analyses.

The proposed models are foreseen to be applicable to the modeling of other vertically

varying parameters, such as results of Standard Penetration Tests.
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Chapter 5

Single Site Variability of Ground
Motions: estimates from the KiKnet

database

To obtain single-site variability of ground motions, median ground motion estimates and
their associated uncertainty are needed, which can be computed using a ground motion
prediction equation (GMPE) that uses the ergodic assumption. The ergodic assumption
implies the assumption that two different sites with the same parameterization (e.g. same
Vs30) have the same median ground motion for an equally parameterized earthquake (e.g.
Distance to Fault, Magnitude), and that the variability in the entire database is the same
as the variability for a single site. As discussed in Chapter 3 this assumption results in an
overestimation of the single-site ground motion variability. This chapter shows this is the
case; single-site residuals are calculated for 131 stations that recorded more that 10 events,
and estimates of their standard deviations are presented. In addition a further break down

of ground motion residuals, as presented previously in Chapter 3 is also studied.
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5.1 Data Source Characteristics

The source of strong ground motion data is the KiK-net database as processed by Pousse
et al. (2005) and Cotton et al. (2008), and described in Section 2.7. Each station in the KiK-
net network has two 3-component accelerographs, one at the surface and another at depth.
The instruments have a 24 bit analog-to-digital converter with a sampling frequency of 200
Hz (Fujiwara et al., 2004). All records between 1996 and October 2004 with M jpr4 > 4 have
been downloaded. As a preliminary check to avoid subduction related records, only events
with depth less than 25 km were analyzed. The M jps4 magnitude was converted to seismic
moment magnitude using the Fukushima (1996) relationship (Cotton et al., 2008). A visual
inspection was performed on ground motion data to check for errors and to keep only the
main event if multiple events were recorded in the time series. The signals were band-pass
filtered between 0.25 and 25 Hz with a Butterworth filter. This filtering was performed in
the time domain with four poles and two passes using SAC2000 routines (Goldstein et al.,
2003). Closest distance to the rupture was computed for all recordings. This rupture is
assumed to correspond to the hypocentral distance for small to moderate earthquakes or
when the source dimensions remain unknown. The magnitude-distance sampling of the
database is shown in Figure 5.1. Cotton et al. (2008) state that the longest usable period
for the database is 3.0 s. However, some of the spectral accelerations at long periods are
lower than the number of decimals used in the database. For that reason, this work is
performed only for spectral accelerations less than 1.3 s. For a more detailed description

of the data processing, please refer to Pousse et al. (2005) and Cotton et al. (2008).

The magnitude-distance distribution of the data (Figure 5.1) shows that the majority of
the records are from earthquakes with magnitudes equal or lower than 6.1, this will have
an effect on the regression as it is discussed further in this Chapter. Figure 5.2 shows the

time-averaged upper 30 meters shear-wave velocity (V's3g) distribution.
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Figure 5.3 shows the distribution of the subsurface instrument depths. Instruments are gen-
erally installed on bedrock, sometimes at the soil-bedrock interface, but often are installed
at an arbitrary depth. The histogram shows that most of the instruments are located either
at 100 meters or 200 meters below the ground surface, for that reason it was chosen to in-
clude flags to separate the data recorded at the surface, at 150 meters or shallower depths,
and at depths greater than 150 meters. The same approach was taken by Cotton et al.
(2008). Figure 5.4 shows the histogram of the shear-wave velocity at the borehole (i.e., on
the layer where the borehole instrument is installed). Note that most of the instruments

are installed at layers with shear-wave velocities higher than 800 m/s.

Figures 5.5 and 5.6 show the spatial distribution of the stations and epicenters of the
recorded earthquakes. Note that there are clusters of events that could enable future studies
to separate source, and path effects from the prediction of ground motion intensities and

their uncertainties. This approach is not included in this study, but would produce a
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Figure 5.1. Magnitude versus Distance distribution for the KiK-net database

81



600

500+

400+

Frequency
w
[
o

2001

1001

0 500 1000 1500 2000 2500
Vs30 (m/s)

Figure 5.2. Distribution of upper 30 m time-averaged shear-wave velocity (V's3g)
for the KiK-net database

reduction in the uncertainty due to the elimination of the source-to-source variability, and

the path-to-path variability.
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Figure 5.5. KiK-net ground motion station locations. Shown in red are the 46
station for which more that 15 records are available. Stations in blue are considered
in the regression analysis.
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Figure 5.6. KiK-net database epicenters for the recorded earthquakes included in
the GMPE. Note that each of these events were recorded by surface and at depth
instruments.
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5.2 GMPE for Surface and Borehole

The ground motion prediction models herein developed correspond to the median estimates,
and their variability, of the natural logarithm of the pseudo-spectral acceleration at the
ground surface (denoted by superscript G), at the bedrock (denoted by a superscript B),
and a combined model that is constrained using simultaneously the data for surface and

borehole.

All three models were developed following the functional form used by Boore and Atkinson
(2008). It was desired to use one of the Next Generation Attenuation (NGA), PEER
(2010), models as a basis to the functional form of the GMPE to reflect the state of the
art in ground motion prediction. The selection of the functional form was made on the
basis of its ability to be constrained by data (other models require intensive seismological
modeling, along with recorded data, to constrain their model parameters). This is reflected
in the simplicity of the Boore and Atkinson (2008) compared to most of the other NGA

models.

The variables to be predicted by the model (i.e. the response variables) correspond to the
peak ground acceleration, PG A, and pseudo-spectral accelerations at 5% damping. These
variables are taken as the geometric mean of the horizontal components of the recorded

ground motions.

The predictor variables of the model (i.e. the independent variables) are moment magni-
tude, denoted by Mw, closest distance to the fault rupture, denoted by Rryp, time-averaged
upper 30 meters shear-wave velocity, denoted by V's3g, depth for which shear-wave veloc-
ity of 800 m/s is reached, denoted by h800, and the shear-wave velocity at the bedrock,
denoted by Vshole. The shear-wave velocity data used to compute Vssg and Vshole is

described in Chapter 4.
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The general form of the model, similar to most available ground motion prediction models,

is given by

y=pu—+ Wes + 0B, (5.1)

where y is the natural logarithm of the estimated ground motion parameter or response
variable, u is the median ground motion model, which is a function of the predictor variables
Vss0, Rrup, Vs30, h800, Vshole, where y is being predicted (i.e. surface, borehole located
shallower than 150 meters, or borehole located deeper than 150 meters). § B, is the between-
event residual, or the inter-event residual, which is defined as the misfit of the mean of the
observation for one particular earthquake (or event) from the median ground motion model.
0Wes is the intra-event residual, that is the difference between an individual observation

and the event corrected median estimate (i.e. 0Wes =y — o — 0B,).

5.2.1 Combined Model

The ground motion model for the combined data set is the most general of the three
models as it allows to predict the ground motion intensities at the ground surface and at
the borehole with a single predictive equation. The general form for the median estimate

of this model is given by

N;?zed = Py + Fg + Fajte * Sur ffrag + Froo * S100514g + Fooo * 5200 £144 (5.2)

where,
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F,=e1+es* (Mw— M) +eg * (Mw — My)? for Mw < Mj,

(5.3)
F,, =e1+erx (Mw— My) for Mw > My,

Fy = (Cl +c2 * (Mw - Mref)) * log(R/Rref) +c3 * (R - Rref)§ (5 4)

Fgite = blin x ln(VSgo/Vref) + bh800 x ln(h800/href) (5.5)

Fioo = a100 + b10o * In(V's30/Vres) + cro0 * In(Vshole/V sholerer) (5.6)

Fo00 = agpg + bago * ln(V.Sgo/V;ef) + Co00 * ln(Vshole/Vsholeref) (57)

where, M,y is a reference value for Mw equal to 4.5, R, is a reference distance to the
rupture plane equal to 1 kilometer, V,..r is a reference value of V's3g equal to 760 (m/s), hyef
is a reference value for the depth at which a profile reaches a shear-wave velocity of 800 (m/s)
equal to 60 (m), and Vshole,.s is a reference value for the shear-wave velocity at bedrock
equal to 3000 (m/s). These reference values do not affect the prediction performance of
the model, the reason to use them is to provide a reference for which the model becomes
a constant. The constants cy, ca, c3, e1, es, eg, e7, blin, bh&00, aigo, bioo, C100, @200, D200,

c200, h, and My, are model parameters to be determined during the regression analysis.

Note that the subscript A in Equation 5.2 is used to denote that the median predictor uses
simultaneously the borehole and surface data. However, the model predicts ground motions

either at the ground surface (G) or at the borehole (B) for the same location.
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Modeling of the Residuals The inter (0B.) and intra-event residuals (§W,s) are mod-
eled by a normal distribution with mean zero and variance 72, and ¢?, respectively. In the
regression analysis ¢2, and 72 were allowed to be a function of magnitude. The functional
form was restricted to a constant value for magnitudes less than 5, another constant value
for magnitudes greater than 6.5, and linear interpolation between magnitudes 5 and 6.5.
To allow for an adequate constrain of the inter-event residuals (0B, ), only earthquakes that

were recorded at 5 or more stations were considered.

Regression Analysis Methodology The determination of the parameters begins with
the determination of c3, the term that controls the curvature of the distance attenuation
term, F,; (see Equation 5.4), at large distances. The data set used to constrain c3 was
restricted to those events with more than 100 records. First the slope of Fy, c¢1, was fixed
to a value between -0.2, and -1.1 (the slope term c¢; has to be negative for the model to
produce lower intensities with greater distances, which is the logical outcome), co was fixed
to zero (i.e. making F; magnitude independent). Then c3 along with the pseudo-depth
coefficient h, were obtained by maximum likelihood estimation method. The slope term c;
was varied within the specified range, and the value that maximized the likelihood function
was used to select the final coefficients for c3, and h. The process was repeated for each

spectral period.

A “magnitude hinge” term, Mpy, that is used as a flag in the magnitude attenuation term,
F,,, was defined to separate the magnitude range where magnitude scaling changes from
quadratic to linear (Equation 5.3). A negative value for the linear term for Mw > M}, (e7)
would indicate a reduction of ground motion with an increase in magnitude. The reasons
behind the observation of greater magnitude earthquakes producing less pseudo-spectral
acceleration than lower magnitude ones, known as oversaturation, are not clear. Anderson
(2010) speculates that a possible explanation is that large earthquakes occur along the

same surfaces, hence having smoother interfaces. For the KiK-net database oversaturation
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is observed at all periods, but because the amount of data from high magnitude earthquakes
is limited, and lack of knowledge, the linear term e7; was not allowed to take negative values
during the regression. Boore and Atkinson (2008) followed a similar approach in limiting

oversaturation. The value for M}, was chosen by inspection for all spectral periods.

The rest of the parameters were obtained using random effects method (Searle, 1971; Abra-
hamson and Youngs, 1992). The method delivers both the median model, and the statistics
for the inter- and intra-event residuals. The steps of the iterative process to obtain, ¢?, 72,

and the model parameters 6 can be summarized as:

1. Calculate model parameters, 6, using maximum likelihood. Set the inter-event resid-

uals B, to zero.

2. With the model parameters, maximize the random effects likelihood function (see

Searle, 1971) to obtain ¢? and 72.

3. Compute the inter-event residuals for each event as given by

2 * e _
5Be = T 225:1 Yes - Hes (58)
T2 % Ne + ¢
4. Subtract the estimate of each inter-event residual from the observed ground motion.

This results in ground motion corrected for event-to-event variability.

5. Calculate model parameters, 0, using maximum likelihood for the corrected ground
motion residuals. Repeat steps 2 to 5 until the likelihood obtained in step 2 is

maximized.

The random effects regression computes the model parameters () and 4 parameters for
the magnitude dependent standard deviations of the within and between residuals. Model

parameters, for the distance and magnitude attenuation terms (Fy and F),,) of the combined
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model, are summarized in Table 5.1, and the parameters for the site terms (Fj;e,F100, and
F5p) are shown in Table 5.2. The parameter ez is not included in the table because it took

a value of zero during the regression.

Table 5.1. Model Parameters for the Distance and Magnitude terms of the Com-
bined Model

Period cl Co c3 e1 es eg

PGA | -1.2534 | 0.4271 | -0.0140 | -0.0663 | -0.5997 | -0.5012
0.0384 | -1.2928 | 0.4089 | -0.0140 | 0.3986 | -0.4943 | -0.4423
0.0484 | -1.3005 | 0.3719 | -0.0140 | 0.9018 | -0.2267 | -0.3538
0.0582 | -1.2725 | 0.3373 | -0.0140 | 1.2277 | -0.0006 | -0.2963
0.0769 | -1.2423 | 0.3270 | -0.0140 | 1.4185 | 0.0608 | -0.3109
0.0844 | -1.2267 | 0.3221 | -0.0140 | 1.4818 | 0.2850 | -0.2211
0.0970 | -1.2053 | 0.3169 | -0.0140 | 1.4496 | 0.3325 | -0.2346
0.1167 | -1.1925 | 0.3135 | -0.0138 | 1.3627 | 0.2952 | -0.3234
0.1472 | -1.1937 | 0.3101 | -0.0131 | 1.1992 | 0.3159 | -0.3877
0.1691 | -1.2169 | 0.3181 | -0.0126 | 1.1069 | 0.2759 | -0.4302
0.2036 | -1.2454 | 0.3343 | -0.0119 | 0.8915 | 0.1408 | -0.5095
0.2340 | -1.2639 | 0.3267 | -0.0113 | 0.8740 | 0.2653 | -0.5054
0.3090 | -1.2822 | 0.3148 | -0.0100 | 0.6841 | 0.3889 | -0.5591
0.3551 | -1.2927 | 0.3136 | -0.0092 | 0.5551 | 0.0850 | -0.6291
0.3896 | -1.3016 | 0.3135 | -0.0087 | 0.3939 | -0.3426 | -0.7271
0.4274 | -1.3038 | 0.3088 | -0.0082 | 0.3443 | -0.1975 | -0.6910
0.4690 | -1.3064 | 0.3010 | -0.0076 | 0.3107 | -0.0902 | -0.6799
0.5913 | -1.3224 | 0.2829 | -0.0062 | 0.1837 | 0.0808 | -0.6842
0.7456 | -1.3606 | 0.2628 | -0.0049 | 0.1503 | 0.2970 | -0.6804
0.8180 | -1.3813 | 0.2577 | -0.0043 | 0.1341 | 0.3733 | -0.6725
0.9401 | -1.3975 | 0.2424 | -0.0036 | 0.1483 | 0.6130 | -0.6271
1.3622 | -1.4495 | 0.2370 | -0.0020 | -0.2017 | 0.8621 | -0.5687

The intra-event (¢) and inter-event (7) standard deviations resulting from the random ef-
fects regression are shown in Table 5.3. The inter-event standard deviation (7) has unusu-
ally large values for large magnitudes. This results from a consistent bias of the predictive
model as a result of limiting oversturation. The last column of Table 5.3 shows an estimate
of (1) computed using the inter-event residuals (dp,) corrected for the observed bias using
a linear term. This is equivalent to allowing for a negative e; term, except that the inter-

dependency with the intra-event residuals is not captured. The values of (1) computed by
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Table 5.2. Model Parameters for the Site terms of the Combined Model

Period blin bh800 ai100 a200 b100 b200 C100 C200

PGA | -0.4665 | -0.1801 | -1.4372 | -1.6518 | -0.0269 | -0.1884 | -0.2666 | -0.3793
0.0384 | -0.3756 | -0.2219 | -1.3309 | -1.5398 | -0.0184 | -0.2502 | -0.1435 | -0.2053
0.0484 | -0.2871 | -0.2420 | -1.2680 | -1.5018 | -0.0301 | -0.2628 | -0.0716 | -0.1511
0.0582 | -0.2124 | -0.2303 | -1.3806 | -1.6006 | -0.0323 | -0.2229 | -0.0943 | -0.1675
0.0769 | -0.2658 | -0.2060 | -1.5810 | -1.7920 | 0.0391 | -0.1961 | -0.2066 | -0.2871
0.0844 | -0.3207 | -0.2000 | -1.6083 | -1.8197 | 0.0520 | -0.1924 | -0.2591 | -0.3398
0.0970 | -0.4062 | -0.1844 | -1.6143 | -1.8366 | 0.0692 | -0.1898 | -0.3091 | -0.4050
0.1167 | -0.5213 | -0.1767 | -1.6022 | -1.7851 | 0.0508 | -0.1513 | -0.3675 | -0.4637
0.1472 | -0.6892 | -0.1256 | -1.5497 | -1.6843 | -0.0259 | -0.0765 | -0.4355 | -0.5998
0.1691 | -0.7431 | -0.0964 | -1.4863 | -1.6025 | -0.0206 | 0.0000 | -0.4488 | -0.6506
0.2036 | -0.8023 | -0.0563 | -1.3907 | -1.5946 | -0.0235 | -0.0753 | -0.4565 | -0.6952
0.2340 | -0.8370 | -0.0392 | -1.3202 | -1.5249 | -0.0543 | -0.0553 | -0.4613 | -0.7024
0.3090 | -0.8629 | 0.0427 | -1.1687 | -1.4151 | -0.0567 | -0.0034 | -0.4593 | -0.7573
0.3551 | -0.8394 | 0.0765 | -1.0886 | -1.3765 | -0.0900 | 0.0059 | -0.4044 | -0.7769
0.3896 | -0.8161 | 0.0972 | -1.0337 | -1.3443 | -0.1057 | -0.0095 | -0.3754 | -0.7479
0.4274 | -0.7922 | 0.1268 | -0.9834 | -1.3163 | -0.1310 | -0.0220 | -0.3528 | -0.7326
0.4690 | -0.7696 | 0.1623 | -0.9402 | -1.3116 | -0.1451 | -0.0214 | -0.3395 | -0.7804
0.5913 | -0.6798 | 0.2291 | -0.8595 | -1.2244 | -0.1296 | -0.0181 | -0.3465 | -0.7723
0.7456 | -0.6337 | 0.2592 | -0.8001 | -1.0314 | -0.1058 | 0.0533 | -0.3996 | -0.6770
0.8180 | -0.6028 | 0.2797 | -0.7991 | -1.0049 | -0.0847 | 0.0645 | -0.4442 | -0.6675
0.9401 | -0.5682 | 0.3004 | -0.7968 | -0.9580 | -0.0778 | 0.0604 | -0.4948 | -0.6448
1.3622 | -0.5063 | 0.3041 | -0.8443 | -0.8703 | -0.1381 | 0.0310 | -0.6149 | -0.6923
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reducing the bias are significantly lower than those that ignore it, in particular for short
periods.

Table 5.3. Standard Deviations of the Residuals from the Combined Model

Period ¢ for ¢ for T for T for 7* for
Mw<bd | Mw>65| Mw<b| Mw>6.5| Mw>6.5
PGA 0.6293 0.6202 0.4929 0.9164 0.4981
0.0384 | 0.6252 0.6223 0.5018 0.8963 0.5428
0.0484 | 0.6321 0.6315 0.5188 0.8533 0.6152
0.0582 | 0.6469 0.6457 0.5193 0.8599 0.6654
0.0769 | 0.6623 0.6658 0.5063 0.9332 0.6940
0.0844 | 0.6697 0.6706 0.5052 0.9433 0.6991
0.0970 | 0.6846 0.6790 0.5104 0.9274 0.6940
0.1167 | 0.6878 0.6801 0.5084 0.9242 0.6676
0.1472 | 0.6893 0.6812 0.4917 0.9348 0.6204
0.1691 | 0.6847 0.6751 0.4879 0.9446 0.5883
0.2036 | 0.6772 0.6680 0.5044 0.8520 0.5420
0.2340 | 0.6648 0.6563 0.5138 0.7751 0.5083
0.3090 | 0.6436 0.6332 0.5389 0.6936 0.4468
0.3551 | 0.6352 0.6262 0.5431 0.6914 0.4123
0.3896 | 0.6272 0.6228 0.5476 0.6963 0.3841
0.4274 | 0.6170 0.6172 0.5516 0.6743 0.3744
0.4690 | 0.6049 0.6067 0.5500 0.6638 0.3696
0.5913 | 0.5778 0.5878 0.5695 0.5611 0.3546
0.7456 | 0.5535 0.5668 0.5821 0.4478 0.3034
0.8180 | 0.5478 0.5666 0.5773 0.4244 0.2823
0.9401 | 0.5421 0.5673 0.5750 0.3840 0.2498
1.3622 | 0.5374 0.5614 0.5886 0.3711 0.2097

[*|]Allowing for oversaturation at large magnitudes

As a closing for the presentation of the combined model it is important to point out that
the model considers single magnitude and distance terms both for the surface and the
borehole data. This characteristic is desired from a phenomenological point of view because
source- and path- terms should be independent of near-surface layering. Also implicit in
the methodology is that inter-event residuals (§ B ), are also equal for surface and borehole.
This is an important property of the model as it allows to separate site response effects.
Therefore, all the difference between surface and borehole is captured by the site terms

(Fsite, Fio0, and Fagp).
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5.2.2 Surface Model

The model for the surface follows the same philosophy adopted for the combined model.
The main difference is that it is constrained using purely ground surface records, which is
what most GMPE are based upon. The functional form for the median model is given by

Equation 5.9.

1 = Fo + Fy+ Fuige (5.9)

where, the three terms F,,, F,, and F;e are the equal to those described for the combined
model. Note that Surfg is not needed in this model as all the dependent variables
(i.e. the data) comes from ground surface records. Table 5.4 summarizes the results of
the regression for the magnitude and distance terms. Table 5.5 summarizes the site term

parameters for the surface model.

Table 5.6 shows the standard deviations for the inter- and intra-event residuals. Note
that, similarly to what was observed in the combined model, the elimination of the bias
due to oversaturation greatly reduces the variability in large magnitudes of the inter-event
random variable (i.e. 7), and that although it affects all spectral periods the greater effect

is observed at low periods.
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Table 5.4. Model Parameters for the Distance and Magnitude terms of the Surface
Model

Period cl Co c3 e1 es €

PGA | -1.1630 | 0.3493 | -0.0140 | 0.1103 | 0.0390 | -0.3150
0.0384 | -1.1766 | 0.3333 | -0.0140 | 0.4665 | 0.1189 | -0.2666
0.0484 | -1.1855 | 0.3101 | -0.0140 | 0.8874 | 0.3145 | -0.1819
0.0582 | -1.1453 | 0.2785 | -0.0140 | 1.1572 | 0.5749 | -0.0895
0.0769 | -1.1246 | 0.2649 | -0.0140 | 1.3796 | 0.5904 | -0.1321
0.0844 | -1.1175 | 0.2644 | -0.0140 | 1.4104 | 0.6435 | -0.1290
0.0970 | -1.1021 | 0.2647 | -0.0140 | 1.3724 | 0.6425 | -0.1647
0.1167 | -1.0987 | 0.2614 | -0.0138 | 1.3265 | 0.6495 | -0.2286
0.1472 | -1.1454 | 0.2740 | -0.0131 | 1.2530 | 0.6277 | -0.2831
0.1691 | -1.1919 | 0.2901 | -0.0126 | 1.1896 | 0.5265 | -0.3448
0.2036 | -1.2486 | 0.3144 | -0.0119 | 1.0459 | 0.4153 | -0.3973
0.2340 | -1.2803 | 0.3172 | -0.0113 | 1.0110 | 0.4559 | -0.4235
0.3090 | -1.3074 | 0.3111 | -0.0100 | 0.7873 | 0.5632 | -0.4542
0.3551 | -1.3239 | 0.3109 | -0.0092 | 0.6854 | 0.2588 | -0.5355
0.3896 | -1.3424 | 0.3113 | -0.0087 | 0.6084 | -0.0382 | -0.5837
0.4274 | -1.3554 | 0.3119 | -0.0082 | 0.5037 | -0.0969 | -0.6259
0.4690 | -1.3733 | 0.3088 | -0.0076 | 0.4889 | -0.0486 | -0.6315
0.5913 | -1.3841 | 0.2827 | -0.0062 | 0.4180 | 0.2373 | -0.5873
0.7456 | -1.4126 | 0.2628 | -0.0049 | 0.3764 | 0.5342 | -0.5361
0.8180 | -1.4287 | 0.2545 | -0.0043 | 0.3652 | 0.6589 | -0.5074
0.9401 | -1.4477 | 0.2392 | -0.0036 | 0.3623 | 0.8620 | -0.4711
1.3622 | -1.5023 | 0.2319 | -0.0020 | 0.0091 | 1.1450 | -0.3811
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Table 5.5. Model Parameters Site term for the Surface Model

Period blin bh800
PGA | -0.4804 | -0.1654
0.0384 | -0.3701 | -0.2024
0.0484 | -0.2796 | -0.2286
0.0582 | -0.2058 | -0.2206
0.0769 | -0.2615 | -0.1961
0.0844 | -0.3163 | -0.1853
0.0970 | -0.4045 | -0.1668
0.1167 | -0.5276 | -0.1609
0.1472 | -0.7093 | -0.1146
0.1691 | -0.7812 | -0.0855
0.2036 | -0.8648 | -0.0604
0.2340 | -0.9034 | -0.0491
0.3090 | -0.9553 | 0.0289
0.3551 | -0.9197 | 0.0677
0.3896 | -0.8900 | 0.0902
0.4274 | -0.8507 | 0.1239
0.4690 | -0.8123 | 0.1609
0.5913 | -0.6918 | 0.2333
0.7456 | -0.6203 | 0.2671
0.8180 | -0.5988 | 0.2823
0.9401 | -0.5746 | 0.2987
1.3622 | -0.5136 | 0.2956
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Table 5.6. Standard Deviations of the Residuals from the Surface Model

Period ¢ for ¢ for T for T for T* for
Mw<bd | Mw>65| Mw<b| Mw>6.5| Mw>6.5
PGA 0.6858 0.6809 0.4391 0.7987 0.5582
0.0384 | 0.6778 0.6853 0.4325 0.7954 0.6014
0.0484 | 0.6722 0.6897 0.4362 0.7773 0.6708
0.0582 | 0.6869 0.7046 0.4369 0.7722 0.7124
0.0769 | 0.7350 0.7528 0.4429 0.7968 0.7295
0.0844 | 0.7473 0.7603 0.4515 0.7891 0.7329
0.0970 | 0.7715 0.7752 0.4714 0.7712 0.7313
0.1167 | 0.7718 0.7739 0.4819 0.7623 0.6975
0.1472 | 0.7727 0.7772 0.4639 0.7715 0.6445
0.1691 | 0.7617 0.7623 0.4725 0.8026 0.6090
0.2036 | 0.7489 0.7492 0.4887 0.7846 0.5664
0.2340 | 0.7341 0.7312 0.4974 0.7596 0.5198
0.3090 | 0.7008 0.6907 0.5170 0.6857 0.4503
0.3551 | 0.6876 0.6799 0.5274 0.6863 0.4144
0.3896 | 0.6808 0.6770 0.5337 0.7059 0.3856
0.4274 | 0.6677 0.6691 0.5374 0.6723 0.3770
0.4690 | 0.6530 0.6560 0.5311 0.6506 0.3703
0.5913 | 0.6237 0.6311 0.5289 0.5745 0.3499
0.7456 | 0.6005 0.6073 0.5321 0.4904 0.3039
0.8180 | 0.5958 0.6084 0.5240 0.4633 0.2871
0.9401 | 0.5850 0.6055 0.5187 0.4339 0.2569
1.3622 | 0.5666 0.5827 0.5173 0.3949 0.2212

[*|]Allowing for oversaturation at large magnitudes
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5.2.3 Borehole Model

The model for borehole is constrained with data from at-depth instruments, and although
the instruments are typically on bedrock occasionally they are at an arbitrary depth. Hence,
it is herein called “borehole model” rather than “bedrock model”. The regression process
is analogous to the process for the combined and surface models. The parameters for the
distance attenuation term c3, and h were taken as the same as the ones calculated for
surface data, as was the parameter M}, for the magnitude attenuation term. This does not
mean that the distance and magnitude terms are equal, as the remaining parameters were

obtained using solely from borehole data.

The functional form for the median of the borehole ground motion prediction equation is

give by Equation 5.10.

pP = Fp, + Fy + Fioo + Fago (5.10)

where, all the terms are equal to those proposed for the combined model, with the difference
that this model does not include an Fj;;. term, which means that all site effects are captured
by Figp and Fygp, to reflect the fact that site response occurs in the near surface region.
The parameter e; is a constant that shifts the magnitude attenuation model, given that
the model has other constant parameters, the necessary shift can be captured by other
parameters. The value of e; was fixed to the value obtained from the surface regression in
order to facilitate comparison of the magnitude attenuation terms. The parameters for the
magnitude and distance attenuation terms for borehole model are given in Table 5.7, and

the site terms in Table 5.8.

Standard deviation for the inter- and intra-event residuals are shown in Table 5.9, along

with an estimate for 7 at magnitudes greater than 6.5 to check what would be the standard
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Table 5.7. Model Parameters for the Distance and Magnitude terms of the Bore-
hole Model

Period cl C c3 es €6

PGA | -1.3569 | 0.5226 | -0.0140 | -1.0677 | -0.5605
0.0384 | -1.4232 | 0.5059 | -0.0140 | -0.9255 | -0.4878
0.0484 | -1.4148 | 0.4354 | -0.0140 | -0.5708 | -0.4189
0.0582 | -1.3897 | 0.3857 | -0.0140 | 0.0004 | -0.2156
0.0769 | -1.3553 | 0.3796 | -0.0140 | -0.0038 | -0.2532
0.0844 | -1.3376 | 0.3791 | -0.0140 | -0.0125 | -0.2677
0.0970 | -1.3134 | 0.3716 | -0.0140 | 0.0278 | -0.2929
0.1167 | -1.2824 | 0.3656 | -0.0138 | 0.1160 | -0.2908
0.1472 | -1.2364 | 0.3424 | -0.0131 | 0.3216 | -0.2823
0.1691 | -1.2402 | 0.3430 | -0.0126 | 0.3790 | -0.2957
0.2036 | -1.2423 | 0.3504 | -0.0119 | 0.3143 | -0.3587
0.2340 | -1.2481 | 0.3353 | -0.0113 | 0.4962 | -0.3398
0.3090 | -1.2535 | 0.3175 | -0.0100 | 0.7236 | -0.3537
0.3551 | -1.2529 | 0.3092 | -0.0092 | 0.4604 | -0.4529
0.3896 | -1.2559 | 0.3128 | -0.0087 | 0.0107 | -0.5722
0.4274 | -1.2469 | 0.3035 | -0.0082 | 0.1362 | -0.5578
0.4690 | -1.2238 | 0.2837 | -0.0076 | 0.3243 | -0.5324
0.5913 | -1.2341 | 0.2644 | -0.0062 | 0.4412 | -0.5648
0.7456 | -1.2794 | 0.2452 | -0.0049 | 0.6268 | -0.5794
0.8180 | -1.3027 | 0.2384 | -0.0043 | 0.6740 | -0.5965
0.9401 | -1.3213 | 0.2260 | -0.0036 | 0.8908 | -0.5624
1.3622 | -1.3603 | 0.2124 | -0.0020 | 1.2335 | -0.5013
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Table 5.8. Model Parameters for the Site terms of the Borehole Model

Period a100 as00 b100 b,00 100 200

PGA | -1.6846 | -1.9046 | 0.0306 | -0.1359 | -0.3047 | -0.4115
0.0384 | -1.3288 | -1.5572 | 0.0391 | -0.2036 | -0.1685 | -0.2443
0.0484 | -1.1233 | -1.3833 | 0.0382 | -0.2157 | -0.1047 | -0.2086
0.0582 | -0.9882 | -1.2369 | 0.0284 | -0.1903 | -0.1257 | -0.2231
0.0769 | -1.2645 | -1.4851 | 0.0933 | -0.1577 | -0.2253 | -0.3181
0.0844 | -1.3753 | -1.5925 | 0.0950 | -0.1495 | -0.2751 | -0.3694
0.0970 | -1.3770 | -1.5972 | 0.0943 | -0.1450 | -0.3220 | -0.4262
0.1167 | -1.4773 | -1.6442 | 0.0737 | -0.0839 | -0.3967 | -0.4883
0.1472 | -1.5884 | -1.6977 | 0.0023 | -0.0001 | -0.4717 | -0.6178
0.1691 | -1.5601 | -1.6901 | 0.0030 | 0.0000 | -0.4859 | -0.6454
0.2036 | -1.5845 | -1.7787 | 0.0000 | -0.0000 | -0.4940 | -0.7212
0.2340 | -1.5052 | -1.7053 | -0.0029 | 0.0077 | -0.5175 | -0.7264
0.3090 | -1.3217 | -1.5619 | -0.0079 | 0.0665 | -0.5180 | -0.7972
0.3551 | -1.2451 | -1.5238 | -0.0297 | 0.0667 | -0.4676 | -0.8085
0.3896 | -1.3256 | -1.6308 | -0.0347 | 0.0464 | -0.4445 | -0.7870
0.4274 | -1.2323 | -1.5656 | -0.0526 | 0.0326 | -0.4194 | -0.7769
0.4690 | -1.2130 | -1.5903 | -0.0636 | 0.0250 | -0.4052 | -0.8231
0.5913 | -1.2298 | -1.6056 | -0.0509 | 0.0075 | -0.4148 | -0.8031
0.7456 | -1.1376 | -1.3802 | -0.0340 | 0.0770 | -0.4538 | -0.6985
0.8180 | -1.1180 | -1.3333 | -0.0145 | 0.0891 | -0.4971 | -0.6868
0.9401 | -1.1070 | -1.2754 | -0.0224 | 0.0818 | -0.5412 | -0.6630
1.3622 | -1.0976 | -1.1312 | -0.0729 | 0.0602 | -0.6703 | -0.7195

deviation of the inter-event residuals if the model allowed for oversaturation.

5.2.4 Model Comparisons

Figure 5.7 shows the comparison of the distance attenuation for the Borehole and Sur-
face models. As expected the attenuation at higher frequencies is faster than at lower
frequencies, and it can be concluded that both models attenuate at a similar rate, while the
difference is a constant shift in the vertical axis (the median prediction) due to the effect

of the shallow surface deposits.

Figure 5.8 shows the magnitude attenuation terms for the three models. The fixed value

of e; allows the comparison of F), for the ground surface and borehole. While for the
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Table 5.9. Standard Deviations of the Residuals from the Borehole Model

Period ¢ for ¢ for T for T for T* for
Mw<bd | Mw>65| Mw<b| Mw>6.5| Mw>6.5
PGA 0.5782 0.5400 0.4590 1.0701 0.4407
0.0384 | 0.5787 0.5465 0.4749 1.0331 0.4836
0.0484 | 0.5936 0.5636 0.5082 0.8667 0.5611
0.0582 | 0.6127 0.5791 0.5045 0.7940 0.6207
0.0769 | 0.5973 0.5692 0.4696 0.8376 0.6562
0.0844 | 0.5985 0.5703 0.4586 0.8480 0.6599
0.0970 | 0.6023 0.5732 0.4538 0.8183 0.6476
0.1167 | 0.6067 0.5800 0.4586 0.7953 0.6262
0.1472 | 0.6091 0.5797 0.4407 0.7710 0.5810
0.1691 | 0.6117 0.5816 0.4286 0.7891 0.5530
0.2036 | 0.6106 0.5798 0.4377 0.7516 0.5113
0.2340 | 0.5979 0.5757 0.4482 0.6882 0.4890
0.3090 | 0.5849 0.5736 0.4609 0.6341 0.4429
0.3551 | 0.5790 0.5696 0.4677 0.6274 0.4093
0.3896 | 0.5700 0.5661 0.4754 0.6597 0.3823
0.4274 | 0.5627 0.5618 0.4787 0.6408 0.3692
0.4690 | 0.5552 0.5540 0.4865 0.6031 0.3659
0.5913 | 0.5289 0.5380 0.5185 0.5106 0.3501
0.7456 | 0.4994 0.5179 0.5467 0.4291 0.2983
0.8180 | 0.4932 0.5146 0.5473 0.3885 0.2761
0.9401 | 0.4882 0.5157 0.5563 0.3313 0.2420
1.3622 | 0.4811 0.5196 0.6030 0.2976 0.2052

[*|]Allowing for oversaturation at large magnitudes
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Figure 5.7. Ground motion estimates attenuation with respect to distance for

magnitudes 4, 5, and 6. Left column corresponds to the estimates for borehole, and

right column to surface estimates; first row shows estimates for a spectral period of

0.05 (sec), second row for T = 0.3 (sec), and third row for T = 1.0 (sec). Estimated

scenario corresponds to Vsgg of 760 (m/s), depth to Vs equal to 800 (m/s) of 60
(m), Vs at depth 100 (m) of 3000 (m/s)
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combined model the constant value e; was not fixed, it can be observed that the shape and

magnitude of the magnitude dependence is in line with the surface and borehole models.

—— Combined Model
— Surface Model
Borehole Model

m

Magnitude term (F_) in LN Units

06 I | | I
4.5 5 55 6 6.5 7

Magnitude

Figure 5.8. Comparison of the magnitude terms for the Combined, Surface, and
Borehole models.

Response spectra are plotted in Figure 5.9 comparing the predictions for borehole and
surface for magnitudes 4, 5, and 6 and distance to the fault rupture of 20, 50, and 100
kilometers. The rest of the predictor variables were set to reference values. The difference
in predicted amplitude of the ground motion reflects the site response effect on the ground

motion.
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Figure 5.9. Median spectrum estimates for magnitudes 4, 5, and 6. Left column

corresponds to the estimates for borehole, and right column to surface estimates;

first row shows estimates for a distance to the fault plane of 20 (km), second row

for Rryp= 50 (km), and third row for Rryp= 100 (km). Estimated scenario

corresponds to Vs3p of 760 (m/s), depth to Vs equal to 800 (m/s) of 60 (m), Vs
at depth bedrock of 3000 (m/s)
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5.2.5 Analysis of Residuals

This section presents the residuals from the regression analyses as functions of Magnitude
and Event depth. The residuals from the regression analyses as functions of other main
independent parameters is presented in the appendix. This allows the assessment of the
models’ performance. Results are presented for the three models developed, for Surface,

Borehole, and Combined for spectral periods of 0.03, 0.2, 0.6, 1.0, and 1.4 seconds.

5.2.5.1 Inter-Event Residuals

Figures 5.10 through 5.19 show the inter-event residuals for the surface, borehole, and
combined models, for the spectral periods and parameters previously mentioned. The
magnitude dependence figures show the median prediction overestimating the data for
magnitudes over 6.5, this trend was expected as over-saturation was not allowed during the
regression. Note also that there is a clear trend of the residuals with respect to event depths,
this shows that for deeper events the median under-estimates the measured values. This has
a fundamental reason in that deeper events, parameterized by distance-to-rupture (Rryp),
will be less attenuated than shallower events with similar distance parameterization because
deeper events’ paths include a larger portion of hard rock. In addition, events at larger

depths may have different stress drop than events at lower depths.
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Figure 5.10. Inter-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.18. Inter-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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models for Surface, Borehole, and Combined versus Event Depth.
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5.2.5.2 Intra-Event Residuals

Figures 5.20 to 5.29 show the intra-event residuals for the surface, borehole, and combined
models, for the spectral periods previously mentioned. Residuals are plotted versus Magni-
tude and Closest distance to the fault rupture. There is no trend with any of the regressed
variables (see also appendix A). However a trend was found when looking at close events
(e.g. recorded at distances to the fault lower than 20 km), this is because the model does
not consider any specific term to account for near fault effects. Moreover, soil nonlinearity
is not accounted for in the model and these effects are more likely to be observed at close
distances. The fact that the trend is, in general, observed in the surface residuals more
than in the borehole residuals concurs with nonlinear soil behavior being a factor. Note

also, that the trend is only noticeable at periods lower than 0.6 seconds.

A noticeable trend of decreasing variation of the intra-event residuals is noticed for distances
larger than 200 km. This effect is not reflected by recent attenuation models (e.g., the NGA
attenuation models), because because these models did not include records at very large

distances in their regressed data.
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Figure 5.20. Intra-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.21. Intra-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus distance to the fault.
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Figure 5.22. Intra-Event Residuals for spectral period of 0.2 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.23. Intra-Event Residuals for spectral period of 0.2 seconds and the
models for Surface, Borehole, and Combined versus distance to the fault.
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Figure 5.24. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.25. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus distance to the fault.
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Figure 5.26. Intra-Event Residuals for spectral period of 1.0 second and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.27. Intra-Event Residuals for spectral period of 1.0 second and the
models for Surface, Borehole, and Combined versus distance to the fault.
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Figure 5.28. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus Magnitude.
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Figure 5.29. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus distance to the fault.
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5.2.6 Comparison of Inter and Intra-Event Residual Standard Devia-

tions

Inter- and intra-event residuals, as explained above, are normally distributed random vari-
ables with zero mean and standard deviations 7 and ¢ respectively. The study of these
standard deviations is relevant because they dictate how much uncertainty is embedded in
the GMPE. Figures 5.30 and 5.31 show the magnitude dependence of these two standard
deviations. Note that intra-event standard deviation, ¢, is almost independent of magni-
tude, while inter-event standard deviation,r, are positively correlated with magnitude for
short spectral periods, and negatively correlated for higher spectral periods. It is important
to note that, as mentioned before, the 7 values are over-estimated for large magnitudes due

to the bias resulting from preventing oversaturation.

Further comparison of these measures of uncertainty, can be observed in Figures 5.32 to
5.34. Note first that intra-event standard deviation for the combined model falls between
P and ¢%, as expected. Figures 5.33 and 5.34 show that inter-event standard deviations
for the three models are not very different. This fact reinforces the suitability of using the
Combined model which forces the inter-event average misfits to be equal (there is only one

0Be in the combine model).

Ground motion prediction equations generally assume that inter- and intra-event residu-
als are independent, this assumption is implicit in that no correlation is included in the

equations. Correlation values, however, are seldom published.

To test whether these two random variables are correlated or not, the correlation coefficient
between them was calculated. Because the regression process allowed for the inter- and
intra-event standard deviations to be magnitude dependent, the values for each of them
were normalized to make them standard normal random variables (i.e. N (0,1)) by dividing

them by the corresponding standard deviation (7 for the inter-event, and ¢ for the intra-
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Figure 5.30. Surface intra- and inter-event standard deviations as a function of
magnitude. Intra-event standard deviation presented in left column, inter-event
standard deviation in right column.
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Figure 5.32. Comparison of the intra-event standard deviations -¢- for the Com-
bined, Surface, and Borehole models.

event residuals). Figures 5.35 to 5.38 show the correlation between dB, and §W,, for
spectral periods of 0.03 and 1.0 seconds for the borehole and surface models. From the

analysis it is concluded that the independence assumption is valid.

Figures 5.39 and 5.40 show the close match between Surface and Borehole inter-event resid-
uals. The close agreement between the inter-event residuals obtained from the Combined
model, and those from the Surface and Borehole models indicates that the often made as-
sumption that borehole and surface ground motions have the same event residual is correct.
Moreover, it also indicates that the Combined model gives about the same predictions as

those given by the Surface and Borehole models alone.
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Figure 5.33. Comparison of the inter-event standard deviations -7- for the Com-
bined, Surface, and Borehole models.
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5.3 Single-Station Standard Deviations

5.3.1 Introduction

Much recent work has been devoted to compute the standard deviation of recorded ground
motions at a single station (e.g. Lin et al., 2010; Al-Atik et al., 2010). This work has been
driven by the need to develop better estimates of standard deviation for non-ergodic PSH A
analyses (Anderson and Brune, 1999). In traditional (e.g., ergodic) PSH A, the underlying
assumption is that the variability computed from an entire data set (e.g., including various
sites and various sources for various events) is the same as the variability at a single site for
various events. Removing the ergodicity assumption implies that the median ground motion
at a given site can be estimated using independent means, and hence the standard deviation
must also be reduced to reflect this additional information. As indicated in Chapter 3, single
station standard deviations can be used as a lower bound value of the standard deviation
that would be used in a PSHA analysis that removes the ergodic assumption on site response
(Al-Atik et al., 2010). This Section presents single station standard deviations for the KiK-
net database and compares the results with similar studies for other geographical regions.
The results presented herein have the originality of being applicable both to the surface
and to the borehole, since the KiK-net database has records at both the surface and at

depth.

This section presents an analysis of single-station standard deviations using the KiK-net
database. The approach taken was to develop a ground motion prediction equation specific
to the KiK-net data (Section 5.2). A subset of stations that have recorded more than 10
records is selected and single station standard deviations are computed for these stations.
These results are presented in Section 5.3.2. Section 5.3.3 looks at correlations between
single station residuals and other subsets of residuals. An additional breakdown of residuals

is studied in Section 5.3.4. Finally, the computed single-station standard deviations are
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Figure 5.41. Magnitude-Distance distribution for the subset of stations with
more than 10 records.

compared to those computed for other geographical regions.

5.3.2 Analysis of Residuals at Single-Stations

A subset of ground motions from the KiK-net database that corresponds to stations that
recorded at least 10 events is selected. The magnitude-distance distributions of earthquakes
recorded at these stations is shown in Figure 5.41. The station parameters (Vs30, Vshole,

HS800) of these stations are shown in Figure 5.42.

In order to compute the single station standard deviation, the intra-event residuals com-
puted from the GMPE (Section 5.2) for each station are used to define the site term for

each of the stations as given by
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Figure 5.42. Station parameters for subset of stations with more than 10 records.

1 NE;
0528, = + o ; W (5.11)

where, §525; is a random variable that represents the average within-event residual at
each station and is hereby referred to as the site term. This is the average intra-event
residual at site “s”. Assuming that there is no bias in the subset of single-station records,
this random variable is a zero mean random variable, and its standard deviation is denoted
by ¢gog. This standard deviation quantifies the site-to-site variability that is not explained
by the ground motion prediction equation. The introduction of the site term permits a

decomposition of the ground motion residuals as follows

A =Wes+ 0B, = 0525 + oW, + 6B, (5.12)

Note that at a single station §52S5; takes a given, deterministic value, hence the single
station ground motion variability is computed by eliminating this term from the residuals.
0W, is a residual variability. The single-station standard deviation can then be computed

for the entire subset (of stations that recorded more than 10 earthquakes) using:
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SOV SNBSS (§W, — 6528;)2
¢55—\/ ZNS NE) 1 (5.13)
s=1

Equation 5.13 which assumes a homoscedastic model, is equivalent to a weighted average of
the individual single-site intra-event standard deviation. ¢gg can then be allowed to vary
with station or event parameters in order to capture any dependence on single station sigma.
Alternatively, the single-station standard deviation can be computed for each station using

Equation 5.14.

NE
2 (6Wes — 0528;)2
bss, = \/2 (NE — ) (5.14)

Figure 5.43 shows the within event residual at each of the N stations with more than
10 records for the PGA. The square symbols represent the mean residual at each station
(052S;) and the error bars correspond to a one standard deviation range (¢sss) for each
station. The stations are placed in order of increasing number of records. The residuals
corrected for the site term 6525, are shown in Figures 5.44 to 5.46, both for the surface and
the borehole, and for selected frequencies. These residuals are plotted versus magnitude.

Observe that there is only a slight dependency on magnitude of ¢ss.

Figures 5.47 to 5.49 show the correlation between the intra-event residuals corrected for
site-term (0W,s — 6525;) and the inter-event residuals or event terms (dB.). Statistical
independence between these random variables can be safely assumed from the low correla-
tion coefficients at all periods. Hence, the total single-station standard deviation can then

be computed as

Oss = \/ gs + 72 (515)
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Figure 5.46. Intra-event residuals corrected for site term versus magnitude, for
a spectral period of 1.0 second.
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Figure 5.47. Correlation between intra-event residuals (corrected for the site
term) and inter-event residuals, for peak ground acceleration.
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Figure 5.48. Correlation between intra-event residuals (corrected for the site
term) and inter-event residuals, for a spectral period of 0.3 seconds.
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Figure 5.49. Correlation between intra-event residuals (corrected for the site
term) and inter-event residuals, for a spectral period of 1.0 second.
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The single station standard deviations that include the event term are shown in Figure 5.50.
Recall that the magnitude scaling of the GMPE was not allowed to decrease with increasing
magnitude (Section 5.2). As a result, there is a significant bias at high frequencies for
earthquakes with magnitudes larger than 6.0. This bias, in turn, results in an overprediction
of the between event variability at large magnitudes (7). To limit the effect of this bias, the
bias in the event terms for earthquakes with magnitude greater than 5.6 (M h) was removed
using a linear fit. The reduced values of 7 are used to compute the os5 shown in Figure
5.50. The difference between single-station standard deviation of surface and borehole is
consistently lower than the difference seen between standard deviation in the GMPEs (e.g.
Table 5.3). The single station standard deviations for all periods are shown in Figure 5.51
both for the surface and the borehole records. Table 5.10 shows the single-station standard

deviations.

The approach used to compute single station standard deviations presented above is the

approach that was adopted by the PEGASOS project Renault et al. (2010).

Figures 5.52 to 5.54 show the mean of single station residuals (§52S5) versus Vs3g and
site period (To). It is interesting to note that for long site period (e.g., soft soil sites),
there is a negative bias in the residuals for the surface, which indicates that the GMPE
is overpredicting ground motions for these stations (e.g. Figure 5.52). This is likely due
to nonlinear soil behavior for these stations. Figure 5.52 to 5.54 also show the intra-event
single-station standard deviation (¢ss,) as a function of site parameters. Observe that
the standard deviation of the §52S5; term for the surface appear to decrease slightly for

increasing values of To, this is observed at all frequencies.

Figures 5.55 to 5.57 show the dependency of intra-event single-station residuals (61 —4§525)
versus site conditions for PGA, T = 0.3, and T' = 1.0. The dependency of intra-event
single-station residuals on V's3g shows no trend until large Vs3y values. For stations with

large Vsgp values (i.e. Vsgp > 900 m/s), the standard deviation of these residuals (¢ss) is
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Figure 5.50. Single station standard deviations for stations with more than 10
records, for peak ground acceleration

equal to 0.44 (log units, at borehole for PGA), lower than the 0.51 value for lower Vssg
values. If we consider only the Vs3o values that correspond to engineering bedrock (Vs3g
> 760 m/s), the ¢gs value is 0.49. Note that this findings are true for borehole but not for

surface.

Figures 5.58 to 5.60 show the standard deviation of the empirical amplification factor (in
log-space) computed by dividing the ground motion at the surface over the ground motion
at depth for each of the 131 stations with more than 10 recordings. Using the notation

described above, this amplification factor corresponds to:
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Figure 5.51. Total standard deviations compared for single-sites and the ergodic
prediction.

AF =% — P (5.16)

Note from Figures 5.58 to 5.60 that the standard deviation of the amplification factor tend
to decrease for high Vs3g. This observation, combined with the previous one that Vssg
does not influence the observed residuals, could indicate that the GMPE (i.e. the median
model) is strongly influenced by the sites where most of the data is (i.e. low Vs39) inducing

a slight bias for high Vs3g.
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Figure 5.52. Mean of single-station residuals versus V's3p and site period (To).
Left column shows the mean residuals (0.52S) and right column shows its standard
deviation (¢g25). Results for peak ground acceleration.
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Figure 5.53. Mean of single-station residuals versus Vs3p and site period (To).
Left column shows the mean residuals (65295) and right column shows its standard
deviation (¢s2s). Results for spectral acceleration of 0.3 seconds.
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Table 5.10. Single-Station Standard Deviations for Surface and Borehole

Period | Surf ¢ | Borehole ¢ | Surf ¢ | Borehole o
PGA | 0.4967 0.5060 0.6725 0.6684
0.0384 | 0.4857 0.4849 0.6698 0.6681
0.0484 | 0.4725 0.4670 0.6653 0.6672
0.0582 | 0.4660 0.4722 0.6655 0.6744
0.0769 | 0.4774 0.4725 0.6791 0.6697
0.0844 | 0.4837 0.4819 0.6746 0.6641
0.0970 | 0.4912 0.4945 0.6800 0.6693
0.1167 | 0.5028 0.4999 0.6874 0.6761
0.1472 | 0.5149 0.5024 0.6864 0.6696
0.1691 | 0.5124 0.5049 0.6805 0.6648
0.2036 | 0.5067 0.4994 0.6741 0.6610
0.2340 | 0.5010 0.4865 0.6682 0.6520
0.3090 | 0.4812 0.4664 0.6582 0.6379
0.3551 | 0.4777 0.4573 0.6517 0.6361
0.3896 | 0.4653 0.4459 0.6511 0.6357
0.4274 | 0.4583 0.4427 0.6459 0.6319
0.4690 | 0.4531 0.4410 0.6382 0.6320
0.5913 | 0.4442 0.4350 0.6307 0.6302
0.7456 | 0.4258 0.4120 0.6144 0.6192
0.8180 | 0.4264 0.4086 0.6168 0.6216
0.9401 | 0.4258 0.4034 0.6122 0.6148
1.3622 | 0.4178 0.3870 0.6095 0.6266
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Figure 5.54. Mean of single-station residuals versus Vs3p and site period (To).
Left column shows the mean residuals (65295) and right column shows its standard
deviation (¢s2s). Results for spectral acceleration of 1.0 second.
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Figure 5.56. Intra-event single-station residuals a versus Vssg for a spectral
period of 0.3 seconds.
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5.3.3 Study of Cross-correlation between Residuals

When dealing with borehole and surface records, surface ground motion can be written as,

yC = pP + pMP 4 sWwB 4 55284MP L AMP + 6B (5.17)

where, P is the median prediction for the borehole, panp is the median amplification
factor predicted by the GMPE, function of V s3y and/or other site parameters (see Equation
5.5), W5 is the intra-event residual at borehole, §S28AMP s the mean residual among
sites with the same site parameterization (e.g. same Vs3g and h800), S AM P is the residual
in site amplification within each site, and § B? is the inter-event term at borehole. The sum
of the terms 65284MP and §AM P represents the residual of the empirical amplification
factor. If § B is assumed to be equal to § BB, which is consistent with the results presented
in Section 5.2 (see Figure 5.34) and it is imposed in the Combined model, Equation 5.17

can be rewritten as,

yC = pP + pMP 4 sWPB 4 55284MP L 5AMP + B¢ (5.18)

or equivalently,

yC = p + SWPB + §5254MP L SAMP + §B® (5.19)

This implies that,

0 = \/(qﬁB)2 + (Gsagamr)? + ¢4y p + T (5.20)
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For this to be true, W5, §5284MP §AMP and § B¢ must be independent random vari-

ables.

Computation of §5254MP  The median estimate at borehole is given by,

yP = uP + WP + 6BP (5.21)

and at the ground surface by,

y& = u® + W + 6BC (5.22)

subtracting them, the empirical amplification factor (AF’) is obtained. Recalling that the

intensities y” and y© are in logarithmic units the equation for AF is then,

AF =% — B = % — yP 4 (5w — swh) (5.23)
—_— —,
pAMP AAMP

where, AAM P is the difference between the intra-event residuals at the surface and bore-

hole. Combining Equations 5.19 and 5.23, AAM P can be rewritten as,

AAMP = WY — 6BP = §5284MP L sAM P (5.24)

where, ) AM P is a zero mean, normally distributed random variable with standard deviation
¢anmp, and §S28AMP g also a zero mean, normally distributed random variable with
standard deviation ¢gogamp. Table 5.11 shows the correlation coefficients between the

residuals in Equation 5.20.
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Table 5.11. Single-Station Residuals correlation Coefficients

PGA | 0.3 (sec) | 1.0 (sec)
SWEB & §528AMP 101178 | -0.1572 | -0.1591
SWEB & 6AMP -0.2875 | -0.1500 | -0.2222
SWPE & 6B -0.0911 | -0.0072 | 0.0777
§S528AMP & SAMP | 0.0000 | 0.0000 | 0.0000
§528AMP ¢ sBE [ 0.0236 | 0.0645 | -0.0331
SAMP & 6BC 0.0459 | 0.0547 | -0.0789

Note the negative correlation between the intra-event residual and mean residual amplifica-
tion (65254MP)  this dependency is what one would expect if nonlinear effects were taking
place. The residual amplification, corrected by §S2S4MP SAMP is again negatively cor-
related with the intra-event residual, a further indication on of nonlinear effects. Notably,

SAMP

the correlation between 052 and 0AM P extremely low. The remaining pairs are

poorly correlated.

Figure 5.61 shows the correlation coefficients between all the components of the total resid-
ual at the ground surface. Since the random variables represented by their statistics in

Equation 5.20 are not uncorrelated, Equation 5.20 should include these correlations as,

o¢ = \/(¢B)2 + (Pszsamr)? + ¢y p + 724

2% psyy s _sgagamp * B x dgoganme + 2% psywr_sanp * 98 * damp + - (5.25)

2% pswi_spe ¥ OB x T+ 2% psgagamp _sapnp ¥ Ggogamp x danp + -

© 2% PsgagAMP _§BG X QgagaMp X T + 2% D5 AN p_sBG * QAMP ¥ T

where, all the correlation coefficients needed are given in Table 5.11. The standard devi-
ations of each of the involved random variables are given in Table 5.12, to be consistent
with the estimates of the single station components of the Equation 5.25, the inter-event

residual standard deviation (7) is updated to represent only those events sampled in the
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Figure 5.61. Correlation coefficient between the different components of the
total ground surface residual. Correlation Coefficients are plotted against spectral
period.

single-station subset 10 or more times. This change is also necessary to add the magni-
tude independent single-station residual variances, with inter-event variances that otherwise
would be magnitude dependent. The difference between this value of 7 and the ergodic

estimate (i.e. the standard deviation of the mean of §B).

Table 5.13 shows the comparison between the empirical total standard deviation at the

G

ground surface 0%, with the sum of the disaggregated sources of variability (i.e. Equation

5.25). Note that for most spectral periods there is very good agreement between the two.
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Table 5.12. Standard Deviation of Random Variables that compose the total
Surface Standard Deviation (ergodic)

Period gbB bgogaMP | AMP T

PGA | 0.6603 0.3805 0.3067 | 0.5212
0.0384 | 0.6380 0.3681 0.3100 | 0.5092
0.0484 | 0.6190 0.3787 | 0.3153 | 0.4965
0.0582 | 0.6133 0.3854 | 0.3129 | 0.4872
0.0769 | 0.5939 0.4370 | 0.3012 | 0.4877
0.0844 | 0.6085 0.4527 | 0.2979 | 0.4821
0.0970 | 0.6120 0.4922 0.2910 | 0.4808
0.1167 | 0.6078 0.5019 0.2811 | 0.4849
0.1472 | 0.6010 0.4839 0.2592 | 0.4587
0.1691 | 0.6054 | 0.4926 0.2510 | 0.4593
0.2036 | 0.6067 | 0.4687 | 0.2425 | 0.4662
0.2340 | 0.5921 0.4730 | 0.2412 | 0.4616
0.3090 | 0.5773 0.4549 0.2301 | 0.4540
0.3551 | 0.5696 0.4555 0.2266 | 0.4579
0.3896 | 0.5517 | 0.4543 0.2240 | 0.4674
0.4274 | 0.5505 0.4483 0.2290 | 0.4666
0.4690 | 0.5418 0.4244 | 0.2359 | 0.4614
0.5913 | 0.5207 | 0.3876 0.2384 | 0.4717
0.7456 | 0.4964 | 0.3770 | 0.2607 | 0.4753
0.8180 | 0.4924 | 0.3610 | 0.2696 | 0.4781
0.9401 | 0.4935 0.3564 | 0.2828 | 0.4760
1.3622 | 0.5038 0.3577 | 0.3312 | 0.5062

The negative correlation between the borehole variability (67) and the components of the
variability in the amplification implies that if this correlation is taken into account in
the Bazurro and Cornell methodology, the resulting standard deviation would be reduced.

Equation 3.3 has to be modified to account for the correlation. Hence, the equation becomes

OlnSs (f) = \/(01 +1)% % Ufnsg(f) + UZZnAF(f) +2(c1 + 1)p(f)0lnsg(f)0lnAF(f) (5.26)

Inclusion of the negative correlation would decrease standard deviations at the surface and

hence result in a reduction in hazard curves.
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Table 5.13. Empirical check for Equation 5.25

Period | Empirical Surface o | Surface o from eq. 5.25
PGA 0.8181 0.8567
0.0384 0.8179 0.8428
0.0484 0.8192 0.8256
0.0582 0.8248 0.8199
0.0769 0.8684 0.8675
0.0844 0.8722 0.8767
0.0970 0.8939 0.8944
0.1167 0.8948 0.8965
0.1472 0.8838 0.8837
0.1691 0.8758 0.8798
0.2036 0.8736 0.8782
0.2340 0.8678 0.8689
0.3090 0.8537 0.8459
0.3551 0.8455 0.8366
0.3896 0.8413 0.8310
0.4274 0.8311 0.8212
0.4690 0.8121 0.8006
0.5913 0.7963 0.7853
0.7456 0.7773 0.7677
0.8180 0.7690 0.7635
0.9401 0.7558 0.7508
1.3622 0.7472 0.7448

Figures 5.62 to 5.64 show 652S4MP as a function of Vs3y and predominant period To.
Note how the standard deviations at all periods reduce with increasing shear wave velocity.

This would indicate lower variability in site response for stiffer soils.

5.3.4 Study of Single-Station Standard Deviations: path, magnitude,

and distance effects

Single station standard deviation was shown to be a lower bound to the standard deviation
that can be used in a PSHA analysis when the ergodic assumption on site response is
removed. There is, however, large variability in single-station standard deviation from

one station to another, as evidenced, for example, in Figure 5.50. One possibility for
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Figure 5.62. Mean residual amplification (652S4MF) versus Vsgg for peak
ground acceleration. Plus and minus 1 standard deviations are added to illustrate
dependency
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this large variation in single station standard deviation is that a single station samples
events from various sources and various azimuths. Figure 5.65 shows the single station
standard deviation for 7" = 0.3 as a function of the standard deviation of the station-to-
event azimuth. Observe a clear correlation of increasing standard deviation with increasing
standard deviation azimuth. A similar trend can be seen in Figure 5.66, where single station
standard deviations are shown only for records within a given bracket of station-to-event
azimuth. When the azimuth bracket is reduced to 8 degrees, the single station standard
deviation (intra-event) for 7' = 0.3 reduces to 0.424 from a value of 0.481 for all events.

Table 5.14 shows a comparison of ¢ss and the bracketed ¢gs.

Table 5.14. Single-Station Standard Deviations for Surface and Bracketed Az-
imuths

Period | Surf ¢ Surf ¢
for 8° bracket
PGA | 0.4967 0.5216
0.0384 | 0.4857 0.4220

0.0484 | 0.4725 0.4038
0.0582 | 0.4660 0.4179
0.0769 | 0.4774 0.4166
0.0844 | 0.4837 0.4192
0.0970 | 0.4912 0.4305
0.1167 | 0.5028 0.4346

0.1472 | 0.5149 0.4774
0.1691 | 0.5124 0.4909
0.2036 | 0.5067 0.4834
0.2340 | 0.5010 0.4779

0.3090 | 0.4812 0.4239
0.3551 | 0.4777 0.4285
0.3896 | 0.4653 0.4150
0.4274 | 0.4583 0.3989
0.4690 | 0.4531 0.3963
0.5913 | 0.4442 0.3915

0.7456 | 0.4258 0.3874
0.8180 | 0.4264 0.3882
0.9401 | 0.4258 0.4073
1.3622 | 0.4178 0.3897

This study concentrated on removing the ergodicity assumption on site response from site
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response analyses. Figures 5.65 and 5.66 are an indication that if the ergodicity assumption
on path is also removed, the single station standard deviation can be reduced much further.
Studies in Taiwan (Lin et al., 2010; Chen and Tsai, 2002), Japan (Morikawa et al., 2008), and
Southern California (Atkinson, 2006) showed single-station, single-path standard deviations
for PGA as low as 0.365, 0.36, and 0.414, respectively. In this study, the value for a spectral
period 0.03 seconds computed for stations with an azimuth range of 8 degrees is 0.422, for
PGA the bracketed value is the only exception where higher than that obtained for all
azimuths were obtained. Similar reduction is seen at other spectral periods. Table 5.15
shows a comparison with other studies, note the remarkable agreement in o, from studies
across very different regions.

Table 5.15. Single-station standard deviations for PGA

This study | Atkinson (2006) | Lin et al. (2010) | Chen & Tsai (2002)
o 0.799 0.711 0.680 0.731
T 0.493 0.405 0.490
10) 0.629 0.546 0.543
Oss 0.672 0.617 0.619 0.631
Dsp 0.387 0.414 0.365

It is also important to consider the variability in single station standard deviation with
magnitude and distance to rupture. Figure 5.67 shows the single station standard devia-
tions for two ranges of magnitudes. The differences in standard deviation for the different
magnitude ranges are significant, although it is important to note that the standard devi-
ations obtained are sample size sensitive. This behavior is consistent for all periods, and
as more data is gathered further validation would be desirable. When different ranges of
distance are used (Figure 5.68), it is seen that the standard deviation decreases with in-
creasing distance to the fault. This trend is also seen for intra-event residuals (e.g. Figure

5.22).
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(p = 34%). Only stations with more than 15 records are considered for this plot.

171



0.8

0.4
0.2

08
@06
0.4
0.2

10° range

Mean 4.~ 0.41997

60’ range

Mean ¢ = 0.45951

X

*

x X
Kol

X% P
xx§’%\x5§<

3

x

0.8

0.4
0.2

0.8
@06
0.4
0.2

30° range

Mean ¢ss =0.44915

359 range

Mean ¢ = 0.48758

xX % X
X % 5 X
;aggx X' Xx %

200 % X
% K Fox W
b

Pl

p o

Figure 5.66. Single station standard deviations for T' = 0.3 of records sampled
from a varying range of station-to-event azimuth. Only station with more than 15
records are considered for this plot.
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Figure 5.67. Single station standard deviations for different magnitude ranges for
T = 0.3. Only station with more than 10 records are considered for this plot, and
only those with 6 or more records are within each magnitude bracket are plotted.
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Figure 5.68. Single station standard deviations for T' = 0.3 and for different

ranges of distance to the rupture plane. Only station with more than 10 records

are considered for this plot. Mean single station standard deviation of these records
is 0.48.
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5.4 PSHA Example

This section presents an example application of the proposed methodology along with
current ergodic estimates, and estimates using single-site ground motion records. All within

the framework of a probabilistic seismic hazard analysis (PSHA).

The seismicity affecting the sample site will be defined as follows,

e Areal Source of seismicity of 100 by 100 kilometers.
o Activity rate of 0.38, for Mw between 4 and 7

e Truncated exponential Mw distribution (A = 0.8).

The selected site is is located at coordinates 34.4856° N and 130.9069 W and, corresponds
to station KMMHO09 in the KiK-net database. The Vg of the site is 399.79 (m/s), and

the shear-wave velocity profile is given in Figure 5.69.

In this example we will look at the ground motion predictions and hazard curve for a
spectral period of 0.1 seconds. Figure 5.70 shows the residuals of the records at the site,
with a mean deviation from the predicted Sa(T" = 0.1) of §525= 0.28, this corresponds to

the site-to-site variability. The standard deviation of these residuals is 045,=0.36.

Figure 5.71 shows the hazard curve for the ergodic condition, that is using the median
GMPE prediction for the ground surface, and the corresponding standard deviation. Figure
5.72 shows the hazard curve for the site-specific case, that is when 9525 is known and o,

can be used.
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Figure 5.70. Total residuals at site KMMHO09, for spectral period of 0.1 seconds.
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Figure 5.72. Ergodic and Single-Site Hazard Curves

Note the that the reduction in design values for long return periods is significant. For short

return periods, the single-site hazard curve is increases because of the positive value of
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6525, this shows the bias of the ergodic prediction. Figure 5.73 shows the prediction of
the single-site hazard curve using the median borehole prediction, site response, and the
standard deviation known for the site (ogs,). This last curve matches reasonably well the
single-site curve, but it is important to know that in a general case we do not have the

necessary information to use o, .
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Figure 5.73. Site-specific hazard curve using borehole ground motion estimate
and site response.

Using the second method proposed in Chapter 3, a fourth hazard curve is calculated with
the median estimate for borehole and the ergodic standard deviation but without the site-
to-site amplification variability (i.e. ¢gggamp). This hazard curve is included in Figure

5.74, note the reduction on design values for long return periods is significant.

Figure 5.75 shows another important advantage of the proposed approach, the reduction of
bias in ground motion estimates. Because the selected site is positively bias with respect to
the median prediction (i.e. 525 > 0), the predicted ground motion using site response is
higher than the median prediction, which impacts the seismic hazard and can be observed

in Figure 5.75.
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Figure 5.74. Hazard curve using site response and partially ergodic standard
deviation
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Figure 5.75. Short return period portion of the hazard curves. Note the misfit of

the site response generated curves with respect to the ergodic curve, this reflects
the reduction of the bias in the ground motion predictions.
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All the hazard curves shown so far consider linear site response. The GMPE’s consider only
linear site terms because the KiK-net database is governed by low magnitude events that
in most cases did not produce nonlinear soil behavior. However, in our PSHA example long
return periods are considered, which imply higher intensities and therefore would induce
nonlinear soil behavior. To consider nonlinearity in site response, the Bazzurro and Cornell

approach is used.

Site response analyses were performed using the linear-equivalent approach. Modulus degra-
dation curve used for all layers was the Dobry and Vucetic (1987) curve for clays with
plasticity index between 10 and 20, and the density was taken as 1.8 g/cm3. The ground

motions used as input correspond to those used in Section 4.2.

Figure 5.76 shows the results of this exercise. Observe the significant reduction in the

design values for long return periods.
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Figure 5.76. Hazard curves including nonlinear site response.
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Chapter 6

Conclusions

6.1 Summary

The results of seismic hazard analyses are strongly influenced by the uncertainty in the input
parameters. The motivation for this dissertation is to better account for the components
of these uncertainties. One important step towards reducing uncertainty is to identify the
parts of the phenomena that are epistemic, and therefore reducible, and the parts that

constitute aleatoric uncertainty.

Throughout this dissertation the total uncertainty in the predicted ground motion was
divided into different components. The components were explained and where possible
bounds to these uncertainties were set. This is significant in the context of Probabilistic
Seismic Hazard Analysis (PSHA), as if a part of the uncertainty is bounded it means that
when designs for long return periods (i.e. important structures) are needed the magnitudes
of the parameters involved (e.g. magnitude, site amplification) cannot increase indefinitely.
Although there is no evidence in the literature to cap the total uncertainty in ground motion

predictions, the ability to limit a part of it could be significant.
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In order to avoid counting the site variability twice in a site-specific hazard analysis, one
needs to use an input motion that does not include that uncertainty. This is not easily
done with current methodologies, as most GMPE are developed using records from multiple
earthquakes and multiple locations, hence the ground motion estimates includes site-to-site
variability. This dissertation approaches this problem by studying the site response part
of the total uncertainty, this is done using surface and borehole data available from the

KiK-net database.

Three different problems were studied . First, a random field model for shear wave velocity
profiles was developed. This model can be used to obtain realizations of random fields for
Monte Carlo type analyses. Second, a ground motion prediction equation for the Kik-net
database was developed. This database was selected because it has sufficient records to
compute stable estimates for the statistics of ground motion residuals at a single station.
Finally, the statistics of residuals at a single station were studied and their components

were analyzed.

6.2 Significant Findings

This dissertation provides means to perform site-specific seismic hazard analysis, relaxing
in part the ergodic assumption, and hence reducing uncertainty in the ground motion

estimates.

Site response can be a significant contributor to the seismic hazard. Moreover, this is a
component of ground motion uncertainty that could be reduced. For this reason random
fields were studied as an option to manage the variability of shear-wave velocity profiles
that in turn can result in site response variability. Random fields can be used to generate
profiles that match the observed profiles to the degree of uncertainty reached with the site

exploration, and then used to propagate bedrock ground motions. By using random fields
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the engineer is allowed to use all available information on the site of interest to constrain the
wave propagation characteristics of the site. Constraining the variability of the shear-wave

velocity profiles, produces three important benefits,

e Better reflecting the variability in all inputs to a PSHA analysis.
e Reducing bias in the ground motion estimate.

e Possible reduction of the total uncertainty.

One significant contribution of this dissertation to the use random fields in generating ver-
tical shear-wave velocity profiles is the use of stationary gaussian models. Typical random
profile generation approaches use non-stationary gaussian models, that require the fitting
of many of their parameters before the user is able to generate profiles appropriate for
his/her study. The proposed stationary gaussian model uses the strong correlation that
exists between adjacent layers rather than distance between points. This allows for very
simple and fast calibration of the model to any data set, in particular if at a site of interest
site exploration is performed the random field models can be used to account for the varying

degrees of knowledge on the site profile.

Several random field models were developed and compared in terms of reproducing the
statistics of the underlying database, its correlation structure, and their ability to reproduce
site response. The two models that compared the best with the database (i.e. the real
profiles), were the one layer lag stationary gaussian model and the non-stationary gaussian
model proposed by Toro (1995). The conclusion is that the one layer lag stationary model
is the simplest of all the tested models and the one with best behavior by the measures

that were tested.

The typical assumption in PSHA is that the uncertainty of the entire sample of sites

and earthquakes is equal to the uncertainty of an individual site. This so called ergodic
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assumption leads to high uncertainties because many different seismotectonic regions, wave
paths, and sites are lumped together. In this dissertation single-site data were examined.
A noteworthy observation is that the reduction of uncertainty is significant when moving
from using a general GMPE (i.e. one that uses the ergodic assumption), to that observed

uncertainty at single sites that have recorded more that 10 earthquakes.

In order to study the uncertainty at these sites, three ground motion prediction equation
were developed. One for the ground surface, one for the borehole, and one that used the
combined data set, for surface and borehole together. This last approach is novel in that
it uses borehole and surface data to constrain the terms that are not surface or borehole
specific. Conclusions from the analysis of the residuals from these GMPEs include that the
Combined model produces similar results to those of the models for surface or borehole.
The mean residuals for each earthquake are remarkably similar between the three equations,

which validates the use of a single measure for borehole and ground surface event residual.

Single station residuals are a sample of what would be the variability at a specific site
(i.e. without using ergodic assumption). This variability can be reduced even more if a
limited range of earthquake azimuths is considered for each station, forcing a unique path
and possibly source. Path and source effects are a significant contribution to the total
uncertainty, allowing to reduce the intra-event standard deviation by about 0.2 (log units
of pseudo-spectral acceleration). A striking observation is that while total uncertainty in
different regions of the world are significantly different, estimates of single-station standard

deviation and single-station, single-path standard deviation are very similar.

Finally, a methodology for site-specific PSHA studies for sites where site response is needed
was proposed. The methodology proposed by Bazzurro and Cornell (2004b) was used.
However, the methodology was modified in two important ways. First, it was demonstrated
that the standard deviation of the input ground motion should be that of the borehole

records, which is significantly lower than the standard deviation at the surface. Second, it
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was demonstrated that borehole residuals are negatively correlated with the amplification

factor and this correlation can result in a reduction of the uncertainty at the surface.

6.3 Recommendations for Further Study

Several issues worth of additional study were identified throughout the conduct of the

research presented in this dissertation. The most important issues are highlighted below

e The ground motion prediction equations developed in this study assume linear soil
behavior. However, several indicators point to non-linear soil behavior for some sta-
tions. It is recommended that the GMPE developed herein be modified to account
for soil nonlinearity. The effect of nonlinearity on the distribution of the components

of single-station residuals and their interdependence must also be studied.

e Study of the KiK-net data clearly indicated that consideration of single-path would
reduce the single-station standard deviation. More systematic methods should be
used to compute single-path standard deviation. Moreover, methodologies to compute

path terms that would be used in PSHA must be developed.

e The proposed methodology takes advantage of the existence of borehole ground mo-
tion data at the KiK-net array. In a typical PSHA study, these data is unavailable.
This implies that the methodology should be generalized to cases where site response
is computed from surface records. This implies taking into consideration the strong,

but not perfect, correlation between rock outcrop and borehole ground motions.

e Residuals with respect to hypocenter depth were observed in the GMPE. This implies
that the GMPE can be improved by introducing this parameter in the equation.
Moreover, strong dependence of standard deviation with distance to the fault was

observed. Standard deviation can be parameterized to capture this dependency, with
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possible reduction in the overall uncertainty.
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Appendix A

Additional Plots of Ground Motion

Residuals

This appendix presents supplementary figures for the intra- and inter-event residuals.
Residuals are plotted against time-averaged upper 30 meter shear-wave velocity (Vssp),
predominant period (To), depth to shear-wave velocity of 800 (m/s), and Magnitude con-

sidering only events that where recorded within 20 kilometers the fault.

A.1 Intra-Event Residuals
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Figure A.1. Intra-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus Vssg.
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Figure A.2. Intra-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus predominant period (To).
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Figure A.3. Intra-Event Residuals for spectral period of 0.03 seconds and the
models for Surface, Borehole, and Combined versus depth to shear-wave velocity
of 800 (m/s).
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Figure A.6. Intra-Event Residuals for spectral period of 0.2 seconds and the
models for Surface, Borehole, and Combined versus predominant period (To).
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Figure A.7. Intra-Event Residuals for spectral period of 0.2 seconds and the
models for Surface, Borehole, and Combined versus depth to shear-wave velocity
of 800 (m/s).
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Figure A.9. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus Vssg.
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Figure A.10. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus predominant period (To).
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Figure A.11. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus depth to shear-wave velocity
of 800 (m/s).
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Figure A.12. Intra-Event Residuals for spectral period of 0.6 seconds and the
models for Surface, Borehole, and Combined versus Magnitude, considering only
events closer than 20 (km).
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Figure A.13. Intra-Event Residuals for spectral period of 1.0 second and the
models for Surface, Borehole, and Combined versus Vssg.

208



5 T T T T
x  Surface

GERA g 1 )

0 1 2 3 4 5

5 T T T T
o Borehole

Intra-event Res. (LN Units) Intra-event Res. (LN Units) Intra-event Res. (LN Units)

Figure A.14. Intra-Event Residuals for spectral period of 1.0 second and the
models for Surface, Borehole, and Combined versus predominant period (To).
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models for Surface, Borehole, and Combined versus Magnitude, considering only
events closer than 20 (km).
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Figure A.17. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus Vssg.
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Figure A.18. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus predominant period (To)
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Figure A.19. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus depth to shear-wave velocity
of 800 (m/s).
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Figure A.20. Intra-Event Residuals for spectral period of 1.4 seconds and the
models for Surface, Borehole, and Combined versus Magnitude, considering only
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