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Abstract 

A record selection algorithm aims to select a set of ground motion records whose statistics 

match a target distribution which is consistent with seismological properties of interest for a 

given site. Thus, the selected records are implicitly consistent with the seismological properties 

of interest and the subsequent estimations of responses are decided by the seismological 

properties of interest. This thesis addresses several issues related to ground motion selection in 

terms of selection algorithms and the definition and construction of target distributions. Two 

new algorithms for efficiently selecting suites of ground motions that match a Generalized 

Conditional Intensity Measure (GCIM) target are firstly generated. These algorithms utilize 

advance sampling methods which allows for a high chance of generating samples consistent 

with a target continuous distribution and/or allows for additional constrains are priorities for 

some important properties of interest. A new algorithm for efficiently selecting a suite of 

records matching to multiple targets as closely as possible is then developed. This algorithm is 

able to be adopted in the Incremental Dynamic Analysis to reduce biases to a minimum level 

when there are the significant changes in terms of the distribution of causal parameters among 

different intensity measure levels. The investigation is subsequently conducted for whether all 

features of interest for a give site can be well represented by the use of one target distribution 

constructed following the “Exact” Conditional Spectrum (CS) approach which is commonly 

regarded as an exact approach within the community. A framework to establish a CS-based 

target with the goal of accounting for spectral accelerations at multiple damping ratios is finally 

introduced. 
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Chapter 1                                                               

Introduction 

1.1 Background 

Quantitatively assessing the risk to a structure from future earthquakes incorporates two key 

steps. The probability of occurrence of earthquake rupture scenarios is first assessed by the 

implementation of probabilistic seismic hazard analysis and this step is followed by a response 

analysis that should be consistent with the results of that hazard analysis. An Intensity Measure 

(IM), that provides a simple description of the ground motions generated by the relevant rupture 

scenarios, is the key interface between these two steps. Following the hazard analysis 

conducted for a selected IM, a target distribution is constructed in such a manner to reflect the 

properties of this IM, and other IMs for which no hazard analysis has been conducted, for the 

rupture scenarios that contribute to the hazard. A record selection algorithm is then applied in 

order to select a suite of ground motion recordings whose statistics match those of the target 

distribution. In this way, the response history analyses that are subsequently conducted for 

assessing the demands on a given structure make use of recordings that are consistent with the 

seismic hazard. An important characteristic of this process is that only the IM chosen for 

conducting the hazard analysis will be explicitly consistent with this hazard. The other IMs that 

are used to define the target distribution may not be entirely consistent with the hazard, while 

IMs that are not used in either the hazard analysis or the definition of the target distribution can 

only be implicitly consistent. Different approaches to defining target distributions, as well as 

to selecting consistent suites of records, have differing levels of performance in terms of 

leading to true consistency between the hazard and response analysis steps. The primary focus 

of this thesis is to propose new approaches that enable this level of consistency to be improved.  

In one of the earliest proposals related to record selection strategies, Shome et al. (1998) 

proposed an approach whereby records are scaled to be consistent with the target 5%-damped 

spectral acceleration at the fundamental period of the structure after first applying constraints 

upon the values of the causal parameters of magnitude and distance, i.e., records could only be 

selected from within some pre-defined magnitude and distance ‘bin’ before any scaling was 

applied to then ensure ‘hazard consistency’. While the definition of these bins is strictly a 
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problem-specific issue, recommendations have been provided in the literature (Bommer & 

Acevedo, 2004; Stewart et al., 2001; Tarbali & Bradley, 2016). Meanwhile, the IM of 5%-

damped spectral acceleration at the fundamental period of the structure is not able to provide 

any information related to the spectral shape of the selected records. The attention within the 

research community then shifted toward to the use of an intensity measure vector that had the 

goal of involving more information regarding the spectral shape of selected records. In the 

context of intensity measure vectors, Baker and Cornell (2005) demonstrated that epsilon, 

which is the number of logarithmic standard deviations between the logarithm of a ground 

motion intensity measure and its logarithmic mean,  obtained from a ground-motion model for 

a given scenario, is correlated with significant effects on the structural response, and that 

positive or negative epsilon values also reflect a ‘peak’ or ‘valley’ in the underlying response 

spectrum. Following from this work, Baker and Cornell (2006b) demonstrated the effects of 

epsilon upon a structure's response are at least as large as those of magnitude and distance and 

subsequently introduced a new target spectrum whose shape is defined as a function of epsilon. 

This spectrum, referred to as the Conditional Mean Spectrum (CMS) (Baker & Cornell, 2006b; 

Baker, 2010), keeps hazard consistency through the use of disaggregation information 

(Bazzurro & Cornell, 1999) and incorporates spectral acceleration values across periods by 

using a model of correlation in epsilon field (Baker & Jayaram, 2008). As suggested by the 

name, the CMS only specifies the conditional mean spectrum for a given scenario. However, 

it is also possible to specify a full conditional distribution and this distribution is referred to as 

the Conditional Spectrum (CS) (Jayaram et al., 2011). At a similar time, Luco and Bazzurro 

(2007) demonstrated that ground motion records are able to be scaled quite considerably when 

used to predict the peak displacement response of nonlinear oscillators, provided that the 

underlying records have a spectral shape that is consistent with the target distribution. 

Therefore, the recent focus of record selection has been to preferentially select records to match 

a target spectral shape.  

For the CS, in addition to matching the mean (CMS), a suite of selected records also needs to 

match to the target covariance. Instead of approaching the problem from a combinatorial 

perspective and exhaustively searching through the very large number of possible combinations 

(Kottke & Rathje, 2008), Jayaram et al. (2011) proposed an approach whereby samples from 

the target distribution are first simulated using Monte Carlo simulation. As these samples are 

generated from the target distribution, if one can find records that are similar to these individual 

samples then the statistics of the selected suite will be similar to the statistics of the target 

distribution. This approach has the very significant benefit of enabling records to be selected 
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individually rather than looking for suites of records simultaneously. The use of this 

simulation-based method has facilitated a variety of studies (Ha & Han, 2016; Wang, 2011) 

and has been updated recently to improve its computational efficiency and statistical 

performance (Baker & Lee, 2018).  

As in the earliest proposal of CS, Baker (Baker, 2005) has shown an approach to establish a 

CS target distribution that aims to reduce the uncertainty introduced through the use of mean 

values of causal parameters to build the target. This approach of defining the target in terms of 

a single representative rupture scenario identified from the hazard analysis has been prevalent 

for more than a decade. However, this approach has some shortcomings and has been 

extensively studied by Lin et al. (2013) to account for both the uncertainty arising in seismic 

source model and the Ground Motion Prediction Equations (GMPEs) used in Probabilistic 

Seismic Hazard Analysis (PSHA). The period range chosen for the CS target can be crucial for 

the subsequent response analysis. For example, in order to account for the effects of higher 

modes as well as nonlinearity, the period range for a CS has been suggested to cover from 

0.2T1 to 1.5T1 or 2.0T1 (where T1 is the fundamental period of the structure) and this range has 

been adopted in a number of studies, e.g., Baker and Cornell (2008b). Because it has been well 

acknowledged that the spectral accelerations have a strong relationship with the amplitude and 

frequency content of a ground motion, other IMs such as duration and cumulative metrics are 

unlikely to be fully represented by the use of spectral acceleration alone. This has been explored 

in a few studies (Chandramohan et al., 2016b; Hancock & Bommer, 2006; Kwong et al., 2015; 

Stafford & Bommer, 2010). To this end, Bradley (2010) generalized the CS to account for 

multiple intensity measures other than spectral accelerations and the resultant target is referred 

to as the Generalized Conditional Intensity Measure (GCIM).  

After selecting an ensemble of records which is assumed to accurately and fully represent the 

target distribution, the records need to be passed through a nonlinear response analysis. A 

number of analysis options exist, and one of the most popular analysis methods1 is Incremental 

Dynamic Analysis (IDA) (Vamvatsikos & Cornell, 2002) which is a parametric analysis for 

evaluating the statistical distribution of a given structure's response conditioned upon an 

intensity measure over the range of intensity levels that cover the full range of possible 

structural behaviour (i.e., from elastic response to dynamic instability). Within IDA, the 

responses for different IM levels are obtained by scaling a given suite of accelerograms so that 

each record is used for response history analysis multiple times (with different scale factors). 

                                                 
1 The Multi Stripe Analysis and Cloud Analysis are introduced in Section 2.6. 
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Given that the same set of records is scaled to be consistent with the value of conditional IM at 

each intensity level of interest, some concerns arise about how hazard consistent these records 

can be at each IM level. In particular, one would typically expect that the disaggregation of the 

seismic hazard at each IM level would reveal that different scenarios contribute in different 

ways at each level. However, given that linear scaling does not change spectral shape, but does 

change relations between amplitude-based and non-amplitude based IMs, it is clear that these 

differences in hazard cannot be directly accounted for. In addition, issues arise in relation to 

the efficiency and sufficiency of the chosen IM as well as the legitimacy of using large 

amplitude scale factors. An efficient IM results in a probabilistic distribution of a response with 

a relatively small variability and a sufficient IM is able to decouple the hazard and response 

analyses. Various research efforts have been dedicated these issues. Work related to the 

efficiency of an IM in the context of IDA can be found in Vamvatsikos and Cornell (2005a) 

and Azarbakht and Dolek (2007; 2010), while work related to the sufficiency is presented in 

Lin and Baker (2013). The legitimacy of amplitude scaling used in IDA has also been discussed 

(Kiani & Khanmohammadi, 2015). Additionally, multiple methods have been developed for 

reducing the computational expense of IDA by applying approaches with more computational 

advantages in place of time history analyses in IDA (Dolšek & Fajfar, 2004; Han & Chopra, 

2006).  

1.2 Aim and Objectives  

The first objective of the thesis is to generate a number of refinements that can be made to the 

ground motion selection. The refinements involve how the target distributions can be defined 

to be hazard consistent as well as how records can be selected to match the targets without 

introducing significant biases. The additional objective of the thesis is to examine some 

assumptions that are currently made but that have not been formally tested. The final objective 

is to provide recommendations to analysts that will allow them to obtain unbiased estimates of 

response distribution in the most efficient manner. 

A ground motion selection algorithm aims to select a suite of records matching to a target that 

implicitly accounts for the seismological properties of interest to an underlying site. The target 

for record-selection strategies is normally a multivariate lognormal distribution and hence, 

records are selected with a goal of matching the properties of such a multivariate target 

distribution. In order to achieve this, simulation-based methods are currently preferred. The 

implementation of the simulated-based method in various current ground motion selection 
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methods rests upon the reasonable assumption that samples drawn from the target will have 

properties that closely represent the target distribution. However, this may not always be the 

case when the target number of records for a set is small. Therefore, to circumvent this, a 

simulation method with a high chance of generating samples consistent with a target 

distribution is needed and/or additional constraints are applied to give priority to some 

important properties of the continuous target distribution. The first objective of this thesis is to 

develop such a method. 

Before conducting a risk-based assessment, two candidates for the analysis method are 

commonly considered. These are Incremental Dynamic Analysis (IDA) and Multiple Stripe 

Analysis (MSA). The key difference between these is that IDA is not able to reflect the changes 

of hazard properties for different IM levels, given that an invariant suite of records is used for 

all IM levels in IDA. MSA does not have this drawback, but on the other hand, requires the 

record selection process to be repeated for each considered IM level.  Therefore, an additional 

objective of the current study is to develop an IDA-based ground motion selection approach 

that minimises the biases that can be introduced when the underlying hazard scenarios change 

with increasing IM levels.  

CS targets are conditioned upon one or more rupture scenarios, and these targets are assumed 

to be hazard consistent by users. However, sites where the seismic hazard arises from multiple 

fundamentally different rupture scenarios are often encountered in practice. A stereotypical 

example is a site that has significant hazard contributions from moderate, relatively nearby 

ruptures along with contributions from larger, more distant scenarios. The current approach to 

deal with the variation in the underlying scenarios for a site is to define an “Exact” CS as a 

weighted linear aggregation of CS for each scenario output from a disaggregation analysis, 

e.g., Lin et al. (2013). Whether the resultant weighted target distribution is able to reflect the 

features of interest from all scenarios is yet to be examined. Therefore, a detail examination of 

how well the weighted linear aggregation of CS (or GCIM)2 represents seismic contributions 

from multiple scenarios is needed. An objective of this thesis is to undertake such an 

examination.  

Selecting an appropriate range of periods for the construction of a CS is crucial for the 

subsequent risk-based assessment. The selection of this period range should depend upon the 

level of hazard (and the expected structural demands) as well as upon the objective of the 

analysis, i.e., what type of response (both Engineering Demand Parameters, EDPs, and levels 

                                                 
2 The GCIM and CS are exactly the same target with an exception of accounting for different intensity measures. 
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of these EDPs) is of greatest interest. The period range from the fundamental period (T1) to 

1.5T1 or 2.0T1 is often chosen for the assessment of the highly nonlinear response. However, 

these commonly adopted ranges are independent of underlying structure and of the expected 

levels of demand. Moreover, the prolific use of spectral accelerations at the chosen period range 

and at a damping ratio of 5% only aims to implicitly account for spectral accelerations at other 

damping ratios, as and it has been well acknowledged that the effective period and effective 

damping ratio increase once the underlying structure yields. Therefore, it is prudent to propose 

an CS-based target which enables one to account for multiple damping ratios and the periods 

that are most relevant for highly nonlinear response of a given structure. An objective of the 

present thesis is to explore the definition of a new target that explicitly accounts for the 

expected period range and equivalent levels of damping that would be experienced by a system 

responding in a nonlinear manner.   

1.3 Organization 

This thesis addresses several issues related to ground motion selection in terms of selection 

algorithms and the definition and construction of target distributions. The thesis is comprised 

of seven chapters. The present chapter, Chapter 1, simply provides the high-level context for 

the work and outlines the structure of the thesis. Chapter 2 then presents a critical literature 

review from which a number of issues are identified where improvements to existing practice 

can be made. This literature review does not aim to be exhaustive, but instead presents the 

sufficient context to appreciate why further investigation is warranted in a number of cases. 

The subsequent chapters then present new contributions that aim to address the shortcomings 

identified from the literature review. While these subsequent chapters are all related to each 

other by virtue of the fact that they all relate to the general issue of record selection, the chapters 

all focus upon different aspects. As a result, the thesis is presented in the form of four distinct 

contributions in four key chapters. Each chapter also includes its own brief literature review as 

a result.  

Chapter 3 presents two new algorithms for efficiently selecting suites of ground motions that 

match a GCIM target. The first algorithm is the mathematical implementation of Markov-Chain 

Monte Carlo (MCMC) approach that allows for the active selection of a suite of records that 

matches to a GCIM target. The second algorithm is derived from the concept of the acceptance 

ratio within MCMC and an optimal suite of records is subsequently achieved by the use of a 

further greedy optimization. The first and second algorithm are named as Markov-Chain Monte 
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Carlo Ground Motion Selection (MCMCGMS) method 1 and MCMCGMS method 2, 

respectively. A preselection based on a multivariate probability density function (PDF) value 

to screen on records before being input into a selection algorithm is also proposed. The 

performance of both algorithms applied for time history analyses along with different size of 

records suite and different scenario are assessed. This chapter have essentially been published 

as Shi and Stafford (2018).  

Chapter 4 presents a new algorithm for efficiently selecting a suite of records matching to 

multiple targets as closely as possible. When applied to the record selection for IDA, this 

algorithm is referred to as Incremental Dynamic Analysis Ground Motion Selection 

(IDAGMS). However, the algorithm can also be used for other non-IDA applications (as is 

shown in Chapter 5). The IDAGMS algorithm derives from the second method developed in 

Chapter 3 which uses the PDF value of each record at each given IM level to determine their 

hierarchy in order for selecting a suboptimal suite of records. A further greedy optimization is 

subsequently applied to achieve a final suite of optimal records matching to the given multiple 

GCIM targets as closely as possible. Following from this way, the issues of IDA in relation to 

the changes arising in the hazard properties along with different IM levels can be significantly 

reduced. The multiple GCIM targets can be partitioned into different subgroups in order for 

records to be selected for each subgroup through the use of the IDAGMS providing better 

consistency with the targets of interest, in comparison of the consistency obtained from one set 

of records selected simultaneously for all multiple targets of interest. However, the continuity 

of IDA is only able to be partly retained for the case of the application of targets subgroups. 

This, in turn, results in a new type of IDA, named as SubIDA. For all targets in one group (or 

in several subgroups), the targets in the one group (or in each subgroup) generates an 

aggregated target for which the MCMCGMS method 2 are used for selecting the records. The 

performance of IDAGMS applied to different type of targets groups (i.e., all target in one group 

or targets divided into several subgroups) and that of MCMCGMS method 2 adopted to 

aggregated targets are assessed. The performance of IDAGMS upon IDA and SubIDA are 

assessed through simple structural analyses, in comparison of results obtained from the 

Multiple Stripe Analysis with the records selected by the use of the MCMCGMS method 2.   

Chapter 5 firstly investigates whether seismic hazard features of interest from a site with two 

predominant scenarios can be accounted for completely through the use of the linear weighted 

aggregated CS target3 (known as “Exact” CS in the literature). The impacts of four techniques 

                                                 
3 The GCIM and CS are exactly the same target with an exception of accounting for different intensity measures. 
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for the construction of targets to represent all features of interest on the subsequent structural 

analysis are evaluated through the use of sample illustrative examples. For the first technique, 

the GCIM constructed with the mean value of causal parameters are generated separately for 

each predominant scenario, and the linear weighted aggregated GCIM are constructed 

separately for each predominant scenario in the second technique. The third technique provides 

a benchmark whereby all scenarios of interest are explicitly accounted for. That is, a GCIM 

target distribution is individually constructed for each causal scenario identified from the 

disaggregation analysis. For the fourth, one linear weighted aggregated GCIM target is built 

for all causal scenarios as commonly treated as the ‘exact target’ in the community. The third 

and fourth technique are reused for secondly assessing the performance of the linear weighted 

aggregated GCIM upon the representative of features of interest for a site with single dominant 

scenario. The MCMCGMS method 2 is adopted to select records for each technique and 

meanwhile the IDAGMS is in addition applied for the record selection in the first and second 

technique for the two predominant scenarios case. 

Chapter 6 represents an approach to construct a CS-based target with the goal of accounting 

for arbitrary damping ratios. To this end, a new inter-period correlation model at multiple 

damping ratios is developed for the first time. This CS-based target is then used for capturing 

the nonlinear response of a given structure through identifying the corresponding period range 

and damping ratios by the use of the improved Capacity Spectrum Method (CSM). An 

optimization method is also introduced for assessing the prediction of the effective period and 

damping ratio from the improved CSM. The optimization method has the potential to be used 

for directly and more accurately obtaining the periods and damping ratios corresponding to 

different steps of structure response (i.e., from yield to collapse), provided that the limitations 

upon the number of records within prospective databases significantly reduces in the future. 

The performance of the new proposal CS-based target is investigated through sample structural 

analyses and is compared against results obtained using the normal CS target. 

Chapter 7 summarizes the important contributions and key findings of the thesis and in addition 

outlines the recommendations for future work in relation to the studies represented in the thesis.  
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Chapter 2                                                                   

Literature review 

2.1 Introduction 

In this chapter, a critical literature review is presented in relation to several stages. The methods 

for quantifying the seismic ground motion hazard are firstly outlined. The approaches related 

to the prediction of structural responses distribution given different types of intensity measures 

is subsequently introduced. This is followed by the detailed ground motion selection 

algorithms, associated target construction as well as the discussions related to fundamental 

approaches of sampling methods. After the overview of the methods of probability based 

seismic assessment, this chapter is closed with a conclusion remark to emphasis the 

improvements to current practices which are desirable.       

2.2 Seismic Hazard Analysis 

A fault rupture generates a ground shaking, referred to as a ground motion. This is a hazard 

exposed to a given structure. Such structure being subject to a hazard needs to be ensured to 

withstand and meanwhile maintain a given level of performance. The level of ground shaking 

is characterized by the use of Probabilistic Seismic Hazard Analysis (PSHA). The aim of PSHA 

is to forecast a statistical likelihood of a future shaking for an underlying site, through 

integrating all uncertainty over locations, sizes and resulting shaking intensities. The level of 

shaking characterized by the PSHA is assessed through mean annual rate (or probability) of 

exceedance of a given intensity measure (IM). Unlike the probabilistic approach for evaluating 

the probabilities of shaking level of interest, Deterministic Seismic Hazard Analysis (DSHA) 

instead is able be applied for an underlying site, provided that a knowledge of ‘worst case’ and 

the features of interest can be accessed for such case. However, the DSHA approach requires 

to identify the true worst case which is always unable to be done in reality, because there is a 

large amount of uncertainty over magnitude, distance and the variability of intensity measure 

(Baker, 2015b). 

In contrast to DSHA, instead of merely identifying the worst case, the PSHA qualifies the 

occurrence or exceedance of underlying ground intensity measures of whole specific levels of 
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interest for a given site with a consideration of all possible scenarios being capable of posing 

damages. In the PSHA, aleatory uncertainty which reflects inherent random properties is 

explicitly accounted for. For example, standard deviation for the logarithmic residual of a 

predictor is applied to capture the spread of observations around median prediction. In addition, 

epistemic uncertainty being knowledge-based uncertainty is involved into the PSHA through 

using logic trees which results in multiple hazard curves (Bommer et al., 2005; Tarbali et al., 

2018). The essential steps of PSHA are summarized in what follows. Firstly, all desirable 

ruptures are identified, and the associated rates of expected occurrence are characterized. The 

distribution of magnitude and distance associated with those specific ruptures are subsequently 

calculated. The magnitude can be distributed according to log 𝜆𝑚 = 𝑎 − 𝑏𝑚, where 𝜆𝑚 is the 

rate of earthquake with magnitude larger than 𝑚, and a and b are constants (Gutenberg & 

Richter, 1944). Finally, all the obtained information is combined through the implementation 

of the total probability theorem. By recognizing that accounting for the rate of all ruptures of 

interest is only the sum of annual rate of occurrence associated with these ruptures, the 

mathematical form of PSHA is defined herein: 

 

𝜆(𝐼𝑀 > 𝑥)

=  ∑ 𝜐𝑖 ∫ ∫ ∫ 𝐼[𝐼𝑀 > 𝑥|𝑚, 𝑟, 𝜀]𝑓𝑀.𝑅.𝐸(𝑚, 𝑟, 𝜀)𝑑𝑚𝑑𝑟𝑑𝜀

𝑚𝑚𝑎𝑥

𝑚𝑚𝑖𝑛

𝑟𝑚𝑎𝑥

𝑟𝑚𝑖𝑛

𝜀𝑚𝑎𝑥

𝜀𝑚𝑖𝑛

𝑛𝑟𝑢𝑝𝑡𝑢𝑟𝑒

𝑖=1

 
(2.1) 

 

Where 𝜐𝑖 is the rate of occurrence of earthquake for the magnitude larger than a chosen 

minimum magnitude (e.g., magnitude of 5.5), 𝑚𝑚𝑖𝑛, generated by rupture 𝑖. The subscripts 

𝑚𝑖𝑛 and 𝑚𝑎𝑥 are used for defining close intervals for the integral over magnitude (𝑚), distance 

(𝑟) and epsilon (𝜀). Epsilon is the distance between the logarithm of an intensity measure (IM) 

and its mean prediction obtained from a Ground Motion Prediction Equation (GMPE) for a 

given scenario in units of dispersion (standard deviation of logarithm of the IM). 

𝐼[𝐼𝑀 > 𝑥|𝑚, 𝑟, 𝜀] is an indicator function where 𝐼 = 1 only for ln 𝐼𝑀 > ln 𝑥 and otherwise 𝐼 =

0. 𝑓𝑀.𝑅.𝐸(𝑚, 𝑟, 𝜀) is a joint density over magnitude, distance and epsilon, which in fact is able 

to be decomposed separately into a multiplication of three parts corresponding to the density 

of magnitude, distance and epsilon. This is a consequence of an assumption that epsilon is 

independent of magnitude and distance and, furthermore, the distribution of distance is 

commonly treated conditioning on the associated magnitude. Following from this way, the 

decomposed joint density can be expressed as: 
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𝑓𝑀.𝑅.𝐸(𝑚, 𝑟, 𝜀) = 𝑓𝑀(𝑚)𝑓𝑅|𝑀(𝑟|𝑚)𝑓𝐸(𝜀) (2.2) 

 

Where 𝑓𝑀 and 𝑓𝐸  are the probability density function of magnitude and epsilon, respectively. 

𝑓𝑅|𝑀 is conditional probability density function given the magnitude. The distribution of 

epsilon is characterized according to a standard normal distribution and its probability density 

function is presented herein: 

 

𝑓𝐸(𝜀) =  
1

√2𝜋
exp (−

1

2
𝜀2) (2.3) 

 

For computational advantages, discrete summations are applied for replacing the integration 

through replacing limits of integral by the discretization of magnitude (𝑚𝑗), distance (𝑟𝑘) and 

epsilon 𝜀𝑙 for rupture 𝑖. In this light, Equation (2.1) is changed to: 

 

𝜆(𝐼𝑀 > 𝑥)

= ∑ 𝜐𝑖 ∑ ∑ ∑𝐼 [𝐼𝑀 > 𝑥|𝑚𝑖，𝑗 , 𝑟𝑖，𝑘, 𝜀𝑖，𝑙]

𝑛𝑚

𝑗=1

𝑃𝑀 (𝑚𝑖，𝑗)𝑃𝑅|𝑀 (𝑟𝑖，𝑘|𝑚𝑖，𝑗)𝑃𝐸 (𝜀𝑖，𝑙)

𝑛𝑟

𝑘=1

𝑛𝜀

𝑙=1

𝑛𝑟𝑢𝑝𝑡𝑢𝑟𝑒

𝑖=1

 
(2.4) 

 

Where 𝑃Z(𝑧𝑖) is the probability mass function of parameter Z equal to 𝑧𝑖. 𝑃𝑅|𝑀 is conditional 

probability mass function of distance given the magnitude. In addition to quantify the 

uncertainty over causal parameters (e.g., magnitude and distance), the variability of intensity 

measures of interest is also required to be defined. This is done through the use of the indicator 

function where ln 𝐼𝑀 is determined by the implementation of an attenuation relationship (i.e., 

GMPE) for the given causal parameters and the distribution of epsilon. A schematic illustration 

of a seismic hazard curve is shown in Figure 2.1. The illustrative PSHA example is conducted 

by using an open-source seismic hazard analysis software, OpenSHA (2003), on a site locating 

at Palo Alto California. 
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Figure 2.1: Schematic illustration of a seismic hazard curve for spectral acceleration at 1.0s. The 

black dot represents the spectral acceleration value of 0.99 g with the annual rate of exceedance of 

3.8 × 10−3. 
 

A GMPE is a statistical regression model calibrated to a large number of observations. A great 

scatter exists around mean prediction from a GMPE. The scatter is as a result of large variability 

arises among ground motion observations along with magnitude and distance (e.g., a small 

vary on distance leads to an order of magnitude arising in ground motion intensity amplitude, 

as shown in the study (Bommer & Abrahamson, 2006)). Therefore, it is necessary to account 

for in terms of mean and the scatter. They are able to be characterized by the distribution of the 

given intensity measure, given that the distribution of logarithmic IM is well presented as 

normal. The generic form of a GMPE for an underlying intensity measure is: 

 

ln 𝐼𝑀 = 𝑓ln𝐼𝑀(𝑀, 𝑅, 𝜃) + 𝜎ln𝐼𝑀(𝑀, 𝑅, 𝜃)𝜀 (2.5) 

 

Where 𝑓ln𝐼𝑀(𝑀, 𝑅, 𝜃) and 𝜎ln𝐼𝑀(𝑀, 𝑅, 𝜃)are the predicted mean and total standard deviation of 

logarithmic intensity measures. The value of epsilon shown in Equation (2.5) is always set up 

to at least two or three (Bommer & Abrahamson, 2006) and used to measure the variability of 

observations associated with predicted mean variables. As can be appreciated from Equation 

(2.5), a GMPE is derived against a selected set of variables in items of magnitude (M), distance 

(R) and other causal parameters (𝜃) which normally are used to accounting for fault 
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mechanism, site specification as well as hanging wall effects and so on. In a common sense, 

the application of regression model for a large number of selected observations directly over a 

predicting intensity measure is conduced to derive a GMPE. It is worth noting that few studies 

for constructing a GMPE involve the use of Fourier amplitude spectrum (e.g., Stafford et al. 

(2009)), however. It also should be kept in mind GMPEs may not be able to provide a consistent 

site-specific prediction, given that GMPEs are probably derived with different manner and for 

different observed data. To circumvent this, Bora et al. (2014) developed an approach whereby 

the median of a developed predication function for Fourier amplitude spectrum and that of 

prediction for duration are combined though the use of random vibration theory, such that a 

prediction function is derived and adjusted for different regional seismological consistency. A 

comprehensive review of GMPEs developed from 1964 to early 2018 (inclusive) can be found 

in Douglas (2018). 

In addition to an empirical GMPE adopted for the prediction of statistical distribution for a 

ground motion intensity measure, given that the computational advances significantly 

developed recent years, such distribution is also able to be derived by the use of ground motion 

simulations. The annual rate of exceedance for a specific IM is possible to be obtained by the 

use of the simulations, as shown in Equation (2.6) (Bradley et al., 2015). The ground motion 

simulations are able to be generated by adopting physical-based simulation which is a 

deterministic method to generate simulations by the use of a numerical seismological model to 

explicitly accounts for multiple physical based variables (e.g., source mechanism and wave 

propagation) (Taborda & Roten, 2014). Alternatively, stochastic methods are applied to 

generate ground motion simulations through accounting for important characteristics of 

recorded ground motions in a statistical manner (e.g., Boore (2003), Rezaeian and Der 

Kiureghian (2010)). The simulations generated through the stochastic methods are on the basis 

of previous recorded ground motions and are not directly dependent upon the mechanism of an 

earthquake process. Thus, the physical-based simulations are able to be more extensively used, 

compared with the stochastic simulations. The obtained ground motion simulations are 

conceptually straightforward to be adopted for the engineering applications. However, it is 

necessary to validate whether the simulations are able to provide adequately equivalent 

performance with the associated real recorded ground motions. Detailed information related to 

the framework of simulations for engineering applications can be referred to Bradley et al. 

(2017) and Bradley (2018). There are a large number of studies in relation to the validation of 

ground motion simulations. For example, Galasso et al. (2012) (2013) conducted the validation 

for historical events with Graves and Pitarka’s (2010) hybrid broadband ground motion 
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simulation methodology respectively for SDOF and MDOF systems. In their studies, multiple 

structural response parameters combined with multiple types of structural models for the 

different systems (i.e., SDOF and MDOF systems) are assessed through general hypothesis 

tests and the associated results supports that the simulation methodology may be used with a 

confidence. Star et al. (2011) conducted a comparison between ground motion simulations and 

empirical NGA ground motion predications in terms of several specific intensity measures 

(peak ground velocity, peak ground acceleration and spectral accelerations over a wide range 

of periods) and a general consistence are reported. A large number of studies reported general 

good estimations of simulations through the validations in terms of the specific historical 

events, intensity measures and structural systems used in those studies. However, the current 

ground motion simulations are probably not enough reliable to be adopted straightforward in 

the engineering applications, without doing validations (e.g., for structural systems and 

intensity measures of interest). This is a consequence of a fact that there are studies which 

apparently present observations of discrepancies existing in the validations of simulations. For 

example, the apparent biases can be observed when the comparison of simulations and the 

GMPE (Afshari & Stewart, 2016a)  in terms of significant durations (Afshari & Stewart, 

2016b). A similar result can be obtained from the study of Tsioulou and Galasso (2018). It has 

been acknowledged that significant durations have important impacts upon the estimations of 

structural responses (e.g., Chandramohan et al. (2016b)). Additionally, there are apparent 

difference existing in the results of validations carried out by Burks and Baker (2014) in terms 

of the parameters for the response of complicate structural systems. Bayless and Abrahamson 

(2018) have tested the inter-period correlation obtained from simulations and compared with 

the empirical prediction models. The associated results showed the simulations are not able to 

provide an adequately accurate inter-period correlation. It has been well acknowledged that the 

spectral shape has strong impact upon the estimation of structural response and the inter-period 

correlation relates to the spectral shape. Thus, ground motion simulations are possible to be 

only adopted in the portion of engineering applications, provide that careful validations are 

undertaken for the specific problem. If a specific engineering application is sensitive to the 

aspects stated above (e.g., significant duration and inter-period correlation), ground motion 

simulations leads to biases. Despite the numerical simulation method has seen rapidly in the 

last decade, a GMPE is still a popular chosen in the application of engineering practice, such 

as quickly qualifying a seismic hazard for an underlying scenario through a readily available 

GMPE. Therefore, the hazard analysis implemented throughout this thesis are all empirical 

PSHA rather than simulation-based PSHA. 
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𝜆(𝐼𝑀 > 𝑥) = ∑ 1/𝑁𝑠 ∑𝐼(𝐼𝑀 > 𝑥|𝑟𝑢𝑝𝑖,𝑛)

𝑁𝑠

𝑛

𝜆𝑟𝑢𝑝(𝑟𝑢𝑝𝑖)

𝑁𝑟𝑢𝑝𝑡𝑢𝑟𝑒

𝑖=1

 (2.6) 

 

Where 𝑁𝑟𝑢𝑝𝑡𝑢𝑟𝑒 is the number of ruptures of interest. 𝑁𝑠 is the number of simulations applied 

to each rupture for considering the uncertainty of this rupture. 𝑟𝑢𝑝𝑖 is 𝑖th rupture of interest. 

 𝜆𝑟𝑢𝑝(𝑟𝑢𝑝𝑖) is annual rate of 𝑟𝑢𝑝𝑖 which can be treated as 𝜐𝑖𝑓𝑀,𝑅(𝑚, 𝑟) from Equation (2.1). 

𝐼(𝐼𝑀 > 𝑥|𝑟𝑢𝑝𝑖,𝑛) is an indicator function where I=1 is only for 𝐼𝑀>𝑥 obtained from the time 

series for the 𝑛th simulation of 𝑖th rupture and otherwise I=0.  

A PSHA provides the annual rate of occurrence for a ground motion intensity greater than a 

specific value, which accounts for all possible scenarios, and disaggregation is used to 

explicitly illustrate the relevant contribution of different scenarios which is the most significant. 

There are two different abroad approaches regarding disaggregation: occurrence 

disaggregation and exceedance disaggregation. The former is the way to obtain the contribution 

of a scenario to the occurrence of an intensity measure for a given level (McGuire, 1995), which 

contrasts with the latter that represents the contribution to the exceedance for a given intensity 

measure level (Bazzurro & Cornell, 1999). An illustrative example of disaggregation is shown 

in Figure 2.2. The equations for exceedance and occurrence disaggregation are expressed in 

Equation (2.7) and (2.8), respectively. 

 

P(𝑚𝑗, 𝑟𝑘, 𝜀𝑙|IM > x)

=
∑ 𝜐𝑖

𝑛rupture

𝑖=1
𝐼[𝐼𝑀 > 𝑋|𝑚𝑖，𝑗, 𝑟𝑖，𝑘, 𝜀𝑖，𝑙]𝑃𝑀 (𝑚𝑖，𝑗)𝑃𝑅|𝑀 (𝑟𝑖，𝑘|𝑚𝑖，𝑗)𝑃𝐸 (𝜀𝑖，𝑙)

𝜆(𝐼𝑀 > 𝑥)
 

(2.7) 

 

P(𝑚𝑗, 𝑟𝑘, 𝜀𝑙|IM = x)

=
∑ 𝜐𝑖

𝑛rupture

𝑖=1
𝐼[𝐼𝑀 = 𝑋|𝑚𝑖，𝑗, 𝑟𝑖，𝑘, 𝜀𝑖，𝑙]𝑃𝑀 (𝑚𝑖，𝑗) 𝑃𝑅|𝑀 (𝑟𝑖，𝑘|𝑚𝑖，𝑗)𝑃𝐸 (𝜀𝑖，𝑙)

𝜆(𝐼𝑀 = 𝑥)
 

(2.8) 

 

It should be pointed out that the annual rate of occurrence of a ground motion intensity equal 

to x is calculated with the occurrence for a specific (small) range (i.e., 𝜆(𝐼𝑀 = 𝑥) ≅

 𝜆(𝑥 − ∆< 𝐼𝑀 < 𝑥 + ∆), where ∆ indicates a small increment). As observe from the equations 

above, disaggregation takes the advantages of Bayesian inference ability to compute 
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contribution of interest so, technically, it can be generalized to account for other causal 

parameters. Lin and Baker (2011) extend the conventional disaggregation to derive the 

contributions of multiple GMPEs and causal parameters other than magnitude, distance as well 

as epsilon. 

 

Figure 2.2: Disaggregation of the Sa(1.0s) at the annual rate of exceedance corresponding to the black 

dot shown in Figure 2.1. The contributions to the exceedance of the target Sa(1.0s) are plotted in the 

figure. 

 

2.3 Prediction of the distribution of Engineering Demand 

Parameter given IM 

After characterizing a hazard demand for a given site, the response of a given structure is 

quantitatively assessed through the adoption of a time history analysis. The desirable 

characteristics for an underlying site are combined and selected to represent the complexity of 

ground motions, that is, ground motion intensity measures of interest. An intensity measure is 

served as a key interface between hazard demand and structural responses. Following from the 

terminology in the Pacific Earthquake Engineering Research (PEER) framework, structural 

responses are coined as Engineering Demand Parameter (EDP) which is a function of relevant 



Chapter 2 - Literature review  

38 

 

characteristics of an underlying site. If an intensity measure is able to account for more such 

characteristics, this, in turn, results in less uncertainty existing in the EDP. This is termed as 

efficiency (of an intensity measure). Accounting for more desirable characteristics allows for 

more other characteristics implicitly being involved, which results in EDP is able to decouple 

of these implicitly involved characteristics; this is termed as sufficiency (of an intensity 

measure). The mean annual rate of exceeding a given EDP level y is estimated by the 

combination of a prediction model of EDP for a given IM and a hazard analysis (PSHA), as 

shown in Equation (2.9).  

 

𝜆(𝐸𝐷𝑃 > 𝑦) = ∫ 𝑃(𝐸𝐷𝑃 > 𝑦|𝐼𝑀 = 𝑥) |
𝑑𝜆(𝐼𝑀 > 𝑥)

𝑑𝐼𝑀
| 𝑑𝐼𝑀

∞

0

  

              = ∑ 𝑃(𝐸𝐷𝑃 > 𝑦|𝐼𝑀 = 𝑥)

𝑎𝑙𝑙 𝑥

∆𝜆(𝐼𝑀 = 𝑥) 

(2.9) 

 

 

Where ∆𝜆(𝐼𝑀 = 𝑥𝑖) = 𝜆(𝐼𝑀 > 𝑥𝑖)  −  𝜆(𝐼𝑀 > 𝑥𝑖+1) is an approximation of annual 

frequency of 𝐼𝑀 = 𝑥𝑖. 𝑃(𝐸𝐷𝑃 > 𝑦|𝐼𝑀 = 𝑥) is Complementary Cumulative Distribution 

Function (CCDF) obtained by the use of a prediction model of EDP. This model is able to be 

constructed through a parametric approach or a nonparametric approach. The parametric 

distribution estimation is an approach whereby the assumption on the basis of past experience 

is made that the observations are ruled by a sequence of adaptive parameters, such as mean and 

variance of a normal distribution. Those parameters can be obtained through applying 

optimizations to criteria, such as likelihood function (e.g., Baker (2015a)). The approach of 

nonparametric distribution estimation is that distribution is directly estimated without assuming 

the observations fitting a specific distribution. It is worth to note that the assumed specific 

distribution may not work appropriately to a particular case. For example, the assumption that 

peak displacement distributes according to a lognormal distribution is perhaps questionable for 

some cases. The performance of those two categorized approaches upon the EDP distribution 

estimations has been comprehensively studied by Jalayer (2003) and Baker (2007b) (Jalayer 

(2003) only discussed the cases involving scalar IM). To evaluate the properties of EDP for a 

given IM level, approaches for a scalar IM and vector IMs are introduced in what follows. A 

scalar IM consists of a single component which is commonly used together with causal 

parameters bounds, while vector IMs consists of multiple components. 



Chapter 2 - Literature review  

39 

 

2.3.1 Prediction of EDP distribution with a scalar IM 

Ground motions are selected on the basis of accounting for more desirable characteristics of 

underlying scenarios (i.e., an advance scalar IM which is normally together with causal bins or 

spectral matching and vector IMs) in order for explaining more contents in light of related 

structural responses variability. This is desirable, not only for sample mean and standard 

deviation, yet also for standard error of sample mean which is proportional to 𝛽𝑙𝑛𝐸𝐷𝑃|𝐼𝑀=𝑥/√𝑛 

(Benjamin & Cornell, 2014). The latter means that reductions arise in standard deviation 

(𝛽𝑙𝑛𝐸𝐷𝑃|𝐼𝑀=𝑥) leads to potentially reduce the number of records (n) required for the same 

confidence of mean estimation. This, in turn, results in less ground motion records inputting 

into the response analysis. A scalar IM in general used along with the causal bins can be treated 

as a special case of vector IMs, given that the objectives of vector IMs are obtaining more 

information (e.g., applying more constrains) for the underlying scenarios. It can be understood 

by an example that ground motion records selected for the IM2 in the vector in order to match 

the distribution of magnitude or distance. Nevertheless, we still use the scalar IM to refer the 

case where an IM is applied with the causal bins. 

In context of the scalar IM for ground motion selection, as one of earliest proposals, Shome et 

al. (1998) proposed an approach whereby ground motion records are scaled to be consistent 

with the target spectral acceleration at the fundamental period of the structure, after being 

screened on the basis of magnitude and distance criteria. The approach is extended by Goulet 

et al. (2007) to preferentially take epsilon bounds into account. The causal parameters criteria 

have been successfully implemented together with a scalar IM in other studies with respect to 

ground motion selection perspectives (e.g., Luco and Bazzurro (2007)). Regarding magnitude 

and distance filter, Stewart et al. (2001) and Bommer and Acevedo (2004) respectively 

recommended (±) 0.25M and (±) 0.2M for half width bin. Bommer and Acevedo (2004) did 

not set a criterion for distance due to its insignificance to structural responses and this has been 

verified by Baker and Cornell (2005). Tarbali and Bradley (2016) conducted detail 

investigations on causal parameter bins in terms of magnitude, source to site distance as well 

as site conditions, and they also qualitatively commented that the ground motion selection 

considering the causal parameter distribution for a given site can be improved by taking 

advantages of a relative wide causal bin. 
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2.3.2 Prediction of EDP distribution with a vector of IM 

The Equation (2.9) for the estimation of annual rate of exceeding a given EDP level y is 

generalized to account for a vector IMs (𝑰𝑴), as shown herein. 

 

𝜆(𝐸𝐷𝑃 > 𝑦) = ∫ 𝑃(𝐸𝐷𝑃 > 𝑦|𝑰𝑴 = 𝒙)
𝑰𝑴

|
𝑑𝜆(𝑰𝑴 > 𝒙)

𝑑𝑰𝑴
|𝑑𝑰𝑴 (2.10) 

 

 

For illustration, the case for two intensity measures of vector is shown herein: 

 

𝜆(𝐸𝐷𝑃 > 𝑦)

=  ∫ ∫ 𝑃(𝐸𝐷𝑃 > 𝑦|𝐼𝑀1 = 𝑥1, 𝐼𝑀2 = 𝑥2)
∞

0

|
𝜕2𝜆(𝐼𝑀1 > 𝑥1, 𝐼𝑀2 > 𝑥2)

𝜕𝐼𝑀1𝜕𝐼𝑀2
| 𝑑𝐼𝑀1𝑑𝐼𝑀2

∞

0

= ∑ ∑ 𝑃(𝐸𝐷𝑃 > 𝑦|𝐼𝑀1 = 𝑥1, 𝐼𝑀2 = 𝑥2)∆𝜆(𝐼𝑀1 = 𝑥1, 𝐼𝑀2 = 𝑥2)

𝑎𝑙𝑙 𝑥2𝑎𝑙𝑙 𝑥1

 

(2.11) 

 

 

Where P(𝐸𝐷𝑃 > 𝑦|𝐼𝑀1 = 𝑥1, 𝐼𝑀2 = 𝑥2) is CCDF obtained from a response prediction model 

for vector IMs, 𝜆(𝐼𝑀1 > 𝑥1, 𝐼𝑀2 > 𝑥2) is joint hazard of multiple intensity measures (two 

components shown herein as an example) in the vector, which requires the calculation of 

vector-PSHA or VPSHA for short.  

Bazzurro and Cornell (2002) firstly introduced the VPSHA whereby the joint probability 

density of vector IMs (limited for two components in their study) with respect to each scenario 

is directly integrated over all considered scenarios for each source and the consequent results 

are summed with mean annual rate of occurrence of each source. To facilitate the utilization of 

VPSHA, Bazzurro et al. (2009; 2010) further proposed an alternative approach whereby the 

annual rate of occurrence of a vector IM greater than a specific level can be expressed as 

marginal rate density and a sequence of conditional distribution for multiple IMs. This results 

in that only knowledges required for the computation are from the standard PSHA and 

disaggregation information. The utilizations of VPSHA associated with the hazard analysis and 

the response analysis have been detailed investigated by Kohrangi et al. (2016a; 2016b). The 

procedure for VPSHA is summarized herein and three intensity measures are used for an 

illustration. 



Chapter 2 - Literature review  

41 

 

Firstly, through adopting chain rule of probability, the annual rate of occurrence (𝜆𝐼𝑀1,𝐼𝑀2,𝐼𝑀3
) 

of a vector IM greater than a specific level becomes the product of chains (the information of 

current conditional probability is merely dependent on the most recent conditional probability). 

  

𝜆𝐼𝑀1,𝐼𝑀2,𝐼𝑀3
= P(𝐼𝑀3|𝐼𝑀2, 𝐼𝑀1)𝑃(𝐼𝑀2|𝐼𝑀3)𝜆(𝐼𝑀3) (2.12) 

 

Where 𝜆(𝐼𝑀3) is mean annual rate of occurrence for 𝐼𝑀3 and is obtained from the standard 

PSHA. Through using the sum rule (Bishop (2006)), the sub-chain for conditional probability 

is defined as: 

 

P(𝐼𝑀3|𝐼𝑀2, 𝐼𝑀1) = ∑P(𝐼𝑀3|𝐼𝑀2, 𝐼𝑀1, 𝑋)P(𝑋|𝐼𝑀2, 𝐼𝑀1)

𝑋

 (2.13) 

 

Where P(𝐼𝑀3|𝐼𝑀2, 𝐼𝑀1, 𝑋) are conditional probability of 𝐼𝑀3 given 𝐼𝑀2, 𝐼𝑀1 and causal 

parameters for the underlying site, denoted by X. P(X|𝐼𝑀2, 𝐼𝑀1) is obtained by the use of 

Bayesian inference, estimated in Equation (2.14).  

 

P(X|𝐼𝑀2, 𝐼𝑀1) =  
𝑃(𝐼𝑀2|𝑋, 𝐼𝑀1)𝑃(𝑋|𝐼𝑀1)

𝑃(𝐼𝑀2|𝐼𝑀1)
 (2.14) 

 

Where 𝑃(𝑋|𝐼𝑀1) is calculated from the standard deaggregation. 𝑃(𝐼𝑀2|𝑋, 𝐼𝑀1), as well as 

P(𝐼𝑀3|𝐼𝑀2, 𝐼𝑀1, 𝑋), are assumed distributed according to multivariate normal distribution and 

the distribution is characterized in terms of mean and covariance which are defined analogously 

to Equation (2.17) and (2.23), respectively. 

The details of different computation approaches (i.e., parametric and nonparametric approach) 

for the response prediction related to a vector IMs have been detailed investigated by Baker 

(2007b). As one of most conducted parametric approaches (Kohrangi et al., 2016b; Modica & 

Stafford, 2014), regression4 is simultaneously adopted to all IMs in the vector upon records 

without the application of scaling. This approach takes the advantages of regression which 

allows for directly estimating the efficiency and sufficiency of vector IM related to the 

predicted responses. Total standard deviation is utilized to measure the variability of response 

in order for indicating the efficiency, while residual is plot against with secondary parameters 

                                                 
4 Regression is a parametric way, because the declaration has been made by assuming of a polynomial form. 
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of interest (e.g., magnitude) to check the pattern (e.g., statistical significance with p-value) 

against these parameters to indicate the sufficiency. Thus, it is therefore prudent to consider 

different combinations of IMs in order for identifying an ‘optimal’ IM vector for a specific 

EDP, this certainly requires more efforts though. However, the regression approach goes along 

with different issues in terms of homoscedastic, exploration and interaction among IMs and 

these associated issues have been discussed in the studies (Kohrangi et al., 2016b; Modica & 

Stafford, 2014). In context of interaction of two IMs case (i.e., only two IMs are considered), 

Baker and Cornell (2005; 2008b) implemented an approach to regress one IM on the records 

which are readily scaled to be consistent with the value of another IM. It is unrealistic to scale 

ground motion records to be consistent with the values of two IMs of interest simultaneously. 

Following from this way, the interaction between those two IMs are considered without the 

difficulty to include an interaction term in the prediction function. However, due to the 

requirement of the conduction of regression and response analysis to each IM level, the 

computation efforts concentrated on their approach is more than the adoption of regression 

directly to all chosen IMs on unscaled ground motion records. In order to avoid the complexity 

of vector implementation (e.g., addressing the issues discussed in place upon regression 

analysis), several complex scalar IMs are proposed to have better performances on the 

prediction of response distributions compared with a single commonly used scalar IM (i.e., a 

spectral acceleration at fundamental period). The most of relevant studies have developed a 

scalar IM with a goal of more capability to characterize spectral response shape information. 

For example, Vamvatsikos and Cornell (2005a) introduced a scalar IM which contains the 

combination of two or three spectral periods by the use of a power form equation. Luco and 

Cornell (2007) developed a scalar IM through modifying a spectral acceleration at a 

fundamental period by involving the impacts of high mode and high nonlinearity. The efforts 

to account for more information from spectral response shape are not only made for the cases 

where a complex scalar IM is studied, yet also for some studies investigating different IMs 

combinations in vector IMs (e.g., Baker and Cornell (2008b)). Most of these studies aimed to 

develop a scalar or a vector IMs which enables to account for spectral accelerations at periods 

being preferable other than a fundamental period which is commonly considered (e.g., 

Vamvatsikos and Cornell (2005a)). This implicitly indicates the desire of those authors that the 

most of characteristics of a ground motion for an EDP can be taken into account through 

adopting a measure of spectral shape. In other words, those characteristics desired to be 

involving in the developed IM(s) in their studies can be viewed as proxies of spectral shape. 
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2.4 Ground motion selection  

Ground motion selection aims to identify a set of ground motions with features of interest being 

representative of a given site in order for a robust estimation of response distribution. As the 

spectral shape is desired to play a key role on the estimations of structure response distributions, 

it is necessary to identify an indicator of spectral shape to be explicitly accounted for in a 

ground motion selection procedure. To this end, Baker and Cornell (2005) have verified the 

relationship between the epsilon and the spectral shape. This indicates a positive or negative 

epsilon being capable of respectively measuring ‘peak’ or ‘valley’ on the underlying period of 

response spectrum. This can be considered as an advantage to incorporate the epsilon because 

the spectral shape can be implied by epsilon. The incorporation of epsilon cannot efficiently 

account the presence of velocity pulse when a structure is subjected to a pulse-like near fault 

ground motion. In order to circumvent that, Tothong and Cornell (2008) stated that an inelastic 

spectral displacement has a positive performance on accounting for the velocity pulse effects. 

Baker (2007c) developed a method to distinguish a ground motion associated with strong 

velocity pulse through applying wavelets transform to its velocity time history. In this method, 

the location (scale (1/Frequency) and translation (Time) in the time-scale plane) of pulse can 

be identify according to relatively large value of wavelets ecoefficiencies. Then, the original 

ground motion is quantitatively compared with its residual for which the pulse components 

from the original ground motion are extracted to see whether this ground motion can be 

classified as a pulse-like ground motion. Regarding accounting for velocity pulse effects 

through the use of the inelastic spectral displacement, it is worth noting that in practical 

applications, unlike the elastic spectral quantities which can be directly obtained from a GMPE 

in a seismic hazard analysis, the prediction of inelastic spectral responses is needed. In order 

to do so, Stafford et al. (2016) developed a GMPE for predicting inelastic spectral displacement 

which is able to use interchangeably with a GMPE for elastic spectral response in the hazard 

analysis. Alternatively, Baker and Cornell (2008a) have applied a vector IMs to effectively 

take velocity pulse effects into account. This vector involves the spectral acceleration at a 

fundamental period along with a parameter (Baker and Cornell (2008b)) being able to describe 

the most related spectral shape characteristics. That is, the parameter they used is still for 

describing the spectral shape.  

Baker and Cornell (2006b) demonstrated that the effect of epsilon on a structural response is 

at least as large as those of magnitude and distance. Therefore, the epsilon should be taken a 
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priority consideration against the other two parameters. In order to do so, the effect of epsilon 

can be accounted for by the construction of a mean target spectrum with a knowledge of the 

relationship of epsilon among different periods. Additionally, it has been demonstrated that 

bias attributed to scaling records are able to be eliminated over a quite wide range of scale 

factor value (e.g., scale factor value less than 10), provided that the scaled records have 

appropriate spectral comparability to a target (Baker, 2007a; Luco & Bazzurro, 2007). 

Therefore, the focus on ground motion selection has been shifted towards to preferentially 

selecting records to match target spectral shape (i.e., spectral match) implied by epsilon, rather 

than causal parameters are considered as primary factors.  

The information used for the construction of targets for different seismic performance 

assessments are obtained from different manners. There are three types of seismic performance 

assessments are commonly undertaken. These three types are scenario-based assessment, 

intensity-based assessment and risk-based (time-based) assessment. The scenario-based 

assessment is defined as a process for evaluating the performance of a given structure with 

respect to a specific rupture of an earthquake source. The characteristic (e.g., magnitude and 

source to site distance) of the scenario are known. When assessing the performance of the given 

structure with a specific value of IM level, it is necessary to conduct the intensity-based 

assessment. The disaggregation is utilized to obtain the associated hazard information for that 

specific IM level. The risk-based assessment is undertaken to account for the results (response 

distributions) obtained for all IM level of interest along with the associated annual rate. 

Apparently, after selecting representative ensembles of ground motion records matching to 

specific targets (for a specific scenario or specific intensity measure levels), the remaining 

procedures of scenario-based and intensity measure-based assessment are the same whereby 

structural response distributions are estimated through utilizing the selected ensemble records. 

The risk-based assessment accounts for the results from an intensity-based assessment with a 

ground motion hazard curve in order for determining the mean annual rate of EDP exceeding 

a specific value. Further discussion related to the intensity-based and risk-based assessment are 

presented in Section 2.6. 

2.4.1 Spectral shape matching 

Spectral match, which is measured by the use of a fitness function in terms of individual records 

and a target, is a procedure used for indicating the extent to which a set of selected ground 

motions has close comparability to a target on the basis of a specific spectral shape criteria. For 

a fitness function to spectral match, several studies have been found. For example, Ambraseys 
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et al. (2004) introduced a means to evaluate the difference between observations and a target 

normalized by corresponding peak ground acceleration. Kottke and Rathje (2008) directly 

implemented the Root-mean-square Error (RMSE) without normalizing to measure the 

difference. Those two fitness functions are shown in Equation (2.15) and (2.16), respectively: 

 

𝐷𝑟𝑚𝑠 =
1

𝑁
√∑(

𝑆𝑎(𝑇𝑖)

𝑃𝐺𝐴
−

𝑆𝑎𝑡(𝑇𝑖)

𝑃𝐺𝐴𝑡
)2

𝑁

𝑖=1

 (2.15) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑙𝑛 (𝑆𝑎(𝑇𝑖)) − 𝑙𝑛 (𝑆𝑎𝑡(𝑇𝑖)))2

𝑁

𝑖=1

 (2.16) 

Where N is number of specified periods. 𝑆𝑎 and 𝑆𝑎𝑡 are spectral acceleration for a chosen 

record and a target at the same period, respectively. 𝑃𝐺𝐴 and 𝑃𝐺𝐴𝑡 are the peak ground 

acceleration of chosen record and zero-period anchor point of target, respectively. Other fitness 

functions can be identified in other different studies (e.g., Naeim et al. (2004), Iervolino et al. 

(2010)). 

2.4.2 Conditional Spectrum 

The target spectrum which has previously been widely used for the assessment of a given 

structure is the Uniform Hazard Spectrum (UHS). This spectrum is constructed by enveloping 

a bunch of spectral ordinates with the same annual exceedance rate which is equal to a specific 

target rate. However, it is impossible to identify a single earthquake event to construct the UHS. 

It can be attributed from a fact that the contributed earthquakes to the spectral ordinates at low 

frequency are different from those at high frequency. A ground motion record is unlikely 

entirely consistent with a UHS, even if it has the same spectral acceleration value with a UHS 

at a specific period. Thus, the UHS provides the results in a conservative manner (Baker & 

Cornell, 2006b). To circumvent that, Baker and Cornell (2005; 2006b) have proposed a new 

target spectrum coined as Conditional Mean Spectrum (CMS) which is constructed by utilizing 

the disaggregation information for underlying scenarios and correlations among epsilon at 

different response periods. The CMS has been thoroughly investigated by Baker (2010) 

through comparing with the Uniform Hazard Spectrum (UHS).  
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If the distribution of a specific response parameter is needed instead of merely its mean value, 

it is prudent to account for variability among spectral contents other than the conditional 

spectral acceleration as its variability has already been considered in the PSHA. The 

incorporation of variability for the construction of a target is as a result of an intuitive thinking 

that the comparability of selected records to target mean contributes significantly to the mean 

response, while that to target variability related to the response variability. This has been 

demonstrated in the a few studies, e.g. Lin et al. (2013b). Therefore, compared with CMS, a 

more general target named as Conditional Spectrum (CS) has been proposed by Baker and 

Cornel (2006b) in order for incorporating conditional standard deviation (Covariance matrix) 

into CMS which merely provides the conditional mean target. To assess covariance matrix of 

selected record set, different combinations among records need to be evaluated collectively and 

the number of required trials is a function of target records selected number and the dimension 

of target intensity measures vector. This leads to an exhaustive work for a practical application 

(e.g., Kottke and Rathje (2008)). Because the marginal distribution of logarithmic spectral 

acceleration values follows a normal distribution, the assumption that pairs of those values 

follow a multivariate normal distribution can be made. Furthermore, this assumption has been 

demonstrated from the study of Jayaram and Baker (2008) in which logarithmic spectral 

acceleration values (in epsilon space) follow a multivariate normal distribution. Following 

from this work and in order to circumvent the situation where an exhaustive search needs to be 

applied for selecting a set of records with appropriate covariance matrix, Jayaram et al. (2011) 

developed an algorithm in which realizations are generated and assumed to fully represented 

the target distribution. It should be kept in mind that the generated realizations may not be 

capable of comprehensively representing the target distribution, especially when a small 

number of realizations (records) are generated (selected). The (probably) most significant 

contribution from their work is that the method of sampling is applied to a target distribution 

so that the records can be evaluated individually rather than collectively. This sampling-based 

method has been successfully applied to other studies for efficiently selecting ground motion 

records regarding spectral response content (e.g., Gang Wang (2011), Han et al. (2014), Ha 

and Han (2016)). The key steps of target construction proposed by Jayaram et al (2011) are 

repeated herein along with a few extensions: 

The knowledges required for a target spectrum construction are merely from the standard 

PSHA and the disaggregation information (e.g., the distribution of causal parameters) for a 

given rupture scenario (rup). The target mean is expressed as: 
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𝜇ln 𝑆𝑎(𝑇𝑖)| ln𝑆𝑎(𝑇∗) = 𝜇ln𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝 + 𝜌ln 𝑆𝑎(𝑇𝑖),ln 𝑆𝑎(𝑇∗)𝜀ln 𝑆𝑎(𝑇∗)|𝑟𝑢𝑝𝜎ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝 (2.17) 

 

Where 𝜇ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝 and 𝜎ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝 are the predicted mean and standard deviation of 

logrimatic spectral acceleration at period 𝑇𝑖. These two parameters are obtained by utilizing a 

chosen GMPE with substituting mean magnitude (M̅), distance (�̅�) and other causal parameters 

(�̅�) which are obtained from the disaggregation information, given the target 𝑆𝑎(𝑇∗) for a given 

site (e.g., Lin and Baker (2011)). For notational brevity, the explicit dependence upon 𝑟𝑢𝑝 

(scenario) is omitted. (i.e., 𝜇ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝 is denoted as 𝜇ln 𝑆𝑎(𝑇𝑖)
). The epsilon at the conditional 

spectral acceleration is calculated by using Equation (2.18). Disaggregation provides the 

information of epsilon distribution. The epsilon calculated from Equation (2.18) is used to 

reproduce the value of conditional spectral acceleration and currently the distribution of epsilon 

related to the conditional spectral acceleration has not been accounted for in the construction 

of CS target distribution (Baker, 2005; Lin, T. et al., 2013).  𝜌ln 𝑆𝑎(𝑇1),ln𝑆𝑎(𝑇∗) is the correlation 

coefficient of 𝜀ln𝑆𝑎(𝑇∗)|𝑟𝑢𝑝and 𝜀ln𝑆𝑎(𝑇𝑗)|𝑟𝑢𝑝, and computed by using the Equation (2.19) (Baker 

& Bradley, 2017).  

 

𝜀ln𝑆𝑎(𝑇∗) =
ln 𝑆𝑎(𝑇∗) − 𝜇ln 𝑆𝑎(𝑇∗)

𝜎ln𝑆𝑎(𝑇∗)
 (2.18) 

 

𝜌ln 𝑆𝑎(𝑇1),ln𝑆𝑎(𝑇∗) = 
𝜌𝑑𝐵1,𝑑𝐵2

𝜏ln 𝑆𝑎(𝑇1)𝜏ln 𝑆𝑎(𝑇∗) + 𝜌𝑑𝑊1,𝑑𝑊2
𝜙ln 𝑆𝑎(𝑇1)𝜙ln 𝑆𝑎(𝑇∗)

𝜎ln𝑆𝑎(𝑇1)𝜎ln𝑆𝑎(𝑇∗)
 (2.19) 

 

Where 𝜎𝑖 is total standard deviation which is divided into two parts, 𝜏𝑖 between events 

(interevent) standard deviation and 𝜙i within event (intraevent) standard deviation. 𝜌𝑑𝐵1,𝑑𝐵2
 

and 𝜌𝑑𝑊1,𝑑𝑊2
 are the correlation coefficient for between and within event residuals which 

commonly are estimated by the use of Person correlation coefficient. For practical applications, 

𝜌ln 𝑆𝑎(𝑇1),ln𝑆𝑎(𝑇∗), hereinafter referred to as 𝜌(𝑇1, 𝑇
∗), is commonly computed by the use of the 

prediction function developed by Baker and Jayaram (2008). This prediction function is only 

for the correlation of horizontal-based spectral accelerations. The work for correlation 

involving vertical components is able to be found in Baker and Cornell (2006a). 

The covariance matrix, 𝚺, conditioned on logarithmic spectral acceleration at period 𝑇∗ can be 

calculated with the following equations: 
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𝚺0 =

[
 
 
 
 

𝜎ln𝑆𝑎(𝑇1)
2 𝜌(𝑇1, 𝑇2)𝜎ln𝑆𝑎(𝑇1)𝜎ln𝑆𝑎(𝑇2) ⋯ 𝜌(𝑇1, 𝑇𝑛)𝜎ln𝑆𝑎(𝑇1)𝜎ln𝑆𝑎(𝑇𝑛)

𝜌(𝑇2, 𝑇1), 𝜎ln𝑆𝑎(𝑇2)𝜎ln𝑆𝑎(𝑇1) 𝜎ln𝑆𝑎(𝑇2)
2 ⋯ 𝜌(𝑇2, 𝑇𝑛)𝜎ln𝑆𝑎(𝑇2)𝜎ln𝑆𝑎(𝑇𝑛)

⋮ ⋮ ⋱ ⋮
𝜌(𝑇𝑛 , 𝑇1)𝜎ln𝑆𝑎(𝑇𝑛)𝜎ln𝑆𝑎(𝑇1) 𝜌(𝑇𝑛 , 𝑇2)𝜎ln𝑆𝑎(𝑇𝑛)𝜎ln𝑆𝑎(𝑇2) ⋯ 𝜎ln𝑆𝑎(𝑇𝑛)

2
]
 
 
 
 

 (2.20) 

 

𝚺1 =

[
 
 
 
 
𝜌(𝑇1, 𝑇

∗)𝜎ln𝑆𝑎(𝑇1)𝜎ln𝑆𝑎(𝑇∗)
…

𝜌(𝑇𝑖, 𝑇
∗)𝜎ln𝑆𝑎(𝑇𝑖)

𝜎ln𝑆𝑎(𝑇∗)
…

𝜌(𝑇𝑛, 𝑇∗)𝜎ln𝑆𝑎(𝑇𝑛)𝜎ln𝑆𝑎(𝑇∗)]
 
 
 
 

 (2.21) 

 

𝚺 = 𝚺0 −
𝟏

𝜎ln𝑆𝑎(𝑇∗)
2 𝚺𝟏𝚺1

𝑻 (2.22) 

 

Where n is number of specified periods. 𝚺0 is covariance matrix of ln 𝑆𝑎(𝑇𝑗) and ln 𝑆𝑎(𝑇𝑖) 

(spectral accelerations at different periods) and 𝚺1 is covariance matrix between spectral 

acceleration at different periods and ln 𝑆𝑎(𝑇∗). 𝚺 is covariance matrix conditioned on 

ln 𝑆𝑎(𝑇∗).  

The conditional standard deviation given ln 𝑆𝑎(𝑇∗) is squared root of diagonal of 𝚺, as 

expressed following: 

 

𝜎ln𝑆𝑎(𝑇𝑖)∣ln𝑆𝑎(𝑇∗) = 𝜎𝑙𝑛𝑆𝑎(𝑇𝑖)
√1 − 𝜌2(𝑇𝑖, 𝑇∗) (2.23) 

 

In the Equation (2.17) and (2.23), the mean causal parameters (i.e., M̅, �̅� and �̅�) are used for 

the approximation of prediction for an underlying site which consists of contributions from 

multiple scenarios. Baker (2005) has given detailed discussion upon how accurate this 

approximation is. For a given site, Baker (2005) stated that the true conditional distribution 

given ln 𝑆𝑎(𝑇∗) is estimated by applying the summation for the conditional distribution of each 

scenario along with its contribution. The true conditional mean and standard deviation are 

expressed as Equation (2.24) and Equation (2.25), respectively. 

 

𝜇ln𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗) = ∑𝑝𝑗 (𝜇ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
+ 𝜌(𝑇𝑖, 𝑇

∗)𝜀ln𝑆𝑎(𝑇∗)𝜎ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
)

𝑛

𝑗=1

 (2.24) 
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𝜎ln𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗)
2  = ∑𝑝𝑗 (σ𝑙𝑛𝑆𝑎(𝑇𝑖)

2 (1 − 𝜌2(𝑇𝑖, 𝑇
∗)))

𝑛

𝑗=1

 

                                  +∑𝑝𝑗 ((𝜇ln 𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
+ 𝜌(𝑇𝑖, 𝑇

∗)𝜀ln 𝑆𝑎(𝑇∗)𝜎ln𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
)  

𝑛

𝑗=1

− 𝜇ln 𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗))
2

 

(2.25) 

 

Where n is the number of specific rupture scenarios. 𝑝𝑗 is contribution of 𝑗th scenario (i.e., the 

probability of 𝑗th scenario obtained from disaggregation analysis). 𝜇ln𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
 and 

𝜎ln𝑆𝑎(𝑇𝑖)|𝑟𝑢𝑝𝑗
 are the prediction of mean and standard deviation for 𝑗th scenario obtained from 

a chosen GMPE. The contribution is able to be obtained from the disaggregation analysis, e.g., 

Lin and Baker (2011). As noted in the equations above, if the variability among the mean 

predictions over all rupture scenarios is relatively small, i.e., the second summation term of 

Equation (2.25) is small, then this term can be neglected. Following from this way, the Equation 

(2.25) will be changed to Equation (2.23). This generally arises when the hazard at the site is 

heavily dominated by a single rupture scenario (or when we have a strongly unimodal 

disaggregation distribution). Similarly, when a single scenario dominates the hazard, the 

prediction of conditional mean target can be treated essentially equivalent to that obtained from 

the prediction on the basis of the contribution of one scenario with mean values of causal 

parameters. The resulting equation is the same as the expression of Equation (2.17). Therefore, 

the distribution defined by the use of Equation (2.17) and Equation (2.23) is able to provide an 

excellent approximation for the true distribution obtained on the basis of an earthquake which 

is dominated by a single scenario (i.e., M̅,  �̅� and �̅�). It can also be noted that while, for a case 

which is not dominated by a single scenario, conditional standard deviation obtained from 

Equation (2.25) is always larger than that from Equation (2.23), the conditional mean obtained 

from Equation (2.17) and (2.24) can provide a similar result.  

For a given site which is dominated by more than one types of earthquake source, Goda and 

Atkinson (2011) separately selected different sets of records to match respective CMSs 

established on the basis of each source type. In comparison of the target distribution defined 

by Equation (2.24) and (2.25), in order for propagating uncertainty from hazard analysis in 

terms of the GMPEs used in the PSHA to the ground motion selection, Lin et al. (2013) 

incorporated epistemic uncertainty from the GMPEs estimated in standard the PSHA into the 
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target distribution construction and called this target spectrum as Exact Conditional Spectrum 

(Exact CS). The mean and variance are expressed following: 

 

𝜇ln 𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗) = ∑ ∑𝑝𝑗,𝑘 (𝜇ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗
+ 𝜌(𝑇𝑖, 𝑇

∗)𝜀ln 𝑆𝑎(𝑇∗)𝜎ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗
)

𝑛

𝑗=1

𝑚

𝑘=1

 (2.26) 

 

𝜎ln 𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗)
2 = ∑ ∑ 𝑝𝑗,𝑘 (σ𝑙𝑛𝑆𝑎,𝑘(𝑇𝑖)

2 (1 − 𝜌2(𝑇𝑖 , 𝑇
∗)))

𝑛

𝑗=1

𝑚

𝑘=1

 

+ ∑ ∑ 𝑝𝑗,𝑘 ((𝜇ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗
+ 𝜌(𝑇𝑖 , 𝑇

∗)𝜀ln 𝑆𝑎(𝑇∗)𝜎ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗
) − 𝜇ln 𝑆𝑎(𝑇𝑖)| ln 𝑆𝑎(𝑇∗))

2𝑛

𝑗=1

𝑚

𝑘=1

 

(2.27) 

 

Where m is the number of chosen GMPEs. 𝜇ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗
 and 𝜎ln 𝑆𝑎,𝑘(𝑇𝑖)|𝑟𝑢𝑝𝑗

 are 𝑘th specific 

GMPE predicted mean and standard deviation for 𝑗th scenario. 𝑝𝑗,𝑘 is the contribution of 𝑗th 

scenario and 𝑘th GMPE for the occurrence or exceedance of target 𝑆𝑎(𝑇∗). The contribution is 

able to be obtained from the disaggregation analysis (e.g., Lin and Baker (2011)). 

In theory, when a target distribution is constructed with a consideration of multiple rupture 

scenarios of interest and multiple GMPEs, this further increases the variability of ordinates 

away from the conditional intensity measure (see the Equation (2.27)), in comparison with an 

approximate CS constructed for the same scenarios (i.e., a single GMPE is used with 

substituting M̅ and �̅� to establish a target distribution). This impact can be significantly 

diminished for the approximate CS through employing a constant value (larger than 1) to adjust 

the conditional standard deviation (Lin et at., (2013a) ). In the study (Lin et at (2013a)), it is 

worth to note that records selected on the basis of exact CS or adjusted approximate CS is able 

to provide a hazard consistency which means the rate of the occurrence of spectral accelerations 

greater than a specific level from the selected records at all relevant periods are consistent with 

that for the given site obtained via the PSHA. The hazard consistency enables decouple the 

response distribution and the choose of conditional spectral acceleration period because the 

rate of exceedance of spectral accelerations at periods related to the responses that all have 

good agreements with the underlying hazard curves. This can be quite valuable for a practical 

application where a conditional period is not able to be easily and/or accurately identified. The 

impacts of the occurrence and exceedance disaggregation method on the application of 

conditional spectrum targets have been detailed discussed in Ebrahimian et.al. (2012) and Fox 

et.al. (2016). 
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Figure 2.3: Median as well as 2.5 and 97.5 percentile of target CS distribution. The response spectra 

of ground motion records selected by CS-based algorithm5 are in addition shown. Spectral 

acceleration (Sa) at period of 1.0s is chosen as the conditional intensity measure. 

 

Regarding a case where records are selected to match to a CS target, the whole scaled records 

results in a pattern which has no variability on the conditional period, while the variability of 

spectral accelerations increases as a period goes away from the conditional period, as an 

illustrative example shown in Figure 2.3. This arises as a consequence of records pinched on 

the conditional period and the trend of the correlations of spectral accelerations among different 

periods. This can be appreciated from Figure 2.4. The trend allows for the spectral accelerations 

at the periods far away from the conditional period less correlated with the conditional period 

than the periods close to. Due to the records pinched on a specific amplitude, there is a relative 

peak on the conditional period and as intensity level increases, the value of epsilon in general 

becomes larger. This results in that peak become more distinct. Kohrangi et al. (2017) 

introduced a way in order for constructing a CS with an average spectral acceleration (AvgSA) 

which is constructed by averaging logarithmic spectral accelerations over a specific period 

range. The AvgSA is used as the conditional IM and this single IM can contain more useful 

information in terms of spectral ordinates and inherently account for spectral shape 

information, compared with a single spectral acceleration at a period. In addition, it is prudent 

to use the AvgSA to estimate the performance of a given structure, if the single optimal period 

                                                 
5 The code scripts of Jayaram et al. (2011) can be accessed from the Prof. Jack Baker research group website. 
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for the conditional IM is not straightforward to be decided. The period range defined for 

averaging spectral accelerations can be used to effectively account for high mode effects and 

high nonlinearity. The period range has been proposed in a very early study by Shome et al. 

(1998) and has been suggested from 0.2T1 (for the high mode effects) to 1.5T1 or 2.0T1 (for 

the high nonlinearity) by a number of studies (Baker & Cornell, 2008b; Baker, 2010; Haselton 

& Baker, 2006; Vamvatsikos & Cornell, 2005a). Because it is well acknowledged that the 

effective period and effective damping ratio for a structure rapidly increase once it yields, the 

suggested period range aims to implicitly account for spectral accelerations at other damping 

ratios. That is, the nonlinearity is able to be approximately captured through implementing 

spectral accelerations at a range of periods with a fixing damping ratio, because similar 

response results may be obtained on the basis of different combinations of damping ratios and 

periods. It should always keep in mind, despite the period longer than 1.5𝑇1 can be effective 

for the high nonlinear of a structure, this value is only a general criterion not an optimal value 

for a specific underlying structure since the optimal values of period range should be decided 

according to the chosen structure. In order for more accurately estimating the effective period 

and damping ratio according to the high nonlinear of a structure, there are different approximate 

methods (e.g., displacement-based approach) which can provide the estimation of expected 

structural demands and Capacity Spectrum Method (CSM) is one of them. 

The CSM is developed by Freeman (1998) and has been detailed reported in ACT-40 (1996). 

the shortages of CSM are well acknowledged. The bias arises in the coincidence of the response 

obtained from the Capacity Spectrum Method compared with the response obtained from time 

history response analysis (which is believed closer to the true response) and even, sometimes, 

it is not available to achieve the converge coincidence. The detailed discussion about deficiency 

of CSM can be referred to Chopra and Goel (2000) and FFEA-440 (Appendix A and C) (2005). 

A number of studies have involved efforts to develop inelastic methods to make improvements 

for the performance of CSM. For example, Chopra and Goel (1999) and Fajfar (1999) have 

developed method to estimate approximately the maximum response of inelastic model 

through using an inelastic demand curve instead of an elastic demand curve used in the ACT-

40 CSM. Lin and Chang (2003) used an absolute acceleration response spectrum rather than a  

pseudo-acceleration response spectrum which is normally utilized for defining a response 

spectrum. However, FFEA-440 (2005) has reported that a consistent result, in some cases, is 

not able to be obtained through applying different inelastic analysis methods for a given 

structure subjected to the same ground motion. The latest efforts for improving the performance 

of CSM is presented by FFEA-440 (Kyriakides et al., 2018). In the light of the improved CSM, 
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the effective period and damping ratio is obtained through the use of empirical derived 

equations. The updated CSM has been proposed more than one decade and probably is not able 

to provide adequately accurate estimations, due to a large number of improvements (e.g., 

material deterioration model) having been providing over the decade. However, the CSM is 

still a way to provide an estimation of the level of expected demands for an underlying structure 

in order for assisting in identifying the range of periods and damping ratios for the high 

nonlinearity. Thus, the high nonlinear of the underlying structure can be more accurately 

captured through the identified period range and damping ratios, in comparison of accounting 

for the high nonlinear by the prolific use of spectral accelerations at the same (identified) period 

range but at 5% damping ratio. 

In the context of spectral ordinates at the spectrum with the damping ratios other than 5%, there 

are a large number of studies conducting on the development of approaches in order for the 

prediction of spectral ordinates at damping ratios other than 5%. This can be attributed from a 

fact that, in a practical application, a given structure with an initial value of damping ratio other 

than 5% is commonly studied and this structure can be beneficial from using a target at a 

damping ratio coincided with its initial value. Those approaches can principally be categorized 

into two types of method (Stafford et al., 2008). Empirical equation is developed to directly 

make the prediction of spectral ordinates at damping ratios other than 5% or a damping 

corrected factor is calculated for scaling typical GMPEs (for 5% damping ratio) to obtain 

spectral ordinates at other damping ratios. Rezaeian et al. (2012) has provided a detailed review 

on those studies and meanwhile developed a new empirical equation for calculating the 

damping corrected factors. Few studies have made efforts to account for the different damping 

ratio levels through the use of multiple targets (e.g., Hancock and Bommer (2007), Hancock et 

al. (2008)). There is currently not available method to construct one CS target to account for 

multiple damping ratios and no available correlations model among spectral accelerations at 

different damping ratios. 
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(a) (b) 

Figure 2.4: (a) Target standard deviation and standard deviation of selected ground motion records. 

(b) Plots of correlation coefficients predicted by Baker and Jayaram (2008)6. The spectral acceleration 

(Sa) at period of 1.0s is chosen as the conditional intensity measure. 

2.4.3 Generalized Conditional Intensity Measure target 

In context of the Conditional Spectrum, a limitation has arisen as a consequence of merely 

consisting of spectral response ordinates which is able to account for the record characteristics 

in terms of amplitude and frequency content. The other characteristics, such as energy content, 

contributing to the severity of a ground motion which are measured by duration and/or 

cumulative measures may not be fully represented by the spectral content, yet the impacts of 

energy content on structural response have been observed and highlighted in a number of 

studies (e.g., Bommer et al. (2004), Hancock and Bommer (2006), Bradley et al. (2009), 

Chandramohan et al. (2016a), Kwong and Chopra (2016)). To this end, Bradley (2010) 

generalized the CS to explicitly account for the intensity measures other than spectral 

accelerations, and meanwhile, to allow for more than one scenario being accounted for 

(Bradley, 2012c). The resulting target distribution is coined as Generalized Conditional 

Intensity Measure (GCIM). Through explicitly accounting for the multiple intensity measures 

other than spectral ordinates, GCIM is not only able to increases the chance for achieving 

sufficiency in a ground motion selection, but it also in general prohibit the use of an extreme 

large scaled factor. A detail discussion associated with the latter has been provided by Bradley 

(2015b). The incorporation of intensity measures other than spectral accelerations in a GCIM 

target requires the availability of equations being achieved to provide the empirical correlation 

of arbitrary intensity measure types. The available equations are listed in Table 2.1 (Tarbali & 

Bradley, 2015). 

                                                 
6 The code scripts of correlation model can be accessed from the Prof. Jack Baker research group website. 



Chapter 2 - Literature review  

55 

 

Table 2.1: Correlation equations and values of arbitrary intensity measure types 

 

IM SA PGA PGV Ds5-75% Ds5-95% CAV AI SI ASI DSI 

SA BJ08 B11(a) B12(a) B11(b) B11(b) B12(b) B14 B11(a) B11(a) B11(c) 

PGA  1.0 0.73 -0.41 -0.44 0.70 0.83 0.60 0.93 0.40 

PGV   1.0 -0.21 -0.26 0.69 0.73 0.89 0.73 0.80 

Ds5-75%    1.0 0.84 0.08 -0.19 -0.13 -0.41 0.07 

Ds5-95%     1.0 0.12 -0.20 -0.08 -0.37 0.16 

CAV      1.0 0.89 0.68 0.70 0.57 

AI   Symm.    1.0 0.68 0.81 0.51 

SI        1.0 0.64 0.78 

ASI         1.0 0.37 

DSI          1.0 

The correlation function listed in the table are from following references: BJ08 in Baker and 

Jayaram (2008). B11(a) in Bradley (2011b). B12(a) in Bradley (2012b). B11(b)7 in Bradley (2011a). 

B12(b) in Bradley (2012a). B14 in Bradley (2015a). B11(c) in Bradley (2011c). 

Abbreviations: SA, spectral acceleration; PGA, peak ground acceleration; PGV, peak ground 

velocity; Ds 5-95%, 5-95% significant duration; Ds 5-75%, 5-75% significant duration; CAV, 

cumulative absolute velocity; AI, arias intensity; SI, spectrum intensity; ASI, acceleration spectrum 

intensity; DSI, displacement spectrum intensity; Symm, symmetric. 

 

After constructing a target distribution, records in a prospective database (e.g., the size of 

database is reduced by preferably accounting for a causal bin and a maximum scale factor) is 

scaled to be consistent with the value of conditional intensity measure. The scale factor for 𝑖th 

ground motion record (𝑆𝐹𝑖) is obtained following (Bradley, 2012c): 

 

𝑆𝐹𝑖 = exp [
𝐼𝑀𝑗 − 𝐼𝑀𝑗

𝑖,unscaled

α
] 

 

(2.28) 

 

Where 𝐼𝑀𝑗 and 𝐼𝑀𝑗
𝑖,𝑢𝑛𝑠𝑐𝑎𝑙𝑒𝑑

 are the logarithm of the scaled and unscaled value at conditional 

intensity measure for the 𝑖th ground motion. α is an integer which depends upon the chosen 

intensity measures (e.g., α = 2 for AI and α = 0 for significant duration). It is worth to note that, 

on the basis of Equation (2.28), the values of chosen intensity measures do not change by the 

application of amplitude scaling, if significant duration is used as the conditional intensity 

measure. 

                                                 
7 The code script was accessed from the Prof. Brendon Bradley research group website. 
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2.4.4 Ground motion selection algorithm  

After constructing the target distribution, regarding the CS-based method, samples are 

generated by the use of Monte Carlo method through a build-in subroutine of MATLAB 

(Jayaram et al., 2011), while the GCIM-based method (Bradley, 2012c) utilizes Cholesky 

decomposition method to generate correlated samples from a set of uncorrelated samples for a 

given conditional correlation matrix. The latter procedure takes the advantage of Cholesky 

decomposition that only once needs to be done to generate lower triangular matrix (Cholesky 

factor) and since then only one step is needed to generate a set of random samples following a 

standard normal distribution for each replication. More detailed literature review and extended 

fundamental discussion about some frequently used sampling methods are presented in the next 

section. For code-based ground motion selection methods, Sextos et al. (2010) have provided 

a detailed review among the related studies and Iervolino et al. (2010) developed a software, 

named as REXEL, to conduct the code-based selection. It is worth to note that, due to different 

features among intensity measures, a factor, named as weighted factor, is introduced for a 

GCIM target to scale each different target intensity measure to describe the sensitivity of the 

underlying intensity measure upon underlying structure responses. The values of weighted 

factors are currently decided in a subjective manner however. Despite that, the weight factors 

are important to provide more space for flexibility of practical applications. The 

recommendations of suitable weight factors adopted for different applications are found in 

Tarbali and Bradley (2015). Samples are matched individually by selecting the records from a 

prospective database and the selection criterion from the study of Jayaram et al. (2011) is 

expressed as Equation (2.29) and certainly, other selection criteria (e.g., Bradley (2012c)) can 

be used if desired. The spectral accelerations are chosen for an illustration purpose in Equation 

(2.29) and (2.30) (Jayaram et al., 2011), these equations are able to be directly extended to the 

intensity measures other than spectral accelerations to make a good performance for a GCIM 

target.  

 

𝑆𝑆𝐸 = ∑(𝑙𝑛 𝑆𝑎(𝑇𝑖) − 𝑙𝑛 𝑆𝑎(𝑠)(𝑇𝑖))

𝑝

𝑗=1

 (2.29) 

 

Where 𝑆𝑆𝐸 stands for the sum of squared error between the logarithmic response spectrum of 

candidate record, ln 𝑆𝑎(𝑇𝑖), and logarithmic simulated response spectrum, ln 𝑆𝑎(𝑠)(𝑇𝑖), at 

period 𝑇𝑖. p is the number of chosen periods. Since the intensity measures is proposed to be 
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marginally distributed according to a lognormal distribution (Bradley, 2010; Jayaram & Baker, 

2008), logarithmic of values for the statistically simulated sample and the candidate record are 

used in the above equation. Equation (2.29) is used to sweep through all candidates to select a 

record with the best representing of a specific simulated sample (i.e., with smallest value of 

Equation (2.29)). Given the stochastic nature of simulation methods, different sets of generated 

samples result in the different sets of selected records with different combinations, in general. 

To identify the set of selected records matching to the target best, a goodness-of-fit procedure 

needs to be introduced to define the quality of match between the different sets of selected 

records and the target. Sum of squared error (𝑆𝑆𝐸𝑠) is applied to evaluate the difference 

between selected records and the target in terms of mean and standard deviation. The 𝑆𝑆𝐸𝑠 is 

defined as: 

 

𝑆𝑆𝐸𝑠 = 𝑤𝑚 ∑(𝑚ln 𝑆𝑎(𝑇𝑖)
− 𝜇ln 𝑆𝑎(𝑇𝑖)

𝑡 )
2
+

𝑝

𝑖

𝑤𝑠 ∑(𝑠ln 𝑆𝑎(𝑇𝑖)
− 𝜎ln 𝑆𝑎(𝑇𝑖)

𝑡 )
2

𝑝

𝑖

 (2.30) 

 

Where 𝑤𝑚 and 𝑤𝑠 are the weight factors to present the varying degrees of importance for first 

two moments (i.e., mean and variance). For a selected set of records at period of 𝑇𝑖, the sample 

mean and standard deviation are denoted as 𝑚ln𝑆𝑎(𝑇𝑖)
 and 𝑠ln 𝑆𝑎(𝑇𝑖)

, and the target mean and 

standard deviation are denoted as 𝜇ln𝑆𝑎(𝑇𝑖)
𝑡  and 𝜎ln 𝑆𝑎(𝑇𝑖)

𝑡 , respectively. The GCIM-based 

method uses the classical Kolmogorov–Smirnov test (i.e., one-dimensional test) for each trial 

set of selected records and identify the selected record set with smallest value of Kolmogorov–

Smirnov test statistic. It should be kept in the mind that is the Kolmogorov–Smirnov test in the 

GCIM-based method is computed in a univariate manner for each intensity measure.  

Through the utilization of Equation (2.29) and (2.30), a set of records matching statistically to 

simulated response spectra is able to be identified. Hopefully, the target distribution can be 

represented by the selected record set within a tolerance, otherwise further improvements upon 

the consistency of selected record set and the target can be done by the use of optimizations, 

such as the greedy optimization used in the study of Jayaram et al. (2011). It should be pointed 

out that achieving the consistency at least requires that the set of generated samples which 

represents the target well enough is able to be identified. In order for increasing the chance of 

the target distribution being represented by a set with relatively small number of samples 

(normally, there are less than 50 samples in each set), it is intuitively to increase the times of 

the generation of samples sets and hopefully a converge along with the increase of the number 
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of generated samples sets can be achieved. In practice, this converge, however, probably is not 

achieved based on a fact that, ideally, an analyst commonly would like to implement a small 

number of records (e.g., 10 records) due to extreme high computational expense for an actual 

time history response analysis with respect to a practical structure. Therefore, instead of 

exhaustively keep generating more samples sets, alternatively, with a suitable starting point 

(i.e., a set of records relatively matching well to the target), an optimization (e.g., greedy 

optimization) can be applied to assist in achieving the ultimate objective of ground motion 

selection that the distribution of a set of limited number selected records are essentially close 

to the target distribution. The essentially close mentioned here means the selected set is unlikely 

drastically different from the globally optimum set of records in terms of overall performance. 

It should be noted that the CS-based method and GCIM-based method are both able to be used 

for a ground motion selection without amplitude scaling or for selecting physical-based 

simulated ground motions. The studies involving efforts of developing other algorithms for the 

simulation-based ground motion selection are Bradley et al. (2015) and Kwong et al. (2015). 

The improvements of CS-based method in terms of the computational expense and statistics 

for the quality of selected records has been done recently (Baker & Lee, 2018). It is interesting 

to note that while the ground motion selection upon the CS-based or GCIM-based method is a 

scalar IM method, the distributions of multiple intensity measures are attempted to be matched 

(i.e., records are selected to match the distribution of 𝐼𝑀2 given 𝐼𝑀1, where 𝐼𝑀2 can be a 

vector). This can be understood by recalling Equation (2.11) where the components relate to 

𝐼𝑀2 are possible to be omitted (Baker, 2005) (i.e., Equation (2.11) is equal to Equation (2.9)) 

if the empirical distribution of 𝐼𝑀2 given 𝐼𝑀1 obtained from selected records is consistent with 

the theoretical distribution. That is, the distribution of structural response given 𝐼𝑀1 and 𝐼𝑀2 

can be directly estimated from that conditioned on 𝐼𝑀1 merely, given that the distribution of 

𝐼𝑀2 from selected records ensemble scaled to be consistent with 𝐼𝑀1 is able to represent that 

from potentially generated ground motions which could be induced at the given site of interest. 

2.5 Sampling methods 

Thus far, it has been known that sampling play a key role on the approximation of a target 

distribution in the ground motion selection procedures. The sampling is able to predict the 

behaviour of the target distribution in order for identify the appropriate values for the features 

from that distribution. In this section, frequently adopted sampling methods are overviewed on 

a fundamental level.      
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2.5.1 Basic Sampling method 

‘Simple’ (or Plain) Monte Carlo (or inverse transform method), due to its relative easily 

implementation, is commonly used to generate random variates from an underlying 

distribution. In this method, for a case where samples 𝑥 needs to be generated following a target 

probability distribution (the probability density function donated as 𝜋(𝑥)), points 

corresponding to 𝑢(𝑥) which is uniformly distributed according to 𝑈[0,1] are first randomly 

draw. Then these points of 𝑢(𝑥) are substituted into inverse cumulative density function (the 

cumulative density function, 𝐹(𝑥), is indefinite integral of the desired distribution 𝜋(𝑥)) to 

generate points of 𝑥(𝑢) = 𝐹−1(𝑢) which are used as an ensemble of samples. Apparently, the 

difficulties of ‘Simple’ Monte Carlo are the calculation of inverse cumulative density function. 

Furthermore, it is, in some cases, even difficult to calculate normalized constant value for a 

specific probability density function. To circumvent that, rejection sampling is applied to 

generate samples from a proposal distribution (𝑞(𝑥)) instead of from a more complex target 

distribution (𝜋(𝑥)). The key steps for the rejection sampling are outlined in what follows.  

1. Chose an easily directly sampled distribution as a proposal distribution 

2. Identify a constant value of c to ensure 𝑐𝑞(𝑥) ≥ 𝜋(𝑥) for all the supports 

3. Generate a sample 𝑥0 from 𝑞(𝑥) in order for generating 𝑢0 which is distributed 

according to U(0, cq(𝑥0)) 

4. Reject the sample 𝑥0 if and only if 𝑢0> 𝜋(𝑥0), otherwise accept the sample. 

5. Repeat the step of 3 and 4 until the desirable samples are achieved. 

Apparently, it is key to identify a proposal distribution matching closely to the target 

distribution in flavour of efficiency convergence. In addition to choose a sub-optimal (or 

optimal) proposal distribution in the rejection sampling, a sub-optimal (or optimal) constant 

value of c also needs to be chosen for setting the bound to discard the rejected samples. Instead 

of providing efforts for doing things described to make an attempt to improve the acceptance 

ratio in the rejection sampling, Importance sampling can be used to generate samples by 

introducing a weight function (𝜋(𝑥)/𝑞(𝑥)), called as importance sampling quotient, to reflect 

importance of different samples generated from the proposal distribution (𝑞(𝑥)). That is, 

samples are assigned weights to reflect the varying importance rather than merely zero or one 

of weights used in the rejection sampling. Therefore, the generated samples then are all 

retained. Again, it is important to choose a proposal distribution relatively close to the target 

distribution so that the variability of importance sampling is not large. One of crucial 

application of importance samples is that the samples of rare events are able to be generated 
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more efficiently by the implementation of Importance sampling, compared with ‘simple’ 

Monte Carlo. For example, the directly utilization of this property of importance sampling in 

the earthquake engineering practice is able to be found in the study of Kwong et al. (2015) 

where samples are generated according to a distribution (this distribution replaces the target 

distribution) with high probability at the tail region and the final results is evaluated through 

the use of weights which aims to account for the bias introduced from the replaced distribution. 

2.5.2 Markov Chain Monte Carlo 

Markov Chain is a stochastic sequential process that a sequence of correlated states is derived. 

Each derived state (𝑖th state) is only upon the previous state (𝑖 − 1th state) through the use of a 

transition function which is the probability for jumping from one state to another state. Markov 

Chain Monte Carlo (MCMC) is a class of simulation methods to generate samples from a 

complex arbitrary target distribution. The Metropolis-Hastings algorithm is one of most 

classical MCMC algorithms which is developed in statistical physicals by Metropolis and his 

co-workers (1953). This method then is generalized by Hastings (1970). 

Let us say that we want to construct a Markov Chain X (guide algorithm) on the basis of a 

stationary distribution (target distribution π). The key steps of Metropolis-Hastings algorithm 

are presented herein:  

1. Generate the candidate of current state 𝑌𝑖+1 from the transition operator (proposal 

distribution) q(𝑌𝑖+1|X𝑖) where X𝑖 is the previous state. If a noise is added to the previous 

state to generate the candidates, the algorithm becomes to the random walk Metropolis 

algorithm. 

2. Accept the current state 𝑋𝑖+1 equal to 𝑌𝑖+1 with probability of α, otherwise set current 

state 𝑋𝑖+1 equal to the previous state (i.e., X𝑖) with probability of 1 − α.  The α is 

defined by the Equation (2.31).  

3. Increase 𝑖 by 1 and go back to Step 1 

4. Repeat the previous three steps until the desirable samples are achieved. 

 

𝛼 = 𝑚𝑖𝑛 (1,
𝜋(𝑌𝑖+1)𝑞{𝑋𝑖|𝑌𝑖+1}

𝜋(𝑋𝑖)𝑞{𝑌𝑖+1|𝑋𝑖}
) (2.31) 

 

Apparently, there is no need for normalized constant due to cancelation in order to allow for 

generating samples from unnormalized distribution. This is very useful for practical 

applications where normalized constant value is infeasible to be calculated. If the chosen 
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proposal distribution is symmetric, it is able to cancel the proposal distribution parts in the 

above equation. Subject to this case, the Metropolis-Hastings algorithm reduces to the original 

Metropolis algorithm (Metropolis et al., 1953), as a consequence, an equation for accepting the 

candidate with probability α is defined as follow: 

 

𝛼 = 𝑚𝑖𝑛 (1,
π(𝑌𝑖+1)

π(X𝑖)
) (2.32) 

 

As observed above, the value of α is only related to the ratio of target probability density value 

of the candidate of the current state and that of previous state, we therefore see the value of α 

is chain dependent to some extent.  

Because the start state of MCMC is an arbitrary decision if the chain is irreducible (i.e., any 

state can reach any other states within a finite time), a set of successive samples, which could 

be far away from the target distribution, generated at the beginning needs to be omitted. This 

is the burn-in period. It is worth to point out that even for a case where a start state is close to 

the target distribution, burn-in is still needed (Gilks et al., 1995). Suppose we have chosen a 

proper MCMC method to generate samples, as the procedure begins, an apparent issue is that 

when we are able to safely terminate the sampling and whether these samples are consistent 

with the target distribution. A tool named as Convergence Diagnostic is applied and Cowles 

and Carlin (1996) have provided a detail discussion upon different approaches of Convergence 

Diagnostic.  

When the dimension goes up, high rejection rates may arise if the performance of a chosen 

high-dimensional proposal distribution is not well. Instead of keeping searching a wise-chosen 

proposal distribution, alternatively, Component-wise updating approach can be applied to 

update the component of each dimension one by one. Following from this sense, rather than 

simultaneously updating the vector consisting of n-dimensional components, the vector is able 

to be decoupled into n of single component which allows for an efficiency algorithm (e.g., 

Metropolis-Hastings algorithm) being applied separately. This probably increases the chance 

of identifying an efficiency proposal distribution (note that the proposal distribution is 

univariate). Let us say that we have a n-dimensional vector with target distribution π and the 

components in the vector are denoted as (𝐗𝑡 = [x1
𝑡 , … , x𝑛

𝑡 ]) for 𝑡th iteration. The key steps of 

Component-wise algorithm are presented herein: 

https://amstat.tandfonline.com/author/Cowles%2C+Mary+Kathryn
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1. For 𝑡th iteration and 𝑖th dimension, generate the candidate x𝑖
∗𝑡+1 by the use of proposal 

distribution q merely on the basis of x𝑖
𝑡 

2. Set x𝑖
𝑡+1 equal to x𝑖

∗𝑡+1 with probability of α, otherwise set x𝑖
𝑡+1 equal to x𝑖

𝑡 with 

probability of 1 − α which is evaluated by the Equation (2.33). 

3. Repeat Step 1 and 2 until each component in that n-dimensional vector has been 

updated 

4. Increase t by 1 and go back to Step 1 

5. Repeat the previous four steps until the desirable samples are achieved. 

 

𝛼 = 𝑚𝑖𝑛 (1,
𝜋(𝑥1

𝑡 , … , 𝑥𝑖
∗𝑡+1 … , 𝑥𝑛

𝑡 )𝑞{𝑥𝑖
𝑡|𝑥𝑖

∗𝑡+1}

𝜋(𝑿𝑡)𝑞{𝑥𝑖
∗𝑡+1|𝑥𝑖

𝑡}
) (2.33) 

 

2.5.3 Gibbs sampling 

Thus far, one of challenges for applying Metropolis-Hastings algorithm becomes apparent. 

This is how to define the step length (e.g., chosen the standard deviation used for generating 

noise in the random walk Metropolis algorithm) which has already been mentioned by 

Metropolis and his co-workers (1953). Too large step length can potentially result in a case 

where the chance to regenerating the same samples probably increases (e.g., samples at the tail 

of a target distribution) and even the generated samples may locate beyond the region of 

interest, which directly leads to a high rejection rate. Too small step length results in the poor 

performance of exploration and even the exploration is ‘stuck’ at some points due to high 

correlated samples frequently generated. 

Probably, a symmetric proposal distribution with a relatively large step length are preferred 

since it can circumvent the issues recognized in the above extreme cases. Alternatively, the 

step size would ideally be updated (or optimized) as states are transitioned. Fortunately, a large 

number of studies have involved the efforts to develop the algorithm for sequentially updating 

step size and/or spatial orientate (e.g., Haario et al. (2001), Paul Gustafon (1998)). Based on 

the discussion above, we can obtain that the most efficiency MCMC algorithm is able to 

generate samples with zero rejection rate. Gibbs sampling can be used to achieve this. That is, 

it generates samples which are all accepted without the requirement of a selection of the 

proposal distribution, provided that the full conditional distribution of each component on all 

other components in the vector are obtianed. Apparently, for the case where that full 
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conditional distribution can not be obtained, the Gibbs sampling is not available. In the Gibbs 

sampling method, 𝑖th of n dimension, 𝑥𝑖, is directly sampled from the conditional distribution 

on all other components (𝑥𝑗≠𝑖 = [𝑥1, … , 𝑥𝑖−1,𝑥𝑖+1, … 𝑥𝑛]) with zero rejection rate. The next 

component (𝑖 + 1) is updated by the conditional distribution on the current values of all other 

components (the current value of 𝑥𝑖 is updated value). The update procedure is repeated for all 

dimensions. Whole process is not stopped until the desirable samples are achieved. 

2.6 Probability Based Seismic Assessment 

After selecting a representative ensemble of ground motion records, it comes to the 

consideration of time history response analysis which is used for the three types of seismic 

assessments, as shown in Section 2.4. The scenario-based and intensity-based assessment aim 

to estimate the structural response distribution through the specific set of selected records 

respectively for a specific rupture and a specific IM level. The risk-based assessment accounts 

for the response distributions obtained from the ensembles of selected records for all IM levels 

of interest in order to estimate the mean annual rate of EDP exceeding a specific value of y, as 

given by Equation (2.9).   

Two categories (i.e., Parametric and nonparametric approach) are available to calculate the 

probability distribution of EDP exceeding y given the value of IM equal to x. Parametric 

approach is able to be applied with an assumption for EDP distribution which is commonly 

assumed follow a lognormal distribution (Recalling the discussion around Equation (2.9)). The 

parameters defining this distribution are mean (𝜇𝑙𝑛𝐸𝐷𝑃) and standard deviation (𝜎𝑙𝑛𝐸𝐷𝑃), it 

follows that the complementary cumulative distribution function (CCDF) is determined by: 

 

P(EDP > y|IM = x) = 𝑃(𝐶) + (1 − 𝑃(𝐶))(1 − 𝜙 (
𝑙𝑛𝑦 − 𝜇𝑙𝑛𝐸𝐷𝑃

𝜎𝑙𝑛𝐸𝐷𝑃
)) (2.34) 

 

Where P(C) is probability of collapse for a given intensity measure level and this can be 

obtained by the use of a fragility collapse function (e.g., Eads et al. (2013), Baker (2015a)) 

which is a function of a given intensity measure. Baker (2015a) developed a parametric 

approach to estimate a fragility function by the use of an optimization on the likelihood function 

(see the discussion around parametric and nonparametric approaches in Section 2.3) in which 

the values of probability distribution adaptive parameters are estimated through using the 
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‘estimator’. Alternatively, the probability of collapse can be given by nonparametric method 

through simply counting the fraction of records leads to collapse.  

Nonparametric approach is applied to directly estimate the distribution even without any 

knowledge of whether the distribution of EDP follows a specific distribution. To calculate the 

probability of EDP exceeding y (i.e., CCDF), it is merely to count the records which leads to a 

response larger than y: 

 

P(EDP > y|IM = x) =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠 > 𝑦

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠
 (2.35) 

 

As straightforward shown in Equation (2.9), the demand hazard curve obtained from a risk-

based assessment is unique regardless of which conditional intensity measure is chosen. The 

legitimacy of this conclusion in practice is attributed to the sufficiency of intensity measures 

selected to a given response and the distribution of ground motions adequately represents a 

target distribution for a given site of interest. Bradley (2012d) has implemented a procedure 

with the GCIM-based method to allow for the risk-based assessments being independent of 

conditional intensity measure chosen. In context of the CS-based method, Lin (2013a) have 

demonstrated that the risk-based assessments are relatively insensitive to the conditional period 

chosen, provided that records are selected based on a CS target to ensure the hazard 

consistency. In contrast to a unique result from a risk-based assessment, the intensity-based 

assessment is sensitive to the conditional intensity measures chosen, given the same 

exceedance rate. This has been pointed out by Bradley (2013) and Lin et al (2013a). The can 

be understood by the fact that different conditional intensity measures corresponding to the 

same exceedance rate contain different features from the given site and the results obtained 

from intensity-based assessment consists of contributions from merely one intensity level, and 

the latter is contrast to the results obtained from the risk-based assessment which are 

contributed from different intensity levels. 

In addition to the discrete summations form of demand hazard (e.g., Equation (2.9)), the annual 

frequency of exceeding a given response can be calculated through using a close-form method 

(Bradley et al., 2007; Bradley & Dhakal, 2008). For the close-form solutions of demand hazard, 

a simplified model is assumed and calibrated by the data derived from analysis over a specific 

range. In practical applications, the values of parameters in the model are needed and in order 

to do so, the different means to identify these values are applied, for example non-linear least-

squares regression. There are multiple ways with the close-form method to introduce errors 
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(e.g., the exploration of range out of where the parameters are fitted for) and these have been 

detailed discussed by Bradley and Dhakal (2008).  

The procedures of a nonlinear time history analysis for the risk based assessment are principally 

categorized into three classes which are coined as Cloud Analysis (Cornell et al., 2002), 

Incremental Dynamic Analysis (IDA) (Vamvatsikos & Cornell, 2002) and Multi Stripe 

Analysis (MSA) (Jalayer & Cornell, 2009). Cloud Analysis is a procedure whereby a structure 

subjected to a suite of selected records without the application of scale factors is analysed by 

the adoption of the time history analyses to produces a bunch of ‘cloud’ points and, a regression 

model is subsequently utilized to fit these points to predict the distribution of a specific 

response. The early version of Cloud Analysis utilized linear regression model involving one 

predictor and with some assumptions. These assumptions are that variance is fixed along with 

increasing IM levels (i.e., homoscedastic) and the mean value of logarithmic EDP is a linear 

function of the logarithmic IM. Apparently, those two assumptions are not true, when the 

comparison is made with a response distribution obtained from MSA and IDA. The detailed 

discussion upon those issues can be found in Baker (2007b) and Modica and Stafford (2014). 

Furthermore, when Cloud Analysis is used to extend to account for multiple predictors, the 

collinearity can be a problem and meanwhile the values of joint predictors may not be able to 

spend through all IM of interest. The latter is called as ‘The Curse of Dimensionality’ and the 

detail introduction of this phenomena can be found in Bishop (2006). However, Cloud Analysis 

has an advantage that allows for a significant reduction of computational expense due to less 

time history analyses conducted compared with the other two methods. The last updates for 

Cloud Analysis in light of ground motion selection are provided by Jalayer et al. (2017). 

IDA is a procedure whereby the EDP distribution is govern by a collection of curves, coined 

as IDA curves. For obtaining each IDA curve, the IM level is successfully increased with a 

fixed or variant increment until collapse is observed and different intervals are applied for 

identifying the point of collapse within a particularly acceptable tolerance, as a schematic 

illustration shown in Figure 2.5. MSA is a procedure whereby the collections of single stripe 

analysis, for which the time history analyses are applied to a set of selected records which are 

scaled to have a consistent value with the target IM value, are made for multiple IM levels of 

interest. Apparently, for the same chosen IM levels, if an invariant suite of records is used in 

MSA, the results are the same as those obtained from IDA with the same suite of records. 

Therefore, the only difference between IDA and MSA is that the records are re-selected at each 

IM level for MSA instead of being invariant in IDA. Recalling the definition related to the 

intensity measure and its sufficiency, if a suite of records is selected on the basis of one or 
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multiple intensity measures which are sufficiency to a specific EDP for all desirable IM levels, 

such that the selected records are able to represent associated scenarios well. This, in turn, 

results in IDA works well. However, if the chosen intensity measures are not sufficiency for 

all desirable IM levels, the selected records are not able to well represent the expected 

distribution of associated scenarios because the distribution changes as IM levels increases 

(Lin, T. & Baker, 2013). This raises potential bias to IDA. In that case, the key advantage of 

MSA is apparent which allows for reflecting the variant distributions of hazard properties along 

with increasing IM levels through the utilization of record selection for each IM level of 

interest.  

 

Figure 2.5: Schematic illustration the IDA curves. Each blue curve represents an IDA curve and the 

associated black point indicating the collapse. 

 

Due to the relatively large size of records suite applied in IDA and the extreme computation 

expense of time history analysis for a practical structure, there are a few studies contributing 

efforts for increasing the efficiency of IDA procedure. These studies are principally categorized 

into two areas: reduce the number of records applied in IDA with a required accuracy for the 

predication of EDP distribution and make the reduction for the computational expense upon 

time history analyses used in IDA. In this light, the efforts for involving advance intensity 

measures has been shown in Vamvatsikos and Cornell (2005a) to reduce the dispersion of IDA 

curves. In addition to that, their studies (Vamvatsikos & Cornell, 2005b; Vamvatsikos & 

Cornell, 2006) generated a program tool, named as SPO2IDA. That tool is established by 

examining a large number of SDOF systems with different backbones. The SPO2IDA has 
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capabilities to predict IDA fractiles with the polynomial functions of parameters defining the 

pushover curve of a given SDOF system. Azarbakht and Dolsek (2007; 2010) Developed an 

approach whereby a precedence list is constructed through using an optimization process and 

this list is then made the prediction of IDA fractiles within an acceptable tolerance. This method 

has a potential constrain that the desirable characteristics of a MDOF need to be represented 

by its corresponding equivalent SDOF. In light of reducing the computational expense upon 

the time history analyses in IDA, a few studies developed approaches to approximate the results 

obtained from the time history analysis by the use of other procedures (e.g., N2 method (Dolšek 

& Fajfar, 2004) and modal-pushover analysis (Han & Chopra, 2006)). Via a replacement, a 

significant reduction of IDA time consumption is expected. 

2.7 Concluding Remarks  

A critical literature review has been presented in this chapter. A number of issues existing in 

practice have been identified in relation to two stages, consisting of the ground motion selection 

and the construction of targets. The samples are generated by the current simulation-based 

methods rests upon a reasonable assumption that the generated samples are able to closely 

represent the target distribution. This probably is not the case when a small set of records are 

desirable. The invariant suite of records used in the IDA suggests that biases are introduced in 

the estimation of response distributions due to the changes along with different IM levels in 

terms of hazard properties distribution.  The “Exact” CS is assumed exact because it is 

constructed in the sense that it defines the theoretically correct calculation of moments over the 

disaggregation distribution. However, it is necessary to test the extent of that to reflect all 

features of interest from all scenarios. An appropriate range of periods that aims to account for 

high nonlinearity is set as the range from the fundamental period to 1.5𝑇1 or 2.0𝑇1. However, 

this range is independent of an underlying structure and the expected levels of structural 

demand. Additionally, the prolific use of spectral acceleration at 5% damping ratio merely aims 

to implicitly account for spectral ordinates at other damping ratios. 

Studies conducted in this thesis in order for addressing the outlined issues are summarized 

herein.  Ground motion selection methods with a high change of generating samples which are 

consistent with a target distribution and/or with applications of additional constrains to priority 

properties of the continuous target distribution are developed. A ground motion selection 

method is developed to identify a set of invariant records matching to multiple target 

distribution as closely as possible. Following from this method, the bias of IDA due to changes 
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among different IM levels in terms of hazard properties distribution are expected to be 

significantly reduced. A critical examination is conducted to see whether the “Exact” CS (or 

“Exact” CS-based) target are able to reflect all features from all scenarios of interest. A new 

type of CS target is introduced to explicitly account for arbitrary damping ratios. The target is 

currently constructed with the range of expected periods and damping ratios for the high 

nonlinearity. 
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Chapter 3                                                                        

Markov-chain Monte Carlo Ground Motion Selection 

Algorithms for Conditional Intensity Measure Targets 

3.1 Introduction  

Two new algorithms are presented for efficiently selecting suites of ground motions that match 

a target multivariate distribution or conditional intensity measure target. Two methods are 

presented herein. The first algorithm makes use of a Markov-chain Monte Carlo simulation 

approach that increases the chances that the set of samples are consistent with a specific target. 

The second algorithm inspired from the MCMC approach, yet without involving any sampling, 

and put more concentrations upon intensity measures of interest in order for obtaining an 

optimal set of records. A preselection approach based upon values of the multivariate PDF is 

in addition proposed that enables significantly reduce the computational expense of algorithms 

but ensures the performance of the algorithms. The contents in this chapter have essentially 

been published as Shi and Stafford (2018). 

3.2. Markov-chain Monte Carlo ground motion selection methods 

Two ground motion selection algorithms that are based upon Markov-chain Monte Carlo 

(MCMC) simulation are presented in this chapter. The details of these methods are outlined in 

the current section. There are many variants of MCMC simulation, but they can all be loosely 

regarded as approaches to generate samples that accurately represent the underlying sampling 

(equilibrium) distribution. Their main advantage over crude Monte Carlo methods is that they 

are more likely to explore the full sampling distribution more rapidly. This attribute is 

important when we are trying to replicate multiple moments of the target distribution. In 

addition, because each sample is not drawn independently of all others, it is possible to define 

rules that take into account the existing quality of the sampled values and then preferentially 

add new samples that actively improve the match between the sample and the target. 

As will be shown in the sections that follow, the first method that is introduced directly involves 

MCMC simulation (but currently makes use of a simple algorithm), while the second method 
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is based upon a key concept with MCMC but is actually a deterministic algorithm. Throughout 

the manuscript we give similar amounts of attention to both methods, despite it being shown 

the second method far outperforms the first method (in terms of accuracy, but not in terms of 

computational performance). However, as accelerogram databases grow, and as more 

sophisticated MCMC algorithms are developed and implemented we believe that the 

performance of the first method described hereafter will improve.  

For both of the methods presented herein, the same target distribution is used. This distribution 

is the same multi-variate distribution used within GCIM, but its construction is presented here 

again in the following section. 

 3.2.1 Definition of the target distribution 

It is assumed herein that the target distribution is multi-variate normal (when dealing with 

logarithmic intensity measures)(Jayaram & Baker, 2008). Therefore, hereafter reference to 

intensity measures using the symbol IM correspond to logarithmic intensity measures. 

However, MCMC-based approaches have become popular precisely because they can readily 

sample from very complex distributions and so relaxation of this assumption does not strongly 

impact upon the algorithms. As will be seen later, the key advantage of MCMC-based 

approaches is that sampling is not performed directly from the target distribution, but rather 

from some proposal distribution, and this proposal distribution can adopt many convenient 

forms.  

When multi-variate normality is assumed then the target distribution can be constructed given 

knowledge of the marginal distributions of each considered intensity measure for a given 

rupture scenario (i.e. marginal in the sense of not being conditioned upon other IMs, but still 

conditioned upon the rupture scenario) and a model for the correlations among IMs. In order 

to be appropriately connected to the hazard analysis, the target distribution is a conditional 

distribution conditioned upon a particular level of the intensity measure used in the hazard 

analysis. When a particular rupture scenario, 𝑟𝑢𝑝, is associated with this IM level then the 

corresponding value of epsilon can be obtained. Therefore, if the conditioning intensity 

measure is defined by 𝐼𝑀𝑗, then the conditioning epsilon value can be denoted as ε𝐼𝑀𝑗|𝑟𝑢𝑝. The 

remaining intensity measures 𝑰𝑴 are then distributed according to 𝑰𝑴|𝐼𝑀𝑗  ~𝒩(𝝁, 𝜮), where 

𝝁 is the conditional mean vector and 𝜮 is the conditional covariance matrix. 

Each element, μ𝑖, of the conditional mean vector 𝝁 is defined by: 
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𝜇𝑖 = 𝜇𝐼𝑀𝑖|𝑟𝑢𝑝 + 𝜌𝐼𝑀𝑖,𝐼𝑀𝑗
𝜀𝐼𝑀𝑗|𝑟𝑢𝑝𝜎𝐼𝑀𝑖|𝑟𝑢𝑝 (3.1) 

 

where 𝑖 ∈ {1,… , 𝑛}, and 𝑛 is the number of intensity measures in the vector (including the 

conditional intensity measure).  

The correlation between two intensity measures is denoted by ρ𝐼𝑀𝑖,𝐼𝑀𝑗
 and represents the 

correlation between ε𝐼𝑀𝑖|𝑟𝑢𝑝 and ε𝐼𝑀𝑗|𝑟𝑢𝑝. The terms μ𝐼𝑀𝑖|𝑟𝑢𝑝 and σ𝐼𝑀𝑖|𝑟𝑢𝑝 are the marginal 

mean and standard deviation of intensity measure 𝑖 obtained from a ground-motion model for 

a specific rupture, 𝑟𝑢𝑝. For notational brevity, the explicit dependence upon 𝑟𝑢𝑝 is removed 

from the notation hereafter (i.e. μ𝐼𝑀𝑖|𝑟𝑢𝑝 is denoted by μ𝐼𝑀𝑖
). 

The unconditional covariance Σ0 is defined as: 

 

𝚺0 =

[
 
 
 
 

𝜎𝐼𝑀1

2 𝜌𝐼𝑀1,𝐼𝑀2
𝜎𝐼𝑀1

𝜎𝐼𝑀2
⋯

𝜌𝐼𝑀2,𝐼𝑀1
𝜎𝐼𝑀2

𝜎𝐼𝑀1
𝜎𝐼𝑀2

2 ⋯

⋮
𝜌𝐼𝑀𝑛,𝐼𝑀1

𝜎𝐼𝑀𝑛
𝜎𝐼𝑀1

⋮
𝜌𝐼𝑀𝑛,𝐼𝑀2

𝜎𝐼𝑀𝑛
𝜎𝐼𝑀2

⋱
⋯

  

𝜌𝐼𝑀1,𝐼𝑀𝑛
𝜎𝐼𝑀1

𝜎𝐼𝑀𝑛

𝜌𝐼𝑀2,𝐼𝑀𝑛
𝜎𝐼𝑀2

𝜎𝐼𝑀𝑛

⋮
𝜎𝐼𝑀𝑛

2
]
 
 
 
 

 (3.2) 

 

 The covariance Σ1 between 𝐼𝑀𝑖 and 𝐼𝑀𝑗 represents a single column of Σ0 and is defined by: 

 

𝚺1 =

[
 
 
 
 
𝜌𝐼𝑀1,𝐼𝑀𝑗

𝜎𝐼𝑀1
𝜎𝐼𝑀𝑗

⋮
𝜌𝐼𝑀𝑖,𝐼𝑀𝑗

𝜎𝐼𝑀𝑖
𝜎𝐼𝑀𝑗

⋮
𝜌𝐼𝑀𝑛,𝐼𝑀𝑗

𝜎𝐼𝑀𝑛
𝜎𝐼𝑀𝑗]

 
 
 
 

 (3.3) 

 

From these two components, the conditional covariance matrix Σ, conditioned upon 𝐼𝑀𝑗 is then 

defined as: 

 

𝜮 = 𝜮𝟎 −
𝟏

𝜎𝐼𝑀𝑗

2 𝜮𝟏𝜮𝟏
𝑻 (3.4) 

 

where 𝚺𝟏
𝑻 denotes the transpose of 𝚺𝟏. Note that the conditional covariance Σ𝑗,𝑗 = 0. Equations 

(3.1) to (3.4) provide necessary steps to establish a target distribution. 

As theoretical consistency dictates that all selected records should exactly match the 

conditioning intensity measure 𝐼𝑀𝑗 all records within the database of candidates are initially 
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scaled to ensure this value is obtained. However, this suggests that intensity measures like 

significant duration should not be used as the conditioning 𝐼𝑀 because a simple scalar factor 

applied to a record will not change the significant duration. The use of significant duration as 

the conditioning 𝐼𝑀 is therefore equivalent to saying that no scaling is permitted. Although in 

an ideal world this may be desirable, the limitations of current strong-motion databases render 

this too restrictive. As discussed in more detail by Bradley (2012c), the scale factor needed for 

the ground motion is computed by Equation (2.28). 

3.2.2 Markov Chain Monte Carlo Ground Motion Selection method 1 

(MCMCGMS method 1) 

The first proposed method making use of MCMC, referred to hereafter as MCMCGMS method 

1, is based upon a random walk algorithm. Many aspects of this approach are similar to those 

within the GCIM-based record selection algorithm of Bradley (2012c) and the CS-based 

algorithms of Jayaram et al. (2011) and Baker and Lee (2018). 

The algorithm generates target vectors of intensity measures that have a limiting stationary (or 

equilibrium) distribution equal to the multi-variate target distribution, π(𝐼𝑀). These target 

vectors are generated from the current state (i.e. the last record added to the set of selected 

motions) through the use of a proposal distribution 𝑝𝑍(𝐼𝑀|𝐼𝑀𝑘). All currently unselected 

records within the database are then compared to this new target vector and the record with the 

closest match is identified. If, and only if, the degree of consistency of that closest matching 

record is within some bounds this record may be added to the set of selected records, depending 

upon the definition of criteria related to the acceptance ratio. The mathematical details of these 

general steps are outlined in what follows: 

Step 1: In general MCMC applications the initial state is chosen at random, which would 

correspond to selecting a record from the database at random. However, if that 

first selected record is highly unlikely, i.e. it has a very low value of probability 

density when inserted into π(𝐈𝐌), then the `burn in' period for the sampler can 

be long. Therefore, to minimise the chance of this happening, the first record 

(initial state) is chosen to correspond to the record in the database with the highest 

PDF value. This is the most likely record in the database to have been drawn from 

the stationary distribution π(𝐈𝐌), and we denote this first record as 𝐈𝐌𝟏. 
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The following sub-steps are then repeated for 𝑘 = 1, 2, … until the required 

number of records, 𝑛𝐺𝑀, have been selected. Note that because all records in the 

database are initially scaled to have identical values at the conditioning intensity 

measure 𝐼𝑀𝑗, the vectors in this section have lengths of 𝑛 − 1 as they need only 

represent the remaining conditional intensity measures. 

 1) A target intensity measure vector, 𝐈𝐌̅̅ ̅̅
k+1, is generated by adding a noise, 𝐙, 

to current state, 𝐈𝐌𝐤, as shown in Equation (3.5). 

 

𝑰𝑴̅̅ ̅̅
𝑘+1 = 𝑰𝑴𝒌 + 𝒁 (3.5) 

 

Here, 𝐙 is distributed according to a multivariate normal distribution with 

mean 𝛍𝒁 = 0 and a diagonal covariance matrix 𝚺𝑍  =

 𝑑𝑖𝑎𝑔 (𝜎𝐼𝑀1|𝐼𝑀𝑗

2 , 𝜎𝐼𝑀2|𝐼𝑀𝑗

2 , ⋯ , 𝜎𝐼𝑀𝑛−1|𝐼𝑀𝑗

2 ), i.e. 𝑍 ∼ 𝒩(0, 𝚺𝑍). We refer to this 

generating distribution as the proposal distribution, 𝑝𝑍(𝐼𝑀|𝐼𝑀𝑘) ≡

𝒩(0, 𝚺𝑍). The sensitivity of the results to the specification of the scales in 

this diagonal matrix are investigated in Section 3.4. 

 2) With the target  𝐈𝐌̅̅ ̅̅
k+1 generated, a record 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝 is identified from the 

database to be the candidate record, 𝐈𝐌𝐜𝐚𝐧𝐝𝐢𝐝𝐚𝐭𝐞, with the closest match to 

the target, as measured by the sum of the squared errors in Equation (3.6), in 

which 𝑤𝑖 is a normalized weight (i.e. ∑ 𝑤𝑖𝑖 = 1) factor for the 𝑖th intensity 

measure, and can be specified in order to assign greater importance to 

particular IMs. 

 

𝑆𝑆𝐸 = ∑ 𝑤𝑖(𝐼𝑀𝑖,candidate − 𝐼𝑀̅̅̅̅
𝑖,𝑘+1)

2
𝑛−1

𝑖=1

 (3.6) 

 

However, rather than simply proceeding with this 𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅 record we first 

check that the chosen record is not excessively different from the current 

state. The reason for this is that 𝑝𝑍(𝑰𝑴|𝑰𝑴𝒌) is an unbounded distribution 

with no correlation structure. This has computational advantages because the 

elements of 𝑍 can be independently sampled, but also means that the noise 

added to the current state can result in unrealistic targets in some cases. 
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However, even for an unrealistic target, there will always be one candidate 

record that is closest to this target and that will be identified as 𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅. 

To ensure that the selected record is at least a feasible option to proceed with, 

the difference between the selected record 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝 and the current state 

𝐈𝐌𝐤 is computed as Δ𝑰𝑴 = 𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅 − 𝑰𝑴𝒌. If each of the 𝑛 − 1 elements 

of Δ𝐈𝐌 is within the range ±1.96σ𝐼𝑀𝑖|𝐼𝑀𝑗
 (a 95% interval centred on the 

current state) then we proceed to the next step with 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝, otherwise we 

increment k → k + 1 and return to the previous step. 

 3) Whether or not 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝 is added to the set of selected records depends 

largely upon whether the new record has a higher probability density (higher 

likelihood) than the current state. However, even if it does not increase the 

likelihood, the record can still be selected. The acceptance ratio is defined 

according to Equation (3.7) and depends upon both the overall multi-variate 

target distribution π(𝐈𝐌) and the proposal distribution. 

 

γ𝑘+1 =
π(𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅)𝑝𝑍(𝑰𝑴𝒌|𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅)

π(𝑰𝑴𝒌)𝑝𝑍(𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅|𝑰𝑴𝒌)
=

π(𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅)

π(𝑰𝑴𝒌)
 (3.7) 

 

In Equation (3.7) it is possible to cancel out the proposal distribution because 

it is symmetric about zero. When the acceptance ratio γ𝑘+1 is greater than 1 

then the selected record has a higher likelihood with respect to the target 

distribution and so is added to the record set directly. If the acceptance ratio 

is less than 1, then a uniform variate α is sampled according to α ∼ 𝑈(0,1) 

and if α ≤ γ𝑘+1 then the record 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝 is also added to the record set. 

These rules dictate that records that are located close to regions of greatest 

probability density in the target distribution are preferentially added over 

records farther away. As such, the algorithm is able to replicate the 

distribution of the overall target. If 𝐈𝐌𝐬𝐞𝐥𝐞𝐜𝐭𝐞𝐝 is added to the record set after 

this step, it becomes the new state, i.e. 𝑰𝑴𝒌+𝟏 = 𝑰𝑴𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅. If the selected 

record is not accepted then the state remains as is, i.e. 𝑰𝑴𝒌+𝟏 = 𝑰𝑴𝒌. In both 

cases, 𝑘 is incremented to 𝑘 + 1 and we return to step (1). 

Step 2: Following Step 1, a set of 𝑛𝐺𝑀 records will have been constructed. Given the 

stochastic nature of the Markov chain used to generate this set, the set simply 
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represents one possible set of 𝑛𝐺𝑀 records that has some degree of consistency 

with the equilibrium distribution. If the whole process of Step 1 was repeated 

then an alternative set of 𝑛𝐺𝑀 records would be obtained (potentially with some 

records in common) and one of these two sets would be more consistent with the 

target. 

In order to define the quality of the match to the target, the multivariate goodness-

of-fit test of Aslan and Zech (2005) is applied. Herein, we refer to this approach 

as the `energy check' in the study of this chapter. Aslan and Zech (2005) define 

the potential energy, ϕ, according to Equation (3.8). 

 

ϕ =
1

𝑛𝐺𝑀
2 ∑𝑅

𝑗>𝑖

(|𝑰𝑴𝑖
𝑠𝑒𝑡 − 𝑰𝑴𝒋

𝑠𝑒𝑡|)

− 
1

𝑀 × 𝑛𝐺𝑀
∑∑𝑅(|𝑰𝑴𝑖

𝑠𝑒𝑡 − 𝑰𝑴𝒋
𝑠𝑖𝑚|)

𝑗𝑖

 

(3.8) 

 

In Equation (3.8), 𝑰𝑴𝒔𝒆𝒕  =  [𝑰𝑴𝒏𝑮𝑴
𝒔𝒆𝒕 , ⋯ , 𝑰𝑴𝒏𝑮𝑴

𝒔𝒆𝒕 ] is an (𝑛 − 1) × 𝑛𝐺𝑀 matrix 

with each column being one of the selected records. The matrix 𝑰𝑴𝒔𝒆𝒕  =

 [𝑰𝑴𝟏
𝒔𝒊𝒎,⋯ , 𝑰𝑴𝑴

𝒔𝒊𝒎]  is an (𝑛 − 1) × 𝑀 matrix with each column being a 

simulated record from the target distribution (again, excluding the conditioning 

IM). 

The number of simulated records, M, should be much larger than 𝑛𝐺𝑀 to ensure 

that the simulated records have a distribution that accurately reflects the target. 

In the present study, 𝑀 = 10,000 was used in order to ensure that the sample of 

simulated records appropriately reflect the target distribution. The operator 

𝑅(|𝑰𝑴𝒊 − 𝑰𝑴𝒋|) represents a distance function.  

In MCMCGMS method 1, normalized weights acting upon the Euclidean norm 

|𝑰𝑴𝒊 − 𝑰𝑴𝒋| ≡ √∑ 𝑤𝑚(𝑰𝑴𝒊 − 𝑰𝑴𝒋)
2𝑛−1

1  are applied. Following the 

recommendation of Aslan and Zech (2005), the distance function is defined as 

𝑅(|𝑰𝑴𝒊 − 𝑰𝑴𝒋|) = − ln(|𝑰𝑴𝒊 − 𝑰𝑴𝒋| + εthreshold), where the εthreshold parameter 

is introduced for numerical reasons and is defined in terms of the peak value of 

the target distribution PDF π𝑚𝑎𝑥. 
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εcutoff =
1

𝑀(𝑛 − 1)π𝑚𝑎𝑥
 (3.9) 

 

Conceptually, the energy check looks at average differences between 

combinations of records within the selected set and the average difference 

between combinations of records involving pairs of selected and simulated 

records.  

The logarithmic distance function is simply a technique to place greater emphasis 

upon differences between apparently similar records than dissimilar records.  

As the energy check involves generating 𝑀 simulated intensity measure vectors 

from the target distribution, the specific value of ϕ depends upon the sample. For 

a given record set, the energy check is then computed 𝑛rep times, with a new set 

of 𝑀 simulated intensity measure vectors generated each time. The expected 

value of the energy is then computed from this sample of 𝑛rep values and 𝐸 [ϕ𝑛rep
] 

is associated with each record set. The smaller the expected value of ϕ, the 

smaller the difference between the empirical and target distributions. 

Step 3: The above steps (Step 1 and Step 2) are then repeated a total of 𝑁 times and on 

each occasion the expected value of the energy is obtained. However, rather than 

starting with the same seed record, 𝑰𝑴𝟏, from the second of the 𝑁 trials and 

onwards, the final record added to the previous trial set is used as the seed of the 

next trial set. In this way the total of 𝑁 trials represents one long Markov chain 

and the hope is that any effects of `burn-in' will reduce as 𝑁 increases. The record 

set with the smallest expected value of 𝜙 over the 𝑁 trials is ultimately chosen to 

be 𝑡ℎ𝑒 record set. MCMCGMS method 1 represents a way to select records in an 

active manner, that is, the selection of each record depends upon the previous 

record to have been selected.  

In the above presentation, a very basic MCMC algorithm is used in order to provide the reader 

with some intuition around this approach and an associated flowchart is shown in Figure 3.1. 

However, MCMC is a very active research area and many far more sophisticated algorithms 

have been proposed that already offer some advantages over the basic implementation outlined 

above. This room for development is a primary reason for introducing MCMC to record 

selection strategies through the present work. We suspect that as available record sets grow, 
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and as more sophisticated MCMC algorithms are developed and implemented for record 

selection, the performance of MCMCGMS method 1 will improve in time. 

 

Figure 3.1. The overall flowchart of MCMCGMS method 1. 𝑰𝑴𝝅𝒎𝒂𝒙 refers to the record in the 

database with the highest PDF value. Other notations refer to the steps of MCMCGMS method 1.  
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3.2.3 MCMC-Based Ground Motion Selection method 2 (MCMCGMS 

method 2) 

The MCMCGMS method 1 algorithm is computationally very efficient (as will be shown later 

in Section 3.3.3), but there is no guarantee that the selected record set is optimal given the 

available records. The reason for this is simply related to its stochastic nature. When the target 

number of records 𝑛𝐺𝑀 is high then MCMCGMS method 1 is still likely to provide good results 

in terms of the match to the target distribution, but when 𝑛𝐺𝑀 is relatively small the chances of 

a comparatively poor match increase. 

We therefore proposed a second method that is based upon a fundamental concept within 

MCMC, but that does not involve any simulation and is hence not actually a Markov-chain 

method. However, we still refer to this method as a MCMC-based method because its 

development is directly tied to the use of an acceptance ratio within MCMC. MCMCGMS 

method 2 is therefore proposed to identify the optimal set of records that match the target 

distribution as closely as possible - as defined by a comparison of the moments of the sample 

and of the target distribution. This algorithm is entirely deterministic and will always identify 

the same set of records given the same database of motions to choose from. However, this 

method is also more computationally demanding. 

In MCMCGMS method 1, the noise generated at random according to Equation (3.5) led to the 

selection of a record that was immediately accepted if its likelihood value was greater than the 

current state. If records with greater probability density are always retained, then it is worth 

considering what happens if you directly select the 𝑛𝐺𝑀 records with the highest likelihoods 

from the outset. The result obtained would not actually be ideal in this case because in 

MCMCGMS method 1 the random acceptance of records with lower probability densities is 

critical in enabling the algorithm to ‘walk’ into the tails of the target distribution and to 

represent its full shape. The consequence is that the 𝑛𝐺𝑀 records initially selected are likely to 

underestimate the variance (at and least the second moments) of the distribution, while giving 

a good match to the first moment. In practice, however, we find that the inherent variability of 

intensity measure values within natural records is sufficiently large to ensure that while the 

𝑛𝐺𝑀 records are essentially centred near the target mean, they include enough deviations away 

from the mean to enable reasonable estimates of the higher moments to be obtained from the 

outset. To then recover the random walk attributes of MCMCGMS method 1 we can then use 

the 𝑛𝐺𝑀 identified records as a starting point for applying greedy optimization (Jayaram et al., 

2011). These concepts motivate the specification of MCMCGMS method 2, which is described 
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in more detail hereafter. Again, it is to be emphasised that this approach is clearly based upon 

the concepts within MCMC, but this second method does not require any sampling and will 

therefore always return the same optimal set of records. 

The initial selection of 𝑛𝐺𝑀 records are identified on the basis of computing π(IM) for all 

records and selecting those 𝑛𝐺𝑀 records with the highest values. For this set of records the 

sample mean 𝑚𝐼𝑀𝑖
 for each intensity measure 𝑖 is computed, along with the sample standard 

deviation 𝑠𝐼𝑀𝑖
 and the sample skewness 𝑔𝐼𝑀𝑖

. Note that again the records are all scaled to have 

the same value at 𝐼𝑀𝑗. The measure of the goodness-of-fit for the record set is then defined in 

terms of a weighted combination of the deviation between the first three moments, as shown 

in Equation (3.10). 

 

𝛹 =  𝑤𝜇 ∑ 𝑤𝐼𝑀𝑖
(𝑚𝐼𝑀𝑖

− 𝜇𝐼𝑀𝑖 |𝐼𝑀𝑗
)2

𝑛−1

𝑖

+ 𝑤𝜎 ∑ 𝑤𝐼𝑀𝑖
(𝑠𝐼𝑀𝑖

− 𝜎𝐼𝑀𝑖 |𝐼𝑀𝑗
)2

𝑛−1

𝑖

+ 𝑤𝛾 ∑ 𝑤𝐼𝑀𝑖
(𝑔𝐼𝑀𝑖

)2

𝑛−1

𝑖

 

(3.10) 

 

In Equation (3.10), 𝑤μ, 𝑤σ and 𝑤γ are weights that are chosen to place varying degrees of 

importance to matching each of the three moments. The 𝑤𝐼𝑀𝑖
 values are individual normalized 

weights that are specified to give relative importance to each intensity measure. The approach 

here is equivalent to that of the GCIM record selection procedure of Bradley (2012c) that 

recognises that it is more important to accurately represent some intensity measures over others 

in any particular application. Previous studies have noted the value in matching the first two 

moments of the target distribution (Jayaram et al., 2011; Kottke & Rathje, 2008), but the 

inclusion of the skewness here is atypical (although, the publicly available code associated with 

Jayaram et al. (2011) allows for the consideration of the skewness also: 

https://web.stanford.edu/~bakerjw/gm_selection_old.html). We do not recommend placing a large 

weight upon the skewness term (𝑤γ should typically be smaller than 𝑤μ and 𝑤σ), but it is worth 

keeping in mind that a record set with a more symmetric spread of records around the mean is 

more likely to provide an unbiased estimated of the mean response of a nonlinear system. For 

two record sets with the same means and standard deviations across the intensity measures, but 

with either a positive or negative skewness, the set with the positive skewness is expected to 

cause greater nonlinear response. 

https://web.stanford.edu/~bakerjw/gm_selection_old.html
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The details of greedy optimization have previously been described in Jayaram et al. (2011), 

and a very brief overview is provided herein. Each of the 𝑛𝐺𝑀 individual records in the initial 

record set is removed and replaced by the record in the database of unselected records that 

causes the greatest reduction in Ψ. This process is repeated for each of the 𝑛𝐺𝑀 records in the 

selected set. 

Therefore, MCMCGMS method 2 is very similar to the algorithm of Jayaram et al. (2011), 

with the exception that here the initial set of records are selected on the basis of their π(𝐼𝑀) 

scores rather than from matching to simulated targets. As noted above, the inherent variability 

within natural records means that the initial set of records do not cluster excessively closely to 

the target mean and still provide sufficient excursions into the target distribution tails so that 

the higher moments are reasonably approximated. Whether this remains to be the case as 

available accelerogram databases become increasingly enriched, or as simulated records are 

increasingly used for response history analyses, can only be assessed empirically in time. The 

current success of the approach based upon π(𝐼𝑀) also leads to another distinct difference 

from the approach of Jayaram et al. (2011) that provides a significant computational advantage 

(especially when dealing with large databases). This difference is described in detail in the 

following section. 

3.2.4 Preselection based on the probability density value 

In MCMCGMS method 1 the initial state for the first trial was set to be the record with the 

highest probability density. However, for subsequent chains the initial state was specified as 

the last record from the previous set. If this initial state is a relatively extreme motion in the 

tails and the scale of the noise 𝑍 is not large, then it is possible for the algorithm to spend too 

much time in the tails of the distribution. There is thus some advantage to preventing the 

algorithm from selecting very extreme records from the outset. 

Similarly, in MCMCGMS method 2, the initial set of 𝑛𝐺𝑀 records is chosen based upon the 

records having the highest π(𝐼𝑀) scores, but the greedy optimization step will then still 

consider all possible alternative records in the dataset. In this case there is no issue with 

convergence of the algorithm, but for large datasets it becomes possible that a lot of time is 

spent testing records that are highly unlikely to improve the fit to the target distribution. 

Therefore, to aid convergence in MCMCGMS method 1 and to improve computation time in 

MCMCGMS method 2, the total available database can be reduced by initially undertaking a 

preselection. In principle, this preselection is similar to initially removing candidate records on 
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the basis of bounds on causal parameters such as magnitude and distance. The specific 

preselection that is applied depends upon the size of the database, but in the study of this chapter 

a preselection is performed by first retaining all records whose π(𝐼𝑀) value is equal to or 

greater than the median of all scores. That is, we immediately reject 50% of the possible 

candidates. If this was deemed too severe for a given database, the idea is that you can still 

preselect on the basis of π(𝐼𝑀), but that you specify the fraction of the total database that you 

prefer to work with. 

3.3 Demonstration and sensitivity of MCMCGMS methods 

To demonstrate the performance of the new MCMCGMS methods, as well as to illustrate the 

impact that particular assumptions within the methods have, this section presents results from 

the application of these methods for four example cases. These four cases make use of 

combinations of peak and spectral intensity measures as well as duration-based and cumulative 

intensity measures. The particular combinations of intensity measures are described in Table 

3.1. 

In order to provide some context to the performance of the new algorithms, comparisons are 

made with the GCIM algorithm of Bradley (2012c). Although both of the new MCMCGMS 

methods can be implemented with weight factors for different IMs, in order to provide a more 

direct visual comparison among the three algorithms, the examples of performed using an 

unweighted target distribution. Note that by not weighting the intensity measures explicitly we 

still have a degree of implicit weighting where a weight of 𝑛𝑆𝑎/𝑛𝐼𝑀 is effectively being applied 

for the spectral ordinates, where 𝑛𝑆𝑎 is the number of ordinates and 𝑛𝐼𝑀 is the total number of 

intensity measures. 

In the present section the target scenario is defined using a magnitude 6.5 event, a rupture 

distance of 10 km, an average shear-wave velocity over the uppermost 30m of 400 m/s and a 

strike-slip mechanism. It is assumed that the ε = 2 at the conditioning intensity measure of 

𝑆𝑎(1.0𝑠) equal to 0.75g. Unless otherwise mentioned, this generic scenario is used hereafter. 

The initial database of records used is the PEER NGA-West database (Chiou, Brian et al., 

2008), but the subset defined by Stafford and Bommer (2009) is adopted for the final record 

selection. This subset has a better correspondence with the datasets used to derive the ground-

motion models that define the intensity measure targets. In the comparisons that follow, 

preselection using the highest ranked 50% of the database records was applied for the 

MCMCGMS methods, but the full database was made available to the GCIM method. 
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Table 3.1: Combinations of intensity 

measures used in this study 

 

Case IM Combination 

1 Sa + Ds(5-95%) 

2 Sa + Ds(5-95%)+ Ds(5-75%) 

3 Sa + Ds(5-95%)+ PGA  

4 Sa + Ds(5-95%)+ CAV 

Abbreviations: IM, intensity measure; CAV, 

cumulative absolute velocity. 

3.3.1 Key attributes of the chosen intensity measures 

The combinations of intensity measures (IMs) are chosen across the four example cases to 

represent amplitude, frequency content, cumulative effects and duration. Spectral accelerations 

(Sa) at 30 different periods (0.1, 0.12, 0.16, 0.19, 0.22, 0.25, 0.3, 0.35, 0.4, 0.48, 0.55, 0.65, 

0.75, 0.9, 0.95, 1.1, 1.2, 1.4, 1.6, 1.9, 2.2, 2.6, 3.0, 3.5, 4.2, 4.8, 5.5, 6.5, 7.5 and 9 seconds), 

peak ground acceleration (PGA), cumulative absolute velocity (CAV), and 5-95% and 5-75% 

significant duration (Ds(5-95%) and Ds(5-75%))are considered. Because so many spectral 

acceleration values are considered, alternative IMs that correlate strongly with spectral 

accelerations (such as Arias intensity, spectral intensity, peak ground velocity, etc) are also 

implicitly reflected. 

The ground-motion models used to define the target distributions are Campbell and Bozorgnia 

(2008) for Sa and PGA, Campbell and Bozorgnia (2010) for CAV, and Bommer et al. (2009) 

for significant durations of Ds(5-75%) and Ds(5-95%). The empirical correlation equations 

and values used for these intensity measure combinations are summarised in Table 3.2. 
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Table 3.2: Correlation equations and values used 

 

IM Sa PGA CAV Ds(5-75%) Ds(5-95%) 

Sa BJ08 B11(a) B12 B11(b) B11(b) 

PGA  1.0 0.70 −0.41 −0.44 

CAV   1.0 0.08 0.12 

Ds(5-75%)    1.0 0.84 

Ds(5-95%)     1.0 

Abbreviations: CAV, cumulative absolute velocity; IM, intensity measure; 𝑃𝐺𝐴, peak ground 

acceleration. 

Only the upper triangle of the symmetric matrix is shown. The abbreviations used to denote 

references for the spectral correlations are: BJ08 (Baker & Jayaram, 2008), B11(a) (Bradley, 

2011b), B12 (Bradley, 2012a), and B11(b) (Bradley, 2011a). 

3.3.2 Positive definiteness of the conditional covariance matrix 

As the correlation models referred to in Table 3.1 have not been derived in a perfectly 

consistent manner for all combinations, it is possible that the conditional covariance matrix is 

not positive definite8. However, following the approach adopted by Baker and Bradley (2017), 

minor adjustments can be made to the underlying correlation matrix using the algorithm of Qi 

and Sun (2006)9. In cases where the constructed conditional covariance matrix is not positive 

definite in the study of this chapter, this algorithm has been applied. 

3.3.3 Variance match and computational expense 

When looking to match a multivariate target distribution the numbers of records considered is 

typically large enough that accurately matching the conditional mean is straightforward. All 

three of the methods considered herein will give similar matches to this conditional mean and 

so in the present section the focus is upon the match to the conditional standard deviation (or 

conditional variance). 

The results obtained from applying the three methods (GCIM, and MCMCGMS methods 1 and 

2) for the four cases detailed in Table 3.1 are presented visually in Figure 3.2. In all cases the 

                                                 
8 That is, different authors use different subsets of database to develop the GMPEs of IMs and different GMPEs 

are applied to generate observations to calculate empirical correlations. Thus, it is possible that the conditional 

correlation matrix is not positive definite, and this results in the predicted conditional covariance matrix is not 

positive definite. 

 
9 A detailed list of software to conduct the algorithm for the nearest correlation matrix problem can be referred to 

the Professor Nick Higham personal website (https://nickhigham.wordpress.com/). 

https://nickhigham.wordpress.com/
https://nickhigham.wordpress.com/
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target number of records to select is 50. The number of replications in MCMCGMS method 1 

is 20 for case 3, and 50 for other cases (since the computational expense of case 3 is much 

larger than that of other three cases) and 10 separate energy checks are performed, while two 

optimization loops (i.e. two sweeps through the record set) are applied for the greedy 

optimization in MCMCGMS method 2. Preselection according to the median π(𝐼𝑀) is used 

for both MCMCGMS methods. The computation expense of each MCMCGMS method case 

is shown in Table 3.3. 

 

Figure 3.2: Comparison of the agreement between the target standard deviation and that of the 

record sets obtained using the two MCMCGMS approaches and GCIM. Each panel corresponds to 

one of the cases defined in Table 3.1. MCMCGMS method 2 results are for matching the first three 

moments. 

 

From Figure 3.2, it is clear that the simulation-based methods of GCIM and MCMCGMS 

method 1 can provide a similar quality match to the conditional variance. However, 

MCMCGMS method 2 will identify (at least) a locally optimal set (which is unlikely to be 

drastically different from the globally optimal set in terms of overall performance), and Figure 

3.2 suggests that a very good match to the target can be obtained under this method. It should 

be kept in mind, however, that the target conditional variability is defined using ground-motion 

and correlation models that have not necessarily been developed in a consistent manner, or 
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from using the same database. Therefore, disagreements such as that shown for 𝐶𝐴𝑉 in Figure 

3.2 (d) may reflect the performance of the record selection algorithms, but may also suggest 

that the 𝐶𝐴𝑉 model is not as representative of the inherent variance for this scenario as it could 

be. 

The results in Figure 3.2 correspond to the case where the first three moments are considered. 

The match to the target shown in Figure 3.2 improves when the skewness is ignored, but as 

noted previously, this can lead to biased response estimates. 

 

Table 3.3: Time consumed for each method with respect to each case study 

defined in Table 3.1 

 

 MCMCGMS 1 MCMCGMS 2 MCMCGMS 2 

Replications 50 … … 

Optimisation loops … 2 2 

First 2 moments only … No Yes 

Case 1 39s 44s 5s 

Case 2 41s 44s 5s 

Case 3 … 44s 5s 

Case 4 65s 44s 5s 

Abbreviation: MCMCGMS, MCMC ground motion selection. 

Absolute times are not particularly important, and timings are obtained on a typical 

laptop. 

 

Table 3.3 suggests that the MCMCGMS methods are capable of providing record sets with a 

good degree of computational efficiency. It should be appreciated that the computational 

expense in all cases is small in comparison with time that will be spent upon subsequent time 

history analyses. The timing result for case 3 is not shown in Table 3.3 as in this particular case 

the MCMCGMS method 1 algorithm takes roughly 3 times as long as the other cases. From 

our tests to understand this strange result it seems that it may be related to the shape of the 

chosen ground-motion model, and potentially the simple MCMC algorithm currently being 

implemented. For example, if we replace the Campbell and Bozorgnia (2008) model with the 

Boore and Atkinson (2008) model then our timing results for this case again become 

comparable. Two more ground-motion models (Abrahamson & Silva, 2008; Chiou, Brian & 

Youngs, 2008) are implemented to replace the Campbell and Bozorgnia (2008) model and 
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these two models also provides similar behaviour with Boore and Atkinson (2008)10. The 

model of Idriss (2008) is not considered herein as it only able to provide the perdition for the 

average shear-wave velocity over the uppermost 30m being at least 450 m/s. Different ground-

motion models may use different definitions for perditions (e.g., Boore and Atkinson (2008) 

model uses GMRotI50). There is no action upon the transformation of GMRotI50 of spectral 

acceleration and simple geometric mean of the two horizontal component, because they provide 

extreme similar values (Beyer & Bommer, 2006). 

Additionally, using SA at 0.01s in place of 𝑃𝐺𝐴 (which are only very slightly different for the 

Campbell and Bozorgnia (2008) model) also brings the timing results back in line with other 

cases. It seems that for this particular model, and this particular dataset, that the MCMCGMS 

method 1 approach becomes `trapped' in a location where it does not accept new candidates. 

Importantly, MCMCGMS method 2 does not suffer from such issues.  

The significant highlight of Table 3.3 is that the computational cost of MCMCGMS method 2 

is very comparable to the other more approximate method. While this cost can increase 

significantly if databases grow, the use of preselection can always be used to restrict the total 

number of considered records so that the computational expense does not increase with 

database size. 

3.3.4 Effect of covariance scale used in noise generation 

The covariance used to generate the additive noise in MCMCGMS method 1 (i.e. 𝚺𝒁) is a 

methodological component that influences the efficiency of the method. The scale of this 

covariance matrix, or the magnitude of its diagonal elements, determines how large a jump 

from the current state is typically performed, and hence how quickly the random walk can 

cover the distribution. 

The actual values of the diagonal covariance elements can be specified by the user, but the 

simplification shown in Equation (3.7) still requires that the matrix be symmetric. To 

demonstrate the influence on the computational expense and quality of the match to the target 

of the variance scale used, the covariance matrix 𝚺test is divided by a factor, γ (i.e. 𝚺test =

𝚺𝒁/γ). Four values of γ ∈ {0.5,1,2,3} are tested and the results with respect to both time 

                                                 
10 The code scripts of ground motion models (Abrahamson & Silva, 2008; Boore & Atkinson, 2008; Campbell & 

Bozorgnia, 2008; Chiou, Brian & Youngs, 2008) can be accessed from the Prof. Jack Baker research group 

website. 

https://web.stanford.edu/~bakerjw/GMPEs/I_2008_nga.m
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consumed and the match to the conditional mean and standard deviation are shown in Figure 

3.3. 

 

Figure 3.3: Value of mean computational expense and that of distribution match changed with the 

value of gamma. Thin lines in the right panel define the 80% confidence interval. 

 

In Figure 3.3, the match to the conditional mean and standard deviation is assessed using the 

traditional RMSE. Figure 3.3 shows that reducing the covariance scale (increasing γ) is 

detrimental, presumably because the Markov-chain stays in a relatively local region of the 

distribution. For the first replication the initial state is taken as the record with the greatest 

π(𝐼𝑀) value and so the Markov-chain does not readily explore the tails of the distribution. 

3.3.5 Influence of target number of records on the distribution match 

Figure 3.2 showed results when 50 records were sought. Ideally, an analyst would like to make 

use of far fewer records than this and so the present section explores the extent to which the 

performance of the methods changes when fewer records are selected. 

The four cases shown in Table 3.1 are repeated with the target number of records to select set 

to 𝑛𝐺𝑀 ∈ {10,20,30,40,50}. To mitigate the effects of the random sampling in the GCIM and 

MCMCGMS method 1 algorithms, ten replications are performed using these methods for each 

case and the results and then presented in terms of the expected match, estimate of the 80% 

confidence interval as well as the match corresponding to the best set of ten replications of 

MCMCGMS method 1 and GCIM. For MCMCGMS method 1, 50 replications (20 replications 

are performed for case 3) are performed and 10 repetitions are made for the energy check, 5 

replications are made within GCIM and 2 greedy optimisation loops are conducted for 

MCMCGMS method 2. The performance of the methods is made using the RMSE score for 
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the conditional mean and standard deviation, and the average square sum of skewness score 

for the skewness. The results for Cases 1-4 of Table 3.1 are presented in Figure 3.4 to Figure 

3.7, respectively. 

 

Figure 3.4: Comparison of the RMSE match to the conditional mean and standard deviation, and 

average sum of skewness for Case 1. Very thin lines define the 80% C.I. for cases involving 

sampling. Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional 

Intensity Measure 

 

 

Figure 3.5: Comparison of the RMSE match to the conditional mean and standard deviation, and 

average sum of skewness for Case 2. Very thin lines define the 80% C.I. for cases involving 

sampling.  Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional 

Intensity Measure 
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Figure 3.6: Comparison of the RMSE match to the conditional mean and standard deviation, and 

average sum of skewness for Case 3. Very thin lines define the 80% C.I. for cases involving 

sampling.  Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional 

Intensity Measure 

 

 

Figure 3.7: Comparison of the RMSE match to the conditional mean and standard deviation, and 

average sum of skewness for Case 4. Very thin lines define the 80% C.I. for cases involving 

sampling. Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional 

Intensity Measure 

 

As can be appreciated from Figure 3.4 to Figure 3.7, when the size of the record sets is small 

(e.g. 20), GCIM provides a better performance than method 1 for the first two moments. When 

the size of the record sets increase, on average, MCMCGMS method 1 and GCIM provide 

fairly similar results, with GCIM fairing slightly better on average for the second moment. This 

is due to the stochastic nature of the process and that fact that records with high probability 

density values are more likely to be added to the set when using MCMCGMS method 1. 

However, MCMCGMS method 1 is able to explore the whole distribution rapidly and, 
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conceptually, the probability that an optimal set of records is chosen should increase with the 

number of replications applied.  In addition to increasing number of replications, increasing 

the covariance scale moderately could be a way to improve the performance for second moment 

match. For example, for case 1, applying square root to the diagonal covariance matrix 𝚺𝒁 (i.e. 

𝚺𝒁  =  𝑑𝑖𝑎𝑔 (𝜎𝐼𝑀1|𝐼𝑀𝑗
, ⋯ , 𝜎𝐼𝑀𝑛−1|𝐼𝑀𝑗

, )), the time expense with 50 replications is around 32s 

for a 50 records set. The RMSE scores of the best record sets of 10 replications are 0.0638 and 

0.0495, respectively. 

Figure 3.4 to Figure 3.7 also reflect the fact that for small numbers of records the Markov-chain 

is not able to adequately explore the target distribution. This could be improved by applying a 

greater number of replications (e.g. 200) but there is little value in doing this when method 2 

performs so well. Normally, the fewer the dimensions that the target distribution has, the more 

chance the ratio checks in MCMCGMS method 1 passes. For example, computational expense 

for a target intensity measure vector used in Section 3.5 is around 15s for a 50 record set. Thus, 

compared with MCMCGMS method 2, when the database is enlarged and fewer target intensity 

measures are chosen, method 1, due to its advantage from a computational expense perspective, 

becomes more competitive for a case of a large size of selected records set (e.g. 50). 

Generally speaking, the target number of records for a set (e.g. 30) is far smaller than the 

number of discrete points needed adequately represent a continuous multivariate distribution. 

To circumvent this, a simulation method with a high chance of generating samples consistent 

with a target continuous distribution is needed (e.g. MCMCGMS method 1) and/or additional 

constraints are applied to give priority to some important properties of the continuous target 

distribution. The latter reflects the reason why MCMCGMS method 2 clearly outperforms the 

other methods in all cases and is importantly able to provide an excellent match to each of the 

conditional mean, conditional standard deviation, and the target skewness, even for low 

numbers of target ground motions. It should be noted that as more constraints are applied more 

care should be taken during the identification of the optimal set of target intensity measures, 

since these constraints are only focused on these particular selected intensity measures and may 

not reflect the implicit characteristics of other intensity measures not directly included. 

3.4 The effect of preselection on distribution match 

The issue of preselection was discussed previously in Section 3.2.4. The key idea in that section 

is that records that have relatively high π(IM) values are more likely to be selected, and an 

initial screening could therefore be done on the basis of these values. 



Chapter 3 - Markov-chain Monte Carlo Ground Motion Selection Algorithms for Conditional Intensity Measure 

Targets  

91 

 

To explore this further, the present section compares the results that are obtained with and 

without preselection to understand whether the application of preselection has degraded the 

performance of the match to the target. To this end, MCMCGMS method 2 is again applied to 

Case 2 (Table 3.1), but without preselection being applied. Naturally, this increases the 

computation time, but allows the method to identify a near-optimal record set from the 

available database. 

The results of this exercise for target numbers of records of 𝑛𝐺𝑀 ∈ {10,20,30,40,50} are 

presented in Table 3.4. The first row of the table indicates that very few records that were 

filtered by the preselection become relevant once the entire database can be searched. The 

remaining rows of Table 3.4 clearly show that the computation time is cut in half when 50% 

of the records are initially removed on the basis of their π(IM) values, but the quality of the 

match is essentially preserved. Although not presented herein, similar performance was 

observed for the other cases defined in Table 3.4. Therefore, preselection appears to be a very 

useful way to improve the computational performance of MCMCGMS method 2. Furthermore, 

and as already mentioned, the preselection used here of identifying the median values of the 

PDF can be replaced by an absolute limit on the PDF (as a function of the number of intensity 

measures) as databases grow in size. 

Table 3.4: Results obtained with (w/) and without (w/o) PDF-based preselection 

 

 Size of Target Selected Record Sets 

10 20 30 40 50 

Records w. PDF < med. PDF (w/o 

preselection) 

0 2 0 1 0 

RMSE mean                         0.0402 0.0300 0.0266 0.0216 0.0171 

RMSE mean (w/ preselection)      0.0451 0.0250 0.0230 0.0213 0.0171 

RMSE std                           0.0374 0.0210 0.0145 0.0132 0.0127 

RMSE std (w/ preselection)        0.0371 0.0234 0.0147 0.0132 0.0127 

Time consumed                      7s 22s 39s 62s 89s 

Time consumed (w/ preselection)   4s 10s 20s 31s 46s 

Abbreviation: RMSE, root-mean-square error. 

 

PDF-based preselection can also be effectively applied for MCMCGMS method 1. To 

demonstrate this, Case 2 from Table 3.1 is again considered, and ten record sets are obtained 

for 5 different cases corresponding to varying numbers of target ground motions.  
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For each target 𝑛𝐺𝑀 a total of 10 record sets are obtained which corresponds to a total of 1500 

records being selected (although there is nothing preventing the same record from being 

selected in more than one set). However, from the analyses performed, records that had been 

excluded by the preselection were never included in the final record sets when no preselection 

was applied. The application of preselection therefore had zero impact upon the quality of the 

match to the target obtained for MCMCGMS method 1, but the computational time decreased 

as Equation (3.6) is only applied to half of the dataset in this case. Although not shown here, 

as expected, the positive effect of preselection on MCMCGMS method 1 is consistent for the 

other three cases. Note that this conclusion is based upon the particular numbers of intensity 

measures considered in these example applications and that the results may differ for different 

IM vectors, and base datasets.  

For now we strongly recommend preselection as an effective way to improve computational 

efficiency without sacrificing accuracy. However, we also suggest that caution be applied in 

the future as the numbers of records increases, or as simulated records become considered 

(Bradley et al., 2015). 

For the NGA West database used herein in case 2 the range of PDF values varied from 

4.35 × 10−16 to 7.07 × 107. As databases become more complete then more records will have 

PDF values above the threshold corresponding to the median that was used in the study of this 

chapter. Therefore, if an absolute threshold is adopted then issues may arise where too many 

similar records pass through the preselection and the conditional variance may become harder 

to match. While we raise this point here out of principle, this issue is unlikely to be problematic 

for quite some time given that it is an issue associated with having too many records to choose 

from. 

3.5 Influence on structural response 

Thus far it has been implicitly assumed that obtaining a more accurate match to the target 

distribution (as measured by the similarity of moments) leads to more accurate estimates of the 

response distribution. In the present section, selected records sets are passed through a 

nonlinear single degree-of-freedom (SDOF) system similar to that used by Bradley et al. 

(2015). 

The backbone for the SDOF is shown in Figure 3.8 and represents a system with a natural 

elastic period of 1 second and viscous damping ratio of 2% of critical. In the inelastic range, 

the system possesses a strain hardening ratio of 0.03, and a negative post-capping stiffness ratio 
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of -0.14. The unloading and reloading behaviour is defined using the `peak-oriented' 

relationship of Ibarra and Krawinkler (2005). The yield force is assumed to be 0.196 times the 

weight of the SDOF system. With the yield, capping and ultimate displacements designated as 

δ𝑦, δ𝑐 and δ𝑢, respectively, the relations between these parameters is δ𝑐/δ𝑦 = 2.8 and 

δ𝑢/δ𝑦 = 10.2. The only response metric considered herein is the peak displacement. 

 

Figure 3.8: Backbone of the SDOF considered. From left to right, the three marked points correspond 

to δ𝑦, δ𝑐 and δ𝑢 

3.5.1 Effect of the target number of records selected on response distribution 

In the previous sections a broad range of response spectral periods were considered (0.1-9.0 

seconds). Each of the periods were assigned equal weighting, but clearly once a given structure 

is identified it becomes possible to use a more refined approach. For the comparisons presented 

in what follows the intensity measure combination of Case 1 (Table 3.1) is adopted, but only a 

subset of the response periods are considered. Given that the elastic period of the system is 1.0 

seconds, SA(1s) is taken as the conditioning period and the periods selected to form the target 

begin just below this period and extend to 2.0 seconds. Eleven periods are used with values of 

𝑇 = [0.9,1.1,1.2,1.3,1.4,1.5,1.6,1.7,1.8,1.9,2.0] and the value of conditional intensity measure 

SA(1s) is 0.81g. The inclusion of the ordinate at 0.9 seconds provides a little more constraint 

upon the correlation structure of the selected records given that the epsilon-driven spectral 

shape in response spectral space is related to the underlying correlation structure of the records 

in Fourier spectral space (Stafford, 2017). In addition, significant duration, Ds(5-95%), is 

included. 
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It is not possible to specify a ̀ true' distribution for the response against which the three methods 

can be compared. Instead, the median and dispersion, i.e., the logarithmic standard deviation, 

of non-collapse responses are computed along with an estimate of the collapse probability. For 

the purposes of this exercise, collapse is defined to correspond to a displacement of 10% of the 

5m SDOF height, or when non-convergence arises. To represent the stochastic variability of 

the GCIM and MCMCGMS method 1 algorithms, 10 record sets are obtained from each 

algorithm for each considered case and the response metrics are presented by the mean and 

80% confidence intervals for each of the three response metrics considered. Five different 

target numbers of records are considered, as in the previous section. Table 3.5 summarises the 

results obtained for all of the considered cases, while Table 3.7 provides the results 

corresponding to the single best set from the 10 replications made in each case. Additionally, 

Table 3.6 shows the summary statistics for the quality of the match to the target using the 

MCMCGMS method 2 approach. As can be seen, the match is extremely good and so the 

response estimates obtained for MCMCGMS method 2 should be close to the `true' responses. 

Table 3.5: Peak displacement of single degree-of-freedom structure on different sizes of selected 

record sets 

 

 Median Dispersion Collapse Probability  

Recs MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

10 0.176 0.161 0.179 0.294 0.214 0.325 0.060 0.200 0.130 

 (0.012) … (0.011) (0.030) … (0.027) (0.042) … (0.036) 

20 0.186 0.155 0.173 0.287 0.221 0.297 0.130 0.150 0.145 

 (0.008) … (0.009) (0.015) … (0.023) (0.035) … (0.035) 

30 0.172 0.159 0.182 0.307 0.299 0.300 0.163 0.133 0.113 

 (0.006) … (0.006) (0.023) … (0.018) (0.038) … (0.024) 

40 0.176 0.167 0.170 0.281 0.291 0.286 0.118 0.100 0.148 

 (0.004) … (0.004) (0.016) … (0.016) (0.027) … (0.021) 

50 0.176 0.169 0.180 0.285 0.282 0.320 0.084 0.100 0.108 

 (0.005) … (0.004) (0.011) … (0.011) (0.023) … (0.017) 

Abbreviations: GCIM, Generalized Conditional Intensity Measure; MCMCGMS, Markov chain 

Monte Carlo ground motion selection. 

Values in brackets when applied as ± define 80% confidence intervals for each result. MC1 and 

MC2 denote MCMCGMS methods 1 and 2 respectively. 
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Table 3.6: Summary statistics for the match of the 

conditional mean and standard deviation obtained from 

Markov chain Monte Carlo-based ground motion 

selection method 2 for the cases represented in Table 3.5 

 

 Target Number of Records, 𝑛𝐺𝑀 

 10 20 30 40 50 

RMSE mean 15.5 12.3 5.8 6.1 5.2 

RMSE std 13.8 4.7 3.9 3.7 2.4 

Abbreviation: RMSE, root-mean-square error. 

Values are scaled by 1 × 103, i.e., 15.5 in the table is 15.5 × 10−3 

 

Table 3.7: Peak displacement of single degree-of-freedom structure on best records set of 

ten replications. MC1 and MC2 denote Markov chain Monte Carlo-based ground motion 

selection methods 1 and 2, respectively 

 

 Median Dispersion Collapse Probability  

Recs MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

10 0.203 0.161 0.218 0.252 0.214 0.299 0.200 0.200 0.100 

20 0.160 0.155 0.146 0.302 0.221 0.217 0.050 0.150 0.300 

30 0.197 0.159 0.204 0.221 0.299 0.352 0.133 0.133 0.100 

40 0.155 0.167 0.161 0.331 0.291 0.293 0.200 0.100 0.200 

50 0.189 0.169 0.161 0.300 0.282 0.367 0.160 0.100 0.140 

Abbreviation: GCIM, Generalized Conditional Intensity Measure. 

MC2 results are shown here to enable direct comparisons. The conditioning IM is again SA(1s) 

scaled to 0.81g. 

 

The results presented in Table 3.5 show that, on average, MCMCGMS method 1 and GCIM 

are able to provide similar estimates of the median response and that these are largely consistent 

with MCMCGMS method 2. Greater differences between the methods exist for the dispersion 

and collapse probabilities. 

Although the confidence intervals in Table 3.5 appear relatively tight, the implications of the 

influence of the variability arising from GCIM and MCMCGMS method 1 can be appreciated 

from Figure 3.9. Figure 3.9 shows the full empirical cumulative distribution function (CDF) 

that includes the lumped probability mass associated with collapse. The results for each 

algorithm are compared amongst themselves for differing sizes of target record sets. For this 

reason, the CDF curves often tend to some flat plateau below a value of 1.0; this asymptote 



Chapter 3 - Markov-chain Monte Carlo Ground Motion Selection Algorithms for Conditional Intensity Measure 

Targets  

96 

 

should be at 1 − 𝑃(collapse). To assess differences in the algorithms with respect to collapse 

prediction these plateau levels should be focussed upon. 

As shown in Figure 3.9, there appear to be significant differences in the shape of the upper tails 

of the response distributions when fewer records are selected. On average MCMCGMS method 

1 is able to provide similar results to GCIM, but with greater variability, as shown in Table 3.7 

and Figure 3.9. MCMCGMS method 2 is able to provide very stable response distributions 

when the size of the selected record set larger than 20. This statement can also be appreciated 

from inspection of Table 3.7, where the metrics for MCMCGMS method 2 are relatively stable 

across the numbers of records in comparison with the other methods. Since a subset of intensity 

measures of case 1 are used in the analyses, less constraints upon the intensity measures are 

imposed and more records previously excluded by the preselection can be chosen by 

MCMCGMS methods. For example, by repeating the analyses shown in Section 3.4 for the 

study case here, 6 records excluded by preselection are chosen by MCMCGMS method 2 when 

targeting the selection of 50 records. However, the quality of the match is still essentially 

preserved by applying preselection. The analyses shown above in this section are also repeated 

by using the MCMCGMS methods without preselection. As expected, the results are consistent 

with the conclusion of analyses using MCMCGMS methods with preselection. 

To additionally illustrate the close performance among the methods, the exercise for the 

different size of selected records are reconducted. 10 replications are applied to MCMCGMS 

method 1 and GCIM. The response results corresponding to 10 replications are mixed into a 

pool and the associated results are plotted into an empirical CDF curve. It should be pointed 

that some response results for the 10 replications are in common because the selected records 

in one replication are not prevented for the next replication. Due to stochastic variability of 

MCMCGMS method 1 and GCIM, the corresponding empirical CDF curves are plotted with 

95% lower and upper confidence bounds. Following from that way, Figure 3.10 shows the 

empirical CDF curve obtained from each method for differing sizes of target record sets. 



Chapter 3 - Markov-chain Monte Carlo Ground Motion Selection Algorithms for Conditional Intensity Measure 

Targets  

97 

 

 

Figure 3.9: Empirical cumulative distribution functions for peak displacement of the system in Figure 

3.8. Each panel compares the distributions using the same method for different numbers of ground 

motions. From left to right are MCMCGMS method 1, GCIM and MCMCGMS method 2. Thin lines 

denote the 80% C.I. 

 

As shown in Figure 3.10, the empirical CDF curves for each method are close to each other. 

Again, the results indicate that the MCMCGMS method 1 is able to provide a similar result 

against the GCIM. It should be always kept in mind that the overlapped confidence bounds 

from two group of samples do not guarantee those two groups are from the same distribution. 

If the null hypothesis that two samples are from the same distribution is of interest, it is prudent 

to make the use of the two sample Kolmogorov-Smirnov (K-S) test. For an illustration purpose, 

the two sample K-S test is applied herein to see whether the distributions obtained from 

MCMCGSM method 1 and that from GCIM are different. The results indicate that the 

difference of the two distributions are not significantly enough to reject the null hypothesis that 

they are the same distribution, at the 5% significance level. This statement may not be available 

for all case, due to the stochastic, the MCMCGMS method 1 and the GCIM provide different 

results of comparison, when the exercises are reconducted. However, the results shown in 

Figure 3.10 are able to prove that three methods provide close results and MCMCGMS method 

1 and GCIM behave similarly for a large number of selected records when using existing 

datasets of natural records that are available. 
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(c) (d) 

 

(e) 

Figure 3.10: Empirical cumulative distribution functions for peak displacement of the system in the 

study of this chapter. Each panel compares the distributions obtained from the different methods. 10 

replications are repeated for the MCMCGMS method 1 and GCIM and the associated responses 

results are mixed into a pool to generate an empirical CDF with 95% confidence interval. Different 

panels represent different size of selected records: (a) 10 (b) 20 (c) 30 (d) 40 (e) 50. Abbreviations: 

MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional Intensity Measure 
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3.5.2 Effect of rupture scenario on response distributions 

The results obtained thus far have related to a single rupture scenario of a magnitude 6.5 event 

at a distance of 10km from the site. Given that scaling of records is permitted and that bounds 

upon causal parameters were not imposed, all records in the database were available for 

selection. However, if bounds on causal parameters and limits on scaling were imposed then 

this scenario would still correspond to one for which a relatively high number of records are 

available. It is therefore prudent to consider a range of other scenarios where records typically 

need to be scaled to varying (and often greater) degrees. This is important when using a GCIM 

target because scaling distorts the natural correlations among intensity measures for a record 

(see the discussion around Equation (2.28)). 

In the present section, the analyses conducted in Section 3.5.1 are repeated using 15 different 

target rupture scenarios associated with combinations of five magnitude values (𝑀 ∈

{5.5,6.0,6.5,7.0,7.5} and rupture distances of 𝑟rup ∈ {15,40,75}km. For all scenarios the 

average shear-wave velocity is 𝑉𝑆,30 = 400m/s and a strike slip rupture is assumed. For all 

scenarios the target number of records is set to 𝑛𝐺𝑀 = 50 and 10 replications are applied for 

the GCIM and MCMCGMS method 1 approaches. The scenarios span a response range from 

largely elastic response and no probability of collapse to strongly nonlinear response where the 

probability of collapse is around 50%. The 𝑆𝐴(1𝑠) corresponding to scenarios span is from 

0.04𝑔 to 1.04𝑔. 

For all scenarios the match to the target distribution obtained using MCMCGMS method 2 is 

excellent, as demonstrated through the summary statistics presented in Table 3.8. As noted in 

the previous section, we assume that the response distribution obtained for MCMCGMS 

method 2 will be close to the true response distribution. Table 3.9 summarises all of the results 

for all scenarios obtained by applying the best record sets from the ten replications, it can be 

seen that the median is similar across the three algorithms with respect to all considered 

scenarios. Greater difference exists in the estimates of dispersion and collapse probabilities 

among the three algorithms. This difference is primarily caused by underlying differences 

between the variance of the selected record sets and the target variance. Additionally, variations 

arise because two alternative record sets will have different matches to the target when 

individual intensity measures are considered, despite the overall score (representing the fit to 

the target) being similar. If particular intensity measures are more important than others in 

determining the response then the quality of these ‘local’ agreements with the target will play 

an important role in determining the response distribution. For example, two different sets of 
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records that both have the same RMSE mean value of 0.05 are identified, yet within these two 

sets the mismatch for the individual IM of SA(0.9s) contributes 10% and 35% of the total 

RMSE mean for these sets. In this case, if SA(0.9s) correlates strongly with a considered 

response metric, the distribution of this response obtained by using those two set of records 

could be largely different. Of course, when these sensitivities are known a priori, this is 

precisely why one might introduce weights for the IMs. The particular values of the weights 

that are assigned are currently still done in a subjective manner however. 

To additionally illustrate the close performance among the methods in relation to the scenario 

dependence, the exercise in Section 3.5.1 is repeated with 50 records for the 15 chosen 

scenarios. Again, 10 replications are applied to the MCMCGMS method 1 and the GCIM. 

Figure 3.11 illustrate the empirical CDF curves obtained on the basis of each method for 

different scenarios of interest. The results obtained from the MCMCGMS method 1 and the 

GCIM are again associated with 95% confidence interval.  

 

Table 3.8: First 2 moment distribution match measures obtained via Markov chain Monte Carlo-

based ground motion selection method 2 on different scenarios 

 

Magnitude RMSE 

mean 

RMSE 

std 

RMSE 

mean 

RMSE 

std 

RMSE 

mean 

RMSE 

std 

5.5 4.4 3.4 4.0 2.1 4.1 1.7 

6.0 3.5 2.5 4.2 2.7 3.5 1.8 

6.5 4.0 2.2 4.7 2.1 4.2 2.4 

7.0 4.4 3.0 3.6 1.9 3.3 2.5 

7.5 3.3 2.0 4.2 1.5 5.0 2.3 

Abbreviations: RMSE, root-mean-square error. 

 All RMSE values are scaled by 1 × 103, i.e. 4.4 in the table is 4.4 × 10−3 
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Figure 3.11: Empirical cumulative distribution functions for peak displacement of the system in the 

study of this chapter. Each panel compares the distributions obtained from the different methods. 10 

replications are repeated for the MCMCGMS method 1 and GCIM and the associated responses 

results are mixed into a pool to generate an empirical CDF with 95% confidence interval. Different 

panels represent different scenarios of interest. From left to right are for rupture distance of 15km, 

40km and 75km. From top to bottom are for magnitude of 5.5,6.0,6.5,7.0 and 7.5. 

Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional Intensity 

Measure. (Continued in next page) 
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Figure 3.11: Empirical cumulative distribution functions for peak displacement of the system in the 

study of this chapter. Each panel compares the distributions obtained from the different methods. 10 

replications are repeated for the MCMCGMS method 1 and GCIM and the associated responses 

results are mixed into a pool to generate an empirical CDF with 95% confidence interval. Different 

panels represent different scenarios of interest. From left to right are for rupture distance of 15km, 

40km and 75km. From top to bottom are for magnitude of 5.5,6.0,6.5,7.0 and 7.5. 

Abbreviations: MCMC, Markov chain Monte Carlo; GCIM, Generalized Conditional Intensity 

Measure 

 

For all scenarios of interest, the obtained empirical CDF curves from different methods are 

close to each other. This indicates the MCMCGMS method 1 and the GCIM behave similarly 

for the large size of selected records and for a very broad range of scenarios when using existing 

datasets of natural records that are available. The two sample K-S test is reapplied to the 

distributions obtained from the MCMCGMS method 1 and the GCIM. The results indicate the 

null hypothesis is rejected for a few scenarios, at the 5% significance level. Due to stochastic 

variability of the MCMCGMS method 1 and the GCIM, the rejection may be invalid when the 

exercises are reconducted. For example, the null hypothesis is rejected for the scenario of a 

magnitude 7.5 event at a distance of 75 km but is not able to be rejected when redoing the 

exercises. It should be kept in mind that the results of test that fail to reject the null hypothesis 

does not means that the null hypothesis is accepted. 
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Table 3.9: Summary statistics for the peak displacement distribution of the single degree-of-freedom 

structure of Figure 3.8 for a number of rupture scenarios 

 

Magnitude 5.5 

 Median Dispersion Collapse Prob. 

𝑅RUP MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

15 0.065 0.066 0.065 0.078 0.078 0.087 0.000 0.000 0.000 

40 0.027 0.028 0.028 0.128 0.150 0.115 0.000 0.000 0.000 

75 0.014 0.014 0.014 0.124 0.106 0.122 0.000 0.000 0.000 

Magnitude 6.0 

 Median Dispersion Collapse Prob. 

𝑅RUP MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

15 0.085 0.090 0.091 0.168 0.171 0.185 0.000 0.000 0.000 

40 0.047 0.047 0.047 0.101 0.109 0.114 0.000 0.000 0.000 

75 0.027 0.026 0.026 0.124 0.131 0.111 0.000 0.000 0.000 

Magnitude 6.5 

 Median Dispersion Collapse Prob. 

𝑅RUP MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

15 0.128 0.130 0.133 0.270 0.202 0.253 0.020 0.080 0.020 

40 0.067 0.070 0.068 0.088 0.087 0.109 0.000 0.000 0.000 

75 0.046 0.046 0.047 0.104 0.116 0.108 0.000 0.000 0.000 

Magnitude 7.0 

 Median Dispersion Collapse Prob. 

𝑅RUP MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

15 0.180 0.158 0.162 0.272 0.272 0.334 0.200 0.220 0.200 

40 0.090 0.091 0.084 0.193 0.163 0.171 0.000 0.000 0.000 

75 0.064 0.062 0.062 0.079 0.078 0.082 0.000 0.000 0.000 

Magnitude 7.5 

 Median Dispersion Collapse Prob. 

𝑅RUP MC1 MC2 GCIM MC1 MC2 GCIM MC1 MC2 GCIM 

15 0.235 0.215 0.218 0.259 0.256 0.371 0.580 0.480 0.520 

40 0.129 0.124 0.132 0.268 0.258 0.322 0.060 0.100 0.020 

75 0.080 0.083 0.084 0.152 0.186 0.208 0.000 0.000 0.000 

Abbreviation: GCIM, Generalized Conditional Intensity Measure, MC1 and MC2 Markov chain 

Monte Carlo methods 1 and 2, respectively. 

Median and dispersion refers to median and logarithmic standard deviation of non-collapse results, 

respectively 
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3.6. Concluding Remarks 

The present chapter describes two new record selection algorithms that can be viewed as 

alternative approaches to the GCIM-based algorithm of Bradley (2012c).The key difference 

between previous approaches, such as Jayaram et al. (2011) and Baker and Lee (2018), and 

those presented herein relates to the manner in which individual targets are simulated from the 

GCIM distribution, and how goodness of fit is assessed. The first method, MCMCGMS method 

1, takes advantage of MCMC's ability to efficiently explore a sampling distribution through the 

implementation of a traditional MCMC algorithm. The second algorithm, MCMCGMS method 

2, derives from the concept of the acceptance ratio within MCMC but does not involve any 

sampling. For large number of selected records, MCMCGMS method 1 is able to provide close 

performance, in comparison of GCIM. However, a weaker performance for fewer records has 

been observed and this can be circumvented by the use of the MCMCGMS method 2. Both 

methods are applied for a number of response analyses associated with different sizes of record 

sets and rupture scenarios. Comparisons are made throughout with the Generalized Conditional 

Intensity Measure (GCIM) approach.  MCMCGMS method 1 typically provides similar results 

to what can be achieved using the GCIM-based algorithm, but with slightly worse performance 

for small record sets. The new MCMCGMS method 2 outperforms both method 1 and the 

GCIM-based algorithm in all considered cases. 

An approach for preselecting records based on the PDF value is introduced and its positive 

effect on improving the efficiency of the MCMCGMS methods is demonstrated in the study of 

this chapter. This preselection approach can be combined with constraints on causal parameters 

(e.g., magnitude and distance) as the sizes of databases increase in the future. 
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Chapter 4                                                                       

Ground motion Selection for Simultaneously Matching to 

Multiple Targets 

4.1    Introduction 

A number of methods have been proposed for developing the fragility functions for using 

within seismic risk analyses. Of those methods, two of the most common methods that also 

require careful record selection11 are: Incremental Dynamic Analysis (IDA); and Multiple 

Stripe Analysis (MSA). The approach to record selection within IDA and MSA is very 

different. In MSA, sets of records are selected to have the same value of a particular intensity 

measure (normally after scaling). For each considered level of the intensity measure (IM) it is 

possible for the analyst to select a different set of records and this enables a hazard-consistent 

approach to be employed. In contrast, within IDA, the same set of records is scaled to multiple 

different levels of the intensity measure. It is therefore not obvious that hazard consistency can 

be ensured within IDA. Therefore, the use of IDA can potentially lead to biased estimates of 

the response distribution. Lin and Baker (2013) provided a method to select records for IDA to 

reduce those biases. Regarding the method, records are adaptively selected on the basis of 

chosen size of bins which are defined on the basis of disaggregation information. The number 

of IM levels for which a specific ground motion record can be applied in IDA is decided by the 

size of bin. They raised the concerns related to the challenges in terms of the decision of bin 

size. The present chapter presents the development of an IDA-based ground motion selection 

approach that reduce biases to a minimum level when the underlying ground motion properties 

change along with the increasing 𝐼𝑀 levels.  

While the present Chapter is motivated by the above weakness in IDA, the proposed solution 

is to consider multiple ground motion targets and to find record sets that optimally match these 

multiple targets. The utility of this approach is not limited solely to IDA applications. As will 

be discussed subsequently, there are a number of applications in which consideration of 

multiple targets is beneficial. For example, one may wish to identify a suite of records that 

                                                 
11 Alternative methods, like cloud-based analyses do not require the same attention to the record selection process 

if scaling is not employed.  
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could be used for the analysis of a number of different structures at a given site. In this case, 

the target spectrum for each structure may differ (both as a result of the most relevant 

conditioning IM for each structure, but potentially also as a result of different structures having 

different importance classes).  

4.2    Multi-target Ground motion Selection (MTGMS) 

Herein, the algorithm is based upon initially ranking all records by evaluating their probability 

density function (PDF) values against all targets simultaneously. These PDF values can be 

interpreted as the likelihood of observing a given ground motion under the assumption that it 

arises from a multivariate distribution that is defined by all of the target distributions. A further 

greedy optimization is subsequently applied to achieve a final suite of ‘optimal’ records that 

match the multiple specified targets as closely as possible. As the algorithm consists of these 

two high-level steps: the probability-based preselection and the application of greedy 

optimization for reducing mismatch metrics to a specific tolerance, the algorithm can be 

applied to any case in which multiple targets are considered. Although the section title suggests 

a clear focus upon Incremental Dynamic Analysis (IDA), that convention reflects the original 

focus during its derivation. The algorithm has a more general applicability beyond this 

application. In the present chapter, the focus is particularly on the implementation of this 

algorithm within IDA, and the algorithm is referred to as the Incremental Dynamic Analysis 

Ground Motion Selection (IDAGMS) method. The IDAGMS algorithm aims to identify a set 

of records that simultaneously matches, as well as possible, multiple Generalized Conditional 

Intensity Measure (GCIM) targets (Bradley, 2010). The details of the general steps of the 

IDAGMS algorithm are outlined in what follows. 

4.2.1 Ground motion selection algorithm 

The multiple different target distributions that require representation through suites of selected 

records are firstly established in the IDAGMS. In IDA cases, these multiple targets correspond 

to the multiple levels of a chosen intensity measure and the target distributions are defined 

using this particular IM as the conditioning intensity measure for these distributions. The 

specific IM that is selected will depend upon the objective of the analysis as well as the 

structural characteristics as it does for any traditional IDA. 

The IM levels of interest in IDA are chosen by the analyst. These levels are, in general, chosen 

on the basis of strategies such as the hunt & fill algorithm (Vamvatsikos & Cornell, 2004) or 
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simply by using pre-defined IM levels (that may have specified scaling, but can also be 

arbitrarily defined). In general, the range of IM levels that are considered range such that the 

lowest IM level is chosen to ensure elastic behaviour while the highest IM level should enable 

structural collapse to be observed. However, this is no way a part of the algorithm presented 

here, or a requirement of IDA – any other limited range of IM levels can also be explored. 

While particular methods, including adaptive strategies, have been proposed for selecting IM 

levels within IDA, the IM levels of interest in the IDAGMS need to be identified in advance so 

that a group of target distributions for the subsequent ground motion selection are available. 

There are a few ways in order to pre-defined the IM levels. For example, a highest IM level is 

subjectively chosen by the analyst and the lower levels are decided by the hunt & fill algorithm. 

Alternatively, the highest IM level for the IDAGMS can be estimated through making use of 

tools such as the SPO2IDA (Vamvatsikos & Cornell, 2005b; 2006) that has the capability to 

predict IDA fractiles (16%, 50% as well as 84% fractiles are available) using polynomial 

functions of parameters defining the static pushover curve of a given single degree-of-freedom 

(SDOF) system. Following from this approach, the IM level corresponding to the collapse point 

of the 84% fractile IDA curve for an equivalent SDOF system can be determined. This IM level 

or with a small increment can then be used as the highest IM level in the IDAGMS for the 

ground motion selection. The pre-defined IM levels are then used for the construction of 

respective target distributions. This requires the hazard disaggregation information is already 

available for all considered levels. 

The IDAGMS algorithm then starts by initially screening the database of candidate records by 

computing the values of probability density function (PDF) for the multivariate target 

distribution π. The construction of these target distributions follows the same approach 

previously outlined in Chapter 3 (note that the rupture scenarios that contribute most to the 

target distribution generally change with the level of the intensity measure). All records in the 

prospective database are considered with π being constructed for each level of the conditioning 

IM. The associated PDF values of interest are then sorted, and the indices of sorted PDF values 

are recorded. This is repeated for all IM levels of interest. With respect to each record for all 

IM levels of interest, the PDF values and the associated indices are respectively combined into 

two values. All prospective records are ranked on the basis of the values obtained from those 

two manners (i.e., from the sorted PDF values or associated indices). Two sets of  𝑁𝐺𝑀 (i.e., 

the target number of records selected) records are separately selected based on the values 

obtained from those two manners. The associated records are then compared with each other 
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in terms of the deviation between first three moments (i.e., mean, variance and skewness). The 

better set is subsequently selected, and this set should correspond to a suite of records that has 

some degree of consistency in terms of its ability to simultaneously match the targets 

constructed for all IM levels of interest. The objective of the record selection is to identify a set 

of records that represent the target distribution(s) as well as possible. Therefore, after initial 

screening, the greedy optimization (discussed previously in Chapter 3) is applied to the 

resultant record set. The details of the method are outlined in the following steps: 

Step 1 

After the all IM levels of interest have been specified, the set of records are selected for 

simultaneously matching to the target distributions constructed for the associated IM levels. It 

may not always be the case that the set of records can be identified. It is likely the selected set 

of records are merely with the poor performance of simultaneously matching to all targets of 

interest. In this light, the division of such levels needs to be done on the basis of desires of 

users. This allows for all targets of interest dividing into several subgroups which collectively 

represent the whole targets of interest. The specific discussions upon the division of targets of 

interest are elaborated in the Section 4.4. The IDAGMS are subsequently utilized to a target 

group which can be one target group for all IM levels or one of several subgroups containing 

divided IM levels of interest. The associated context upon the application of the IDAGMS to 

one group of targets are described following.  

The theoretical consistency of conditional targets which requires all records in a database are 

scaled to match exactly with the value of the particularly conditioning intensity measure. Thus, 

all records in the prospective databased are scaled to match the value of conditional intensity 

measure at the 𝑗th IM level of interest. The 𝑖th record in the prospective database, 𝑰𝑴𝑖, is inserted 

into the probability density function (PDF) of the GCIM target distribution, which is defined 

following the approach described in Chapter 3 with available disaggregation information (e.g., 

from an open-source seismic hazard analysis software), corresponding to the 𝑗th IM level, 

referred to as π𝑗. The resulting PDF value for the 𝑖th record at the 𝑗th IM level is denoted by 

𝑟𝑖,𝑗 = π𝑗(𝑰𝑴𝑖). This process is repeated for each record in the database at the 𝑗th IM level. The 

associated values are then sorted in descending order and the indices of the 𝑖th record at 𝑗th IM 

level (after sorting) is denoted as 𝑅𝑖,𝑗, i.e., the record with the highest PDF value at the IM level 

j, with have rank 1. The process related to dealing with all records in the database at 𝑗th IM level 

is subsequently repeated for all IM levels of interest in the target group (i.e., it can be one group 

for all targets of interest or one of several subgroups). The eventual results (i.e., 𝑟𝑖,𝑗 and 𝑅𝑖,𝑗) 
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for each record at all IM levels of interest are then combined in the manner of sorted PDF values 

(𝑃𝑉𝑝𝑟𝑜𝑏,𝑖) and the indices of sorted PDF values (𝑃𝑉𝑖𝑛𝑑,𝑖)  which are defined as in Equation (4.1) 

and (4.2), respectively.  

 

𝑃𝑉𝑝𝑟𝑜𝑏,𝑖 = ∏𝑊𝑗,𝑙𝑒𝑣𝑒𝑙 × 𝑟𝑖,𝑗
𝑗

 (4.1) 

 

𝑃𝑉𝑖𝑛𝑑,𝑖 = ∑
1

𝑊𝑗,𝑙𝑒𝑣𝑒𝑙
× 𝑅𝑖,𝑗

𝑗

 (4.2) 

 

𝑊𝑗,𝑙𝑒𝑣𝑒𝑙 is a weight factor for the 𝑗th considered IM level to reflect the assumed prior importance 

of this level. For the pre-determined values of weighted factors, the form of Equation (4.1) can 

be viewed as a likelihood function, provided that the PDF values of 𝑖th records at all IM levels 

can be assumed as a collection of random variables 𝑟𝑖,𝑗 with an independent and identically 

distribution. The size of the collection is equal to the number of IM levels of interest. Instead 

of in the classic maximum likelihood function, the values of parameters of distribution, which 

considered to be fixed, are evaluated through the use of the specific form of estimator, we 

merely use the sorted values for the likelihood function to identify the records which have more 

likelihood being observed for all target distributions of interest in a weighted sense. The 

distributions of causal parameters are changed along with the different IM levels. The 

associated target distributions are different, even significantly for some cases. Thus, a record 

with a high-level PDF values obtained from one target distribution may not be as the same high 

level when the other target distributions are considered. In this light, there is a possibility that 

the contribution of extremely small PDF value to the product of the individual likelihood are 

amplified. The adoption of the Equation (4.2) aims to reduce the influence of that amplification. 

However, ranking records following the indices of sorted PDF values manner may arises 

variations despite the overall scores for the indices of sorted PDF are the same. Therefore, two 

suites of records respectively selected on the basis of Equation (4.1) and Equation (4.2) should 

be compared with each other to identify the better suite of records. 

Due to unavailable approach being existed to determine the values of weights, the weights are 

chosen in a subjective manner by the analyst. For example, the collapse for a given model is 

particularly of interest, it perhaps needs to apply more weighting for high IM levels, if the 

mismatch of the selected record set to these IM levels are unacceptable.  𝑃𝑉𝑝𝑟𝑜𝑏,𝑖 and  𝑃𝑉𝑖𝑛𝑑,𝑖 
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are then ordered in a decreasing and increasing manner, respectively. As such, the first 𝑛𝐺𝑀 

with the largest values of 𝑃𝑉𝑝𝑟𝑜𝑏,𝑖 and with the smallest values of 𝑃𝑉𝑖𝑛𝑑,𝑖  are respectively 

selected. 

  

Step 2 

Following from the last step, two 𝑛𝐺𝑀 records sets are constructed. Given the features of such 

two different criteria on the basis of Equation (4.1) and Equation (4.2), the deviation check 

which is a measure of the goodness-of-fit for a selected record set is applied to each IM level 

of interest. To define the quality of the match to the target, the sample mean 𝑚𝐼𝑀𝑘
, sample 

standard deviation 𝑠𝐼𝑀𝑘
 and sample skewness 𝑔𝐼𝑀𝑘

associated with the kth intensity measure of 

interest are computed. The deviation check for 𝑗th IM level is subsequently defined according 

to Equation (4.3): 

 

𝐷𝑒𝑣𝑗 = 𝑤𝜇 ∑ 𝑤𝐼𝑀𝑘
(𝑚𝐼𝑀𝑘

− 𝜇𝐼𝑀𝑘 |𝐼𝑀𝑗
)2

𝑛−1

𝑘

+ 𝑤𝜎 ∑ 𝑤𝐼𝑀𝑘
(𝑠𝐼𝑀𝑘

− 𝜎𝐼𝑀𝑘 |𝐼𝑀𝑗
)2

𝑛−1

𝑘

 

+ 𝑤𝛾 ∑ 𝑤𝐼𝑀𝑘
(𝑔𝐼𝑀𝑘

)2

𝑛−1

𝑘

 

(4.3) 

 

Where k ∈ {1,… , n − 1} and n-1 is the number of IMs in the vector (excluding the conditioning 

IM). The size of n-1 vector used herein as all records in the database are initially scaled to have 

identical values at the conditioning intensity measure. Thus, the remaining intensity measures 

(excluding the conditioning IM) is only needed to be represented. The target third moment is 

assumed centered (for a symmetric distribution) so the associated content is vanished in the 

Equation (4.3). 𝑤𝐼𝑀𝑘
 is a normalized weighted factor associated with the kth intensity measure 

to reflect the prior importance of each intensity measure. For an ideal case, a set of records are 

selected for perfectly matching to all intensity measures of interest with equal weight factors. 

Then, there is no need for the explicitly application of weighted factors. However, due to 

different aspects of limitations, such as the number of a prospective database, the weighted 

factors are needed for ensuring the matching of the intensity measures which are considered 

important by the analyst. In this light, there is currently no approach to evaluate accurately for 

the weighted factors in a prior sense. The factors are always chosen in a subjective manner. For 

example, the large values of weight factors associated with the spectral periods in relation to 

the high nonlinearity and significant duration may be adopted, if the prediction of collapse is 
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of interest. The approach for identifying the values of weighted factors could be developed 

based on the sensitivity of intensity measures with respect to the structural response of interest. 

This can be studied in the future. The prior importance for the three moments (mean, variance 

and skewness) are reflected through the use of the weight factors 𝑤𝜇, 𝑤𝜎 and 𝑤𝛾 for the mean, 

standard deviation and skewness, respectively. These weight factors are currently established 

subjectively but should reflect how important each of these characteristics of the distribution 

are upon the response. The terms 𝜇𝐼𝑀𝑘 |𝐼𝑀𝑗
 and 𝜎𝐼𝑀𝑘 |𝐼𝑀𝑗

 are the target conditional mean and 

standard deviation given the value of the conditioning intensity measure at the 𝑗th IM level 

(𝐼𝑀𝑗), respectively. The conditional mean and standard deviation are derived from a target 

distribution with an assumption of multivariate normal distributed when the logarithmic 

intensity measures are accounted for. The target distribution can be constructed through the use 

of equations represented in Chapter 3 with the knowledge of disaggregation information. For 

the purpose of IDAGMS, which aims to select a set of records that closely match the various 

targets constructed for the IM levels of interest, the incorporation of the deviation check shown 

in Equation (4.3) needs to be made for all IM levels of interest. The measure of the goodness-

of-fit for the set of records for all such IM levels is defined as: 

 

𝐷𝑒𝑣𝑡𝑜𝑡𝑎𝑙 = ∑𝑊𝑗,𝑙𝑒𝑣𝑒𝑙 × 𝐷𝑒𝑣𝑗

𝑗

 (4.4) 

 

The record set with the smallest 𝐷𝑒𝑣𝑡𝑜𝑡𝑎𝑙 over the two sets of 𝑛𝐺𝑀 records from Step 1 is 

chosen, and this set of records should already have some reasonable degree of consistency in 

terms of first three moments with the target distributions of interest in the target group. As can 

be appreciated from the discussions shown in Step 1, the performance of selected sets from the 

two approaches (i.e., Equation (4.1) and Equation (4.2)) upon simultaneously matching to 

targets of interest is in relation to the given site. It would be necessary to compare the 

performance of two sets of records through the use of Equation (4.4) to reduce the impact of 

issues associated with each approach on the selection of records. 

Step 3 

The selected set obtained from Step 2 should have some degree of consistency in 

simultaneously matching the targets constructed for the IM levels of interest in the target group. 

This consistency can be attributed to the fact that two approaches to rank the records all aim to 

select records with the high PDF values for all target distributions of interest. The records with 
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the high PDF values not only allow for a relatively good match to mean, yet the selected records 

also have enough deviation away from mean. This ensures the set of records can be a good 

starting point for a greedy optimization. The greedy optimization adopted in the IDAGMS aims 

to explore the tail of target distributions through the use of more constrains upon metrics. 

Following from this way, the attributes of records with the lower PDF values can be covered. 

Thus, the greedy optimization is subsequently applied to sweep through the whole database for 

the IM levels in the target group, in order to achieve a simultaneous match to all target 

distributions constructed in that group. Every record in the selected set is replaced by 

unselected records in the database with the greatest reduction on 𝐷𝑒𝑣𝑡𝑜𝑡𝑎𝑙. The intent of greedy 

algorithm is to exploit a local optimum at each decision of replacement for the records in the 

selected set and, through making use of iterations, the global optimum or at least an 

approximation to the global optimum can be identified. The overall flowchart of IDAGMS is 

presented in Figure 4.1. In addition to the procedures of greedy adopted in the current 

IDAGMS, alternative procedures can be studied and applied in the future. The procedures are 

mainly focus on the posed problem in terms of the start point and step size. In the IDAGMS, 

the step size mentioned herein can be simply viewed as how many records in the selected set 

are determined to be replaced by unselected records in the greedy optimization. The procedures 

can be studied in relation to the start point and step size are presented in what follows. 

Regarding the start point, multiple start points (e.g., Bootstrapping) are chosen which are 

separately conducted by the repeated applications of constructive greedy algorithm. Following 

from this way, each conduction of algorithm identifies a locally-optimal record set and the 

record set being closer to global optimum is chosen. The step size is conceived as a way to 

evaluate the deviation metrics in terms of more than one alternative (e.g., more than one records 

in the set to be tested for the replacement (Baker & Lee, 2018)). It should be kept in mind that 

the computational expense for such alternative procedures become much more expensive, in 

comparison of current adoption of greedy optimization in the IDAGMS. This is a consequence 

of a fact that multiple start points are conducted through the use of greedy optimization and the 

different combinations of records in the set need to be considered for the replacements, rather 

than merely one start point and one record being tested for the replacement in the current greedy 

optimization within the IDAGMS. 
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Figure 4.1. The overall flowchart of IDAGMS. 

4.3 Generalized Conditional Intensity Measure (GCIM) target for 

the IDA 

Instead of implicitly accounting for characteristics related to energy content and duration by 

the use of spectral acceleration (Sa) at a wide range of periods, a GCIM target allows for 

explicitly accounting for these characteristics by the use of intensity measures other that Sa. 

The application of GCIM targets provides primarily three advantages for IDA which are 
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elaborated upon in what follows. First, as discussed in the literature review, a response of 

interest is a function of the related ground motion characteristics for some specific site (where 

the structure is located). Accounting for more ground motion characteristics increases the 

chance that the selected record set will implicitly represent other IMs that are not explicitly 

considered for the record selection. That is, the chances of achieving sufficiency is increased 

for an ensemble of records matching a GCIM target rather than a purely Sa based target. Note 

that this assumes that the response depends upon ground motion attributes that are not fully 

described through Sa. Secondly, accounting for more desirable characteristics (e.g., through 

explicitly involving different intensity measures) which the certain response is sensitive to from 

the specific site is able to subsequently provide a tighter distribution of the certain response 

given an IM level. This directly improves the efficiency of records used in IDA. Simply 

speaking, for example, we assume the certain response is a polynomial function of all desirable 

characteristics from the specific site. The more desirable characteristics (more complex 

function) are accounted for within the function (over-fitting is not considered here), the chance 

that the function fit better the data set of response increases. Third, for each IDA curve 

representing the collection of responses obtained from one selected record, which collectively 

represent the distributions of certain response along with different IM levels of interest, this 

record is successively scaled and commonly until collapse is observed. Thus, the legitimacy of 

applying large scale factors to the records within IDA requires more focuses. The use of GCIM 

targets for the record selection limits the chances of requiring large scale factors. This is a 

consequence of the fact that linear scaling of accelerograms doesn’t lead to linear scaling of all 

types of intensity measure. Therefore, while one can match a target response spectrum by using 

a large scale factor, it is unlikely that the same scaled record would also match target levels of 

other IMs that have a nonlinear relationship with the applied scale factor Bradley (2012c). Due 

to the theoretical consistency of conditional target, all selected records are scaled to be exactly 

matched to the conditioning intensity measure. Thus, for pre-defined IM levels within the 

IDAGMS, the values used for scaling the records in the prospective database between those 

IM levels are also pre-defined. Therefore, regarding the target distribution conducted for each 

IM level of interest, the selected records with limited chances of requiring large scale factors 

are desired. In this light, a relatively small scale factor probably is imposed on a record from 

itself (i.e., scale factor of 1) to the highest IM level of interest.  As the elaborations shown 

above, therefore, implementing a GCIM target provides more benefits in terms of increasing 

chance of sufficiency achievement, improving efficiency and slightly relaxing the scale factor 

legitimacy. Taking these advantages of GCIM target, the aims for identifying an intensity 
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measure or intensity measures vector in light of efficiency, sufficiency and scale legitimacy in 

IDA has been shifted more toward to select an ensemble of records with close match to multiple 

problem specific GCIM targets. 

Spectral matching commonly means the method to select records on the basis of shape 

compliance between the response and target spectra. Spectral shape for the CS in this chapter 

refers to the shape of target spectrum in terms of conditional mean and conditional standard 

deviation, which directly define the target distribution. The CS target is generalized to account 

for intensity measures other than the spectral accelerations and coined as the GCIM. The CS 

target and generalized CS target (GCIM) are exactly the same except accounting for different 

intensity measures. Thus, the spectral matching used in this chapter means the method to select 

records on the basis of shape compliance between records and target is generalized to account 

for the values of arbitrary intensity measures. Spectral shape definition and selection criteria 

for response spectra are also generalized for arbitrary intensity measure and still be used when 

the target of GCIM is considered. Because spectral matching is used for indicating the extent 

to which a set of selected ground motions has a close match to a target on the basis of a spectral 

shape criteria definition, it is prudent to make some observations of how the target spectral 

shape typically changes among different IM levels. To do this, a site located at Palo Alto 

California is chosen. The seismic hazard properties change along with the increasing IM level 

are significant. The PSHA is conducted for this site using Sa(1.0s) as the intensity measure. 

The hazard analysis is performed using the open-source software OpenSHA (2003).  

Seven IM levels corresponding to the probabilities of exceedance of 80%, 50%, 20%, 10%, 

5%, 2% and 1% in a 30 years time period are considered. For an illustrative purpose, the 

associated disaggregation results with exceedance probabilities of 50% and 2% in 30 years are 

shown in Figure 4.2, where each triplet bar represents the contribution of each scenario to the 

exceedance of the target value of Sa(1.0s). Comparison of Figure 4.2 (a) and (b) reveals that 

the distribution of disaggregation triplets significantly varies with two different IM levels. As 

the exceedance probability reduces, the scenarios with the magnitude of 7.5 to 8 and distance 

of around 20km contribute more significantly. As plotted in Figure 4.2, seismic hazard 

properties change significantly as the IM level changes. Figure 4.3 shows a plot in which the 

mean magnitude and distance are plotted with IM level at exceedance probabilities of interest. 

As can be appreciated from Figure 4.3, there is a greater difference existing in the mean 

disaggregation information among the different exceedance probability. 

For the construction of GCIM target at each of those IM levels of interest, the intensity 

measures of interest are chosen as the spectral accelerations at 16 different periods (0.1s, 0.15s, 
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0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 3.5s, 4.0s, 5.0s, 6.0s, 7.5s and 9.0s), cumulative 

absolute velocity (CAV) and 5-95% significant duration (Ds5-95%.). The response spectral 

ground-motion model of Campbell & Bozorgnia (2008)12 is chosen both for the hazard analysis 

as well as for defining the target spectral accelerations. The model of Bommer et al. (2009) is 

used to define the target levels of the 5-95% significant duration, while the model of Campbell 

& Bozorgnia (2010) is used for the CAV. Baker and Jayaram (2008) empirical correlation 

equation is for computing the correlation of spectral accelerations among different periods. The 

correlation between spectral accelerations and 5-95% significant duration and that between 

spectral accelerations and CAV are predicted by the model of Bradley (2011a) and Bradley 

(2012a), respectively. For the purposes of illustration, only values of intensity measures 

regarding spectral accelerations are shown in Figure 4.4, where the conditional mean spectra 

and conditional spectra at various IM levels are shown in panel (a) and (b), respectively. All 

the conditional spectra are exactly scaled to match to the value of Sa(1.0s) at 10% exceedance 

probability in 30 years. 

                                                 
12 The disaggregation information of the chosen site is not available on the open source software for a period when 

the IDAGMS is started to develop, if Campbell & Bozorgnia for NGA-West 2 model is chosen. The objective of 

the study in this chapter is to develop a ground motion selection method and in addition the NGA-West 1 database 

is used to assess the performance upon responses (The accelerograms of the NGA-West 2 database can be limited 

accessed). Campbell & Bozorgnia (2008) is accurate enough for the purpose. 
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(a) 

 

(b) 
Figure 4.2: Disaggregation for Sa(1.0s) with (a) 50% and (b) 2% probability of exceedance in 30 

years at Palo Alto California. 
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Figure 4.3: Mean disaggregation for magnitude and distance along with the values of Sa(1.0s) 

(shown as annotations on the figures) for IM levels of interest. From bottom to top, the values are 

respectively corresponding to exceedance probability of 80%, 50%, 20%, 10%, 5%, 2% and 1% 

in a 30 years time period 

 

As illustrated in Figure 4.4 (a) and (b), the spectral shapes become more peaked at the 

conditional period as the level of IM increases. This is primarily a consequence of increasing 

the value of epsilon at longer return periods. Apparently, it is unrealistic to identify a ground 

motion record to perfectly match to all conditional mean spectra simultaneously. However, it 

may be possible to find records that collectively represent the conditional variance as the low 

levels of IM for the longer return periods can correspond to the higher levels of IM for the 

shorter return periods. This can partly be appreciated from Figure 4.4 (b), provided that spectral 

match is applied to select records. Because spectral matching aims to select records with close 

shape compliance to the target shape and there is an overlapping existing in the Figure 4.4 (b), 

the record is selected for one IM level may also be used to match the other IM levels of interest. 

It should be noted that the changes arising on the conditional covariance matrices among 

different IM levels are much smaller in the comparison with the changes to the shapes of 

conditional mean spectra as the conditional covariance matrices are only mildly dependent (or 

independent) upon the causal parameters and IM levels. Whether or not there is any dependence 

at all depends upon the specific ground-motion models that are used. For example, in the 

spectral ground-motion model of Boore & Atkinson (2008), the prediction of variance is only 

a function of response period. However, more recent ground-motion models will include 

amplitude dependence, shear-wave velocity dependence and magnitude dependence in addition 
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to the period dependence. That said, the change in the covariance matrices remain relatively 

small in comparison with the mean IM target changes among IM levels. 

 

 

                 (a)                                  (b) 

Figure 4.4: Target spectra of (a) Conditional Mean Spectra conditioned on Sa(T = 1.0s) at multiple 

𝐼𝑀 levels of interest and (b) Normalized Conditional Spectra – normalized by the CS conditioned on 

Sa(T = 1.0s) at the 10% exceedance probability in 30 years 

 

Due to conditioning on the one intensity measure (i.e., Sa(1.0s)), there is no variability at this 

point, while variability tends to become larger as the period of spectral acceleration moves 

away from the conditioning period. This is due to the very well-known fact that inter-period 

correlations among response spectral ordinates tend to decrease as the period separation 

increases (with an exception for correlations with very short period ordinates). It is clear that 

the spectral shapes of the conditional mean targets vary more significantly at short periods than 

at longer response periods. This is due to the fact that response spectral shape is more sensitive 

to changes in the magnitude and distance at these shorter periods than at longer periods. As the 

magnitude-distance scenarios change among the IM levels, this is translated into differences in 

the CMS at the short periods more so than at the longer periods.  

It should be kept in mind that the application of amplitude scale factors does not change the 

shape of spectra. Therefore, for a set of ground motion records with a spectral shape closely 

matching to a GCIM target at one 𝐼𝑀 level, the extent to which it matches to a GCIM target at 

another 𝐼𝑀 level depends upon the factor described in what follows. The factor is how the 

spectral shape properties of a GCIM target mean spectrum change along with different IM 

levels of interest, as the changes among the IM levels are much smaller for the conditional 
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variance. The smaller the changes arising among the different IM levels, the easier it is to 

identify a set of records that simultaneously matches the targets for those IM levels. For 

example, for the site considered (and in general when the conditioning period is beyond the 

peaked part of the response spectrum), the identification of a set of records matching 

simultaneously to multiple targets over the spectral period range above the conditional period 

is achieved more easily than for the shorter spectral periods. This can be seen from Figure 4.4 

(b) where the overlap in normalized CS is far greater for the longer periods than the shorter 

periods. The spectral shape of GCIM (or CS) target are determined both by the causal 

parameters of a given site and correlation between different intensity measures of interest and 

the conditioning intensity measure. This can be appreciated from the equation used for the 

construction of the GCIM target (e.g., Equation (3.1) and (3.4)). Therefore, the spectral shape 

of GCIM targets among different IM levels of interest are directly considered in the IDAGMS. 

Unlike the statement made for the Markov-Chain Monte Carlo Ground Motion Selection 

(MCMCGMS) method 2 that the method is able to provide a suite of records with an almost 

perfect match to a target, we merely state that the IDAGMS is able to provide a set of records 

matching to the given multiple targets as closely as possible in an ‘average’ sense. One 

assertion that can be made, however, is that the chances of identifying of a set of records that 

matches to all targets is smaller than that for matching to a subgroup of adjacent targets which 

are a subset of the full set of IM levels. The likelihood of observing significant changes in 

spectral shape in these circumstances is much lower. Therefore, when it is unlikely to identify 

a set of records for all targets simultaneously, it is prudent to apply the IDAGMS for selecting 

a set of records to match to the subgroup consisting of a sequence of adjacent adaptive targets 

and all desired subgroups collectively represents all targets of interest. 

4.4 Division of targets into subgroups 

In some cases, it is possible to identify a single set of records that provides a good match to all 

targets of interest through the use of the IDAGMS. This means the changes of ground motion 

properties along with all those IM levels can be accounted for by using that set of records and 

the set of records are subsequently uniformly applied across all targets (i.e., all IM levels of 

interest). However, when the underlying targets at various IM levels change significantly then 

it is far harder to identify a single set of records with a sufficiently accurate match to these 

targets. In this case, the proposal is to subdivide the overall set of IM levels into groups and the 

different record sets are separately selected to match these groups. The changes of ground 
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motion properties along with the targets within each subgroup are able to be accounted for by 

the corresponding selected record set. Following from this approach, the adjacent targets with 

similar spectral shape properties are combined to one subgroup (if the changes of the spectral 

shape properties for all targets of interest are within a tolerance, there will be only one 

subgroup). It should be noted that the continuity of IDA curves within each subgroup is merely 

preserved and the full continuity of IDA curves over all IM levels of interest are vanished due 

to the utilization of subgroups. The greater number of subgroups that are applied, the more the 

approach tends towards a traditional multiple-stripe analysis. In that case, the results of the 

IDAGMS approach becomes equivalent to running MCMCGMS method 2 on each IM level. 

Therefore, when generating the target subgroups, a balance between the number of subgroups 

and the continuity of IDA should be considered. This continuity allows for responses obtained 

from one single record scaled to different IM levels being connected with each other to reflect 

the changes of responses along with different IM levels due to one single record. The records 

selected for two adjacent subgroups are utilized for estimating the distribution of response at 

IM levels between those two subgroups for which no record selection is conducted, if such IM 

levels are of interest. The IM levels do not locate in either of two adjacent subgroups and the 

range over these IM levels are referred to as ‘blank’ range hereafter. Note that these ‘blank’ 

ranges could be avoided by having a common IM level within adjacent groups. However, if a 

significant change in the target occurs for these end cases then including these levels can 

compromise the performance of the selected records at other levels. 

For the purpose of dividing all targets into the subgroups, we discuss two ways that this can be 

done. In the first method, each subgroup is identified based upon a totally subjective manner 

or the definition of certain tolerance criteria established by the analyst. The tolerance criteria 

aim to measure the difference among the GCIM targets in terms of mean and variance for 

different IM levels of interest and can be done in different ways chosen by the analyst. One 

simple example is shown in what follows for giving some indications. A cumulative sequential 

sum of root mean square error (RMSE) can be used. The GCIM target mean for the upper end 

or lower end of IM levels is firstly chosen. The adjacent target mean is subsequently scaled to 

the first chosen IM level and the RMSE is computed. When the value of RMSE is beyond the 

tolerance set by the analyst, the last insert target mean can be treated as the first seed in the 

next subgroup. The process is repeated until all targets are divided into subgroups. Then, the 

RMSE value of each subgroup can be combined in a (may be weighted) linear sense to build 

an objective function. The final division of the targets can be made on the basis of the 
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optimization of the objective function. The direction of the optimization is based upon the 

user’s desire. 

In the second approach, causal parameters can be represented by a function of the IM of interest 

and the second partial derivative is subsequently conducted for each function. Weight factors 

can be associated with the causal parameters of interest to reflect the importance of each variate. 

A root square deviation is built from the sum of squared second derivatives of magnitude, 

epsilon and distance with respect to the IM of interest. Mathematically, this is represented by 

Equation (4.5). 

𝑅𝑆𝐷 = √𝑤𝑀(
𝑑2𝑀

𝑑𝐼𝑀2
)2 + 𝑤𝜀(

𝑑2𝜀

𝑑𝐼𝑀2
)2 + 𝑤𝐷(

𝑑2𝐷

𝑑𝐼𝑀2
)2 (4.5) 

The subdivision of the IM level range into sub-groups can then be made by identifying the 

locations where the first few highest 𝑅𝑆𝐷 values arise. What this is really saying is that we 

identify significant deviations in the relationship between the IM and the causative parameters 

and assume that these correspond to significant changes in the shape of the targets. This way 

becomes inapplicable in practice when the values of 𝑅𝑆𝐷 are a monotonic function of IM of 

interest, because, in this case, the highest values must arise at the end of IM levels. Let us 

consider an example in order to obtain an insight here, if there are 8 IM levels and the first two 

highest 𝑅𝑆𝐷 values arise at the 3th and 6th levels, three subgroups are subsequently generated. 

The three subgroups are respectively built for the first three, the fourth to the sixth and the last 

two IM levels. If the 𝑅𝑆𝐷 values are increasing monotonically with 𝐼𝑀 levels, the 7th and 8th 

IM levels are with the first two highest 𝑅𝑆𝐷 values. In this case, the use of the automated RSD 

approach does not work well as we would not advocate breaking all of the targets into two 

subgroups with one IM level each and a further group with the remaining six IM levels. In such 

a case, there is always the option to adopt the first approach to generate subgroups in a 

subjective manner.   

For an illustrative purpose, the chosen site and seven IM levels corresponding to probabilities 

of exceedance of 80%, 50%, 20%, 10%, 5%, 2% and 1% in a 30 years time period are 

reconsidered here to compute the RSD by the use of Equation (4.5). The weight factors are 

equally applied for magnitude, distance and epsilon. The RSD along with the target values of 

Sa(1.0s) for different IM levels are shown in Figure 4.5. It appears that the RSD is a monotonic 

function of different IM levels. In this case, a subjective manner is used for partition the IM 

levels 
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Figure 4.5: The changes of RSD along with the target values of Sa(1.0s) for different IM levels. 

The annotations show on the figure are exceedance probabilities corresponding to the IM levels 

of interest 

 

 

Figure 4.6: Two IDA curves obtained from two subgroups (as indicated in the figure Sub1 and 

Sub2 respectively). IDAGMS is conducted for each subgroup and the records from different 

subgroup are unlikely be the same. Within the blank range, there is no record selection conducted 

for the blank range. 

 

When the subgroups can be identified, there will be a ‘blank’ range of IM levels within which 

the IM levels do not involve in any of the adjacent subgroups. The performance of record sets 
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from the two adjacent subgroups upon matching to the targets constructed for the ‘blank’ range 

is deteriorated. An illustrative example of ‘blank’ range for two subgroups with one record 

selected for each can be seen in Figure 4.6.  

It should be kept in mind if an IM level considers of importance, it should never be left in the 

‘blank’ range. For the IM levels within the ‘blank’ range, in practise, there is no (strong) point 

to run analyses. As a study in this chapter, a simple and subjective way to fit the ‘blank’ range 

is described in what follows. Because the chances of similarity existing between spectral shape 

properties for two targets increases as the IM levels for these two targets move closer to each 

other, it is possible to fit the ‘blank’ range with the contributions from the two adjacent 

subgroups. That is, the part of the targets of IM levels in the ‘blank’ range can be matched by 

the use of the record set in one adjacent subgroup and the record set for matching the remaining 

part of the targets are from another adjacent subgroup. There is currently no criterion to decide 

which IM levels should be matched by which adjacent subgroup, so it has to be done in a 

subjective manner. For example, the IM levels leave in the ‘blank’ range are at exceedance 

probability of 25%, 30% and 35% in 30 years. In a subjective manner, the IM levels at first 

two exceedance probability can be covered through the use of records selected for the IM level 

at 20% exceedance probability (involving in one subgroup) while the records selected for 40% 

exceedance probability (involving in another subgroup) can be used to match the remaining 

IM level (i.e., 35% exceedance probability in 30 years). Due to progressive changes arise in 

shape properties among the IM levels, we assume the selected records can be used to match to 

any IM levels within the corresponding range, if the performance of records upon matching to 

the IM level at the edge of range is acceptable. In the example described above, the records 

selected for 20% exceedance probability are used for any IM levels lying within the range of 

30% and 20% exceedance probability, if the performance of those records matching to the 

target at 30% exceedance probability is acceptable (the performance for 20% exceedance 

probability is assumed to be acceptable because the record selection is conducted.). It should 

be always kept in mind that there is no necessary to running a time history analysis for the IM 

levels which are believed no importance. 

4.5 MCMCGMS method 2 with an aggregate target 

The IDAGMS is able to provide a set of records that simultaneously matches to multiple targets 

in an ‘average’ sense. This is a consequence of the fact that the spectral shape match (see the 

elaboration in Section 4.3) technique is utilized for the multiple targets with different spectral 
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shape properties. The extent to which this approach is accurate is problem-specific and depends 

upon how much the properties of the target distribution change among the IM levels of interest. 

Loosely speaking, the IDAGMS can be thought of as selecting records to match to a target 

constructed by multiple targets in an ‘average’ sense. Thus, it is prudent to introduce an 

'aggregate target’ where all individual targets in a group are aggregated to construct one target 

and the weights applied to the various IM levels define how these targets are blended together. 

The MCMCGMS method 2 is able to apply to select records to match that aggregate target. As 

discussions in the study of Bradley (2010), the GCIM target has a multivariate normal 

distribution, when the natural logarithm of intensity measures are considered.  We assume the 

GCIM targets for all IM levels of interest are independent, the aggregate target can be assumed 

distributed following a multivariate normal distribution, when the natural logarithm of intensity 

measures are considered. The procedure for parameterizing the distribution of the aggregate 

target is outlined in the following. 

Regarding each IM level in a target group, the GCIM target mean spectrum given intensity 

measure of 𝐼𝑀𝑗 is expressed as: 

 

𝜇ln 𝐼𝑀𝑖| ln 𝐼𝑀𝑗
= 𝜇ln 𝐼𝑀𝑖|𝑟𝑢𝑝 + 𝜌ln 𝐼𝑀𝑖,ln 𝐼𝑀𝑗

𝜀ln 𝐼𝑀𝑗|𝑟𝑢𝑝𝜎ln 𝐼𝑀𝑖|𝑟𝑢𝑝  (4.6) 

 

Where 𝜌ln 𝐼𝑀𝑖,ln 𝐼𝑀𝑗
 represents the correlation between 𝜀𝑙𝑛 𝐼𝑀𝑖|𝑟𝑢𝑝 and 𝜀𝑙𝑛 𝐼𝑀𝑗|𝑟𝑢𝑝. The terms 

𝜇ln 𝐼𝑀𝑖|𝑟𝑢𝑝 and 𝜎ln 𝐼𝑀𝑖|𝑟𝑢𝑝are the marginal mean and standard deviation of the logarithmic 

intensity measure 𝑖 obtained from a chosen GMPE for a specific rupture, 𝑟𝑢𝑝. 𝑟𝑢𝑝 represents 

the mean value of causal parameters for a given site. This simplification is made for 

approximately representing the true distribution of causal parameters. The target mean spectra 

in the group are scaled to exactly match to the conditional intensity measure of a specific target 

mean spectrum in that group. The resultant target mean spectrum for each 𝐼𝑀 level of interest 

in the group are aggregated with a normalized weighted factor 𝜔𝑗 =
𝑊𝑗,𝑙𝑒𝑣𝑒𝑙

∑ 𝑊𝑗,𝑙𝑒𝑣𝑒𝑙𝑗
 where 𝑊𝑗,𝑙𝑒𝑣𝑒𝑙 is 

weight factor used in Equation (4.1): 

 

𝜇ln 𝐼𝑀𝑖| ln 𝐼𝑀𝑗,𝑎𝑔 = ∑𝜔𝑗𝜇ln 𝐼𝑀𝑖| ln 𝐼𝑀𝑗
 

𝑛

𝑗=1

 (4.7) 
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where 𝑛 is the number of individual targets in the group for the aggregation. The aggregated 

covariance matrix can be generated following the same way shown in the Equation (4.7). That 

is, the GCIM target mean used in the equation is replaced with the GCIM target covariance 

(the detail calculation refers to Chapter 3) and the aggregated target covariance matrix is 

subsequently obtained. As stated in Section 4.3, the changes arising on the conditional 

covariance matrices among the different IM levels are much smaller in the comparison with 

the changes to the shapes of conditional mean spectra. Therefore, one of the conditional 

covariance matrixes for the IM levels in the group can be defined as the covariance matrix for 

the aggregate target. The two approaches for obtaining the covariance matrix of aggregated 

target are able to provide quite similar results for the ground motion selection. Using one 

conditional covariance matrix as a representative for the aggregated target covariance matrix 

is easier to be adopted in some circumstances. For example, some conditional covariance 

matrixes of interest are not positive definite. In this light, the method (refers to Chapter 3) needs 

to be applied to the underlying correlation matrix to make minor adjustments, if the covariance 

matrix of aggregated target is obtained following the way of Equation (4.7). In case where the 

aggregated targets are applied in the study of this chapter, two approaches are both conducted 

and the results for the record selection are quite similar. Thus, the results for using the 

conditional covariance matrix at one IM level to represent the aggregate target covariance 

matrix are merely shown. The covariance matrix for the IM level that the other target mean 

spectra in the group are scaled to is chosen as the covariance matrix for the aggregate target in 

this chapter.  

Regarding the IDAGMS for multiple targets and the MCMCGMS method 2 for an aggregated 

target representing such multiple targets, both of these two methods are able to be applied to 

the cases where a set of records needs to be selected to match to the targets for a range of IM 

levels of interest. That is, a range of IM levels of interest need to be identified instead of 

choosing specific IM levels of interest and the record set obtained can be applied over this range 

of IM levels. The aggregate approach is therefore similar to a multiple-stripe analysis, but 

where a band of IM levels are used rather than one single IM level. Conceptually, these two 

methods are able to provide two sets of records with a similarly good match to multiple targets 

of interest in terms of an overall performance, at least their performances are not drastically 

different from each other. As noted earlier, the algorithm, which can be used for other 

applications but that is named IDAGMS in this chapter, aims to select records to match multiple 

targets simultaneously. It is worth noting that multiple targets used herein refers to targets 
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which are not necessary in the same class. Target distributions in the same class used here 

means that the targets can be combined in a linear weighted way, as shown in the Equation 

(4.7). Provided that the procedure of Step 1 and Step 2 are able to provide a good start point 

for the greedy optimization, the targets used in the IDAGMS do not have to be the same class. 

One example of the class of target distribution is shown herein. For a desirable exceedance 

probability, there are two spectral period needs to be considered (e.g., a fundamental period 

and a period for high nonlinearity). Two target distributions conditioning on those two different 

spectral periods can be constructed separately and the IDAGMS can be used to select records 

to account for both two targets simultaneously. However, the aggregated target can not be built 

in this case (the two target distributions are not in the same class).  

4.6 Demonstration of the performance of IDAGMS 

To demonstrate the performance of IDAGMS for the different types of targets groups, its 

implementations for three example cases are presented in this section. These three cases 

compare the performance of IDAGMS upon selecting the records for the two types of targets 

group. One type of targets group is one group involving all targets of interest and another type 

refers to the subgroups collectively representing all those targets. As the spectral shape 

properties of targets play key roles on determining the performance of IDAGMS, different 

conditional spectral periods are considered for the targets of interest. In the context of target 

scenarios, the chosen location in Palo Alto California is reconsidered to conduct the PSHA for 

the different conditional spectral periods. The intensity measures corresponding to seven 

exceedance probabilities of 80%, 50%, 20%, 10%, 5%, 2%, and 1% in 30 years are chosen as 

the IM levels of interest. This section aims to provide the performance of IDAGMS in relation 

to the different type of targets groups, the seven exceedance probabilities are enough to reflect 

the difference existing in the performance in relation to those two types of targets and the 

division is easy to be made for the subgroups, given the approaches used for the division of 

targets into the subgroups are still needed to be further studied and the division of targets 

currently are in subjective manner. Spectral accelerations at 16 vibration periods (0.1s, 0.15s, 

0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 3.5s, 4.0s, 5.0s, 6.0s, 7.5s and 9.0s) and 5-95% 

significant duration are chosen as the intensity measures of interest. The chosen 16 vibration 

periods are relatively enough to provide the full shape properties over the spectral 

accelerations. Spectral accelerations at three different periods of 0.3s, 1.0s and 3.0s are used as 

the conditional intensity measures. The ground-motion model of Campbell & Bozorgnia  
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(2008) is used for the spectral acceleration and the Bommer et al. (2009) model is used for the 

5-95% significant duration, when constructing the target distribution for each IM level of 

interest. The empirical correlation equations shown in Section 4.3 are reused here. The 

disaggregation information associated with 50% and 2% exceedance probabilities for Sa(0.3s) 

and Sa(3.0s) are shown in Figure 4.7 and Figure 4.8, respectively. Again, the figures indicate 

that the distribution of magnitude, distance and epsilon changes significantly with different IM 

levels. The incorporation of Figure 4.2 with Figure 4.7 and Figure 4.8  suggests that the 

distribution of scenarios become dominated by a single scenario as the conditioning period 

increases. As in the previous chapter, the database of Stafford & Bommer (2009), representing 

a subset of the PEER NGA-West database, is utilized in this chapter. Two types of targets 

groups are considered. The first includes all IM levels within a single target group (referred to 

as Group A herein). For the second case, all IM levels are divided into three subgroups (referred 

to collectively as Group B). The numbers of IM levels in each subgroup follows a sequence of 

2, 3 and 2 (i.e., the first two adjacent targets for 80% and 50% exceedance probability in 30 

years are inserted into the first subgroup). The way to partition subgroups is therefore 

determined in a subjective manner, given the approaches for the division of targets are still 

needed to be further studied (see the contents in Section 4.4). For both types of targets groups, 

30 records are selected for each group (i.e., 30 records for all IM levels in the Group A and 30 

records for each subgroup in the Group B). It should be noted that the Group A and Group B 

are used different targets (all targets for the Group A while three subgroups of targets for the 

Group B) to select records. It is expected that the performance of IDAGMS on the Group B are 

better than that on the Group A, due to less changes among the spectral shape properties of 

GCIM targets in a subgroup. Thus, the tests only aim to provide illustrations on the 

performance of IDAGMS in relation to the different type of targets group. For the intensity 

measures, no explicitly weight factors are applied. This means that the weight factors of 

𝑤𝐼𝑀𝑘
= 𝑛𝑆𝑎/𝑛𝑖𝑚 to spectral accelerations and 𝑤𝐼𝑀𝑘

= 1/𝑛𝑖𝑚 to 5-95% significant duration are 

implicitly assigned. 𝑛𝑆𝑎 is the number of spectral accelerations of interest and 𝑛𝑖𝑚 is the 

number of total intensity measure of interest. The weighted factor of one is assigned equally to 

each 𝐼𝑀 level of interest. This means that each 𝐼𝑀 level is treated equally in the record selection 

procedure. In all example cases, the loop for the implementation of greedy optimization is set 

as 2 (i.e., two sweeps through the whole database for the IM levels of interest in the target 

group).  
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(a) (b) 
Figure 4.7: Disaggregation for Sa(0.3s) with (a) 50% and (b) 2% probability of exceedance in 30 

years at the chosen site. 

 

  

(a) (b) 
Figure 4.8: Disaggregation for Sa(3.0s) with (a) 50% and (b) 2% probability of exceedance in 30 

years at the chosen site. 
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Figure 4.9: Comparison of agreement between the target conditional mean and mean of selected 

record sets obtained from the IDAGMS for two different types of targets (a) all targets in one group 

(c) all targets in three subgroups. Comparison of agreement between the target conditional standard 

deviation and standard deviation of selected record sets obtained from the IDAGMS for two different 

types of targets (b) all targets in one group (d) all targets in three subgroups. The conditional period 

is 0.3 sec. GroupB_Sub1, GroupB_Sub2 and GroupB_Sub3 respectively refers to three subgroups. 
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Figure 4.10: Comparison of agreement between the target conditional mean and mean of selected 

record sets obtained from the IDAGMS for two different types of targets (a) all targets in one group 

(c) all targets in three subgroups. Comparison of agreement between the target conditional standard 

deviation and standard deviation of selected record sets obtained from the IDAGMS for two different 

types of targets (b) all targets in one group (d) all targets in three subgroups. The conditional period 

is 1.0 sec. GroupB_Sub1, GroupB_Sub2 and GroupB_Sub3 respectively refers to three subgroups. 
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Figure 4.11: Comparison of agreement between the target conditional mean and mean of selected 

record sets obtained from the IDAGMS for two different types of targets (a) all targets in one group 

(c) all targets in three subgroups. Comparison of agreement between the target conditional standard 

deviation and standard deviation of selected record sets obtained from the IDAGMS for two different 

types of targets (b) all targets in one group (d) all targets in three subgroups. The conditional period 

is 3.0 sec. GroupB_Sub1, GroupB_Sub2 and GroupB_Sub3 respectively refers to three subgroups. 

 

Panel (a) and panel (c) in Figure 4.9, Figure 4.10 and Figure 4.11 present the comparison of 

the agreement between the target conditional mean and mean of the selected record set obtained 
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from making the use of the IDAGMS for the two types of targets groups at variety of 

conditional periods. Meanwhile, the comparisons of the match to the conditional standard 

deviation are detailed in the panel (b) and panel (d) in each figure. As shown in the panel (a) 

and panel (c) in each figure, the shape of spectral ordinates for periods longer than the 

conditioning period vary much less across IM levels, in comparison with the short period 

ordinates. This is not so apparent in the first case shown (i.e., the conditional period of 0.3s), 

but it clearer for the longer conditioning periods.  

It can be noted that the performance of IDAGMS when using a single target group for all IM 

levels deteriorates as the conditioning periods increase through Figure 4.9, Figure 4.10 to 

Figure 4.11, where almost perfect matching for all IM levels is observed for the case where the 

conditional period is 0.3s. The conditional standard deviation (or conditional variance) and the 

skewness (although the results were not shown here) are able to be relatively good matched 

through the use of the IDAGMS. The close match to the conditional standard deviation is 

mainly due to its mild dependence upon the causal parameters (for the ground-motion models 

used here). As can be observed from the performance of the record set obtained from the Group 

A among all different IM levels in one panel of figure , e.g., panel (a) of Figure 4.11, the best 

performance arises at the middle IM level, as expected, because an explicit equal weighting 

was imposed on all IM levels, the IDAGMS aims to identify a set of records matching to all 

targets in an ‘average’ manner. Placing stronger weights upon the first two upper IM levels 

(the weighting for the two upper IM are equal and three times larger than other IM levels), the 

match obtained from the IDAGMS for the first type target group (all targets in one group) 

accounting for the conditional period of 3.0sec are shown in Figure 4.12. 
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Figure 4.12: The match of mean (panel (a)) and standard deviation (panel (b)) obtained from 

IDAGMS for the first type target group (all targets in one group) accounting for the conditional period 

of 3.0sec, when more weighting applied to the first two upper IM levels. The weight factors applied 

to the two upper IM levels are equal and three times larger than those applied to other IM levels. The 

weight factors for other IM levels are equal. 

 

In comparison of  Figure 4.12 and the panel (a) of Figure 4.11, it can be obtained that the match 

of upper IM levels improves. The best performance arising in the third highest IM level instead 

of being at the middle IM level when the equal weighting is considered to all IM levels of 

interest. As can be appreciated from Figure 4.9 to Figure 4.11, applying the IDAGMS for the 

subgroups outperforms in all cases compared with the adoption of a single target group (Group 

A) and the resultant record sets have very good match to the corresponding targets. As stated 

before, the chances of identifying a set of records that matches to the multiple targets is smaller 

than that to the subgroup of adjacent multiple targets, because it is likely that the adjacent 

targets share more similar spectral shape properties. With respect to the panel (c) in Figure 

4.11, more care should probably be taken with respect to the match for the Ds5-95%. To 

achieve this, the greater weight can be imposed on the Ds5-95% as this intensity measure 

currently receives the same weight as each spectral ordinate of 1/𝑛𝑖𝑚.  As an illustrative 

example, the weight factor imposed on the Ds5-95% is set as 0.4 and that on all spectral 

accelerations is 0.6. The match of mean and standard deviation obtained from the IDAGMS 

for the second type target group (three subgroups are applied) accounting for the conditional 

period of 3.0sec are shown in Figure 4.13. The improvement arising on the match of Ds5-95% 
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to the target value can be apparently viewed, in comparison of the panel (c) and panel (d) in 

Figure 4.11. The computational expense for the IDAGMS is taken approximately 2.5 mins to 

obtain a set of 30 records for the seven IM levels of interest. 

 

Figure 4.13: The match of mean (panel (a)) and standard deviation (panel (b)) obtained from 

IDAGMS for the second type target group (three subgroups are applied) accounting for the 

conditional period of 3.0sec, when more weighting applied to 5-95% significant duration. The weight 

factors applied to each of considered spectral acceleration is equal to 0.6/16, while that for 5-95% 

significant duration is 0.4. 

4.7 Performance of different record selection approaches 

As described earlier, the IDAGMS selects a set of records that represents multiple IM targets 

in some ‘average’ manner. It is of interest to compare the approaches of IDAGMS for the 

different types of target groups with the MCMCGMS method 2 for the aggregate targets 

described in Section 4.5. The site described in the last section again considered with the same 

intensity measure vector as well as the same three conditioning periods. The seven desired 

exceedance probability are still implemented in this section. The target number of selected 

records are still chosen as 30. 30 records are selected for each subgroup or one group for all IM 

levels of interest (i.e., the 30 response history analyses will be used for each IM level of 

interest). 30 records are relatively enough to represent the target distribution and feasible to 

perform multiple analyses.  In addition to the application of 16 vibration periods and 5-95% 

significant duration, periods ranging from 0.3𝑇1 to 3.0𝑇1 are introduced to each conditioning 

period of interest. This range is chosen to cover the period range often representing the high 
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mode effects and high nonlinear of a given structure. All of the considered period combinations 

are shown in Table 4.1. 

Table 4.1: Periods combinations used in this section 

 

Conditional period Combination of periods 

0.3s 0.1s, 0.15s, 0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 

3.5s, 4.0s, 5.0s, 6.0s, 7.5s, 9.0s 

1.0s 0.1s, 0.15s, 0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 

3.5s, 4.0s, 5.0s, 6.0s, 7.5s, 9.0s 

3.0s 0.1s, 0.15s, 0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 

3.5s, 4.0s, 5.0s, 6.0s, 7.5s, 9.0s 

0.3s 0.1s, 0.15s, 0.2s, 0.25s, 0.35s, 0.4s, 0.5s, 0.6s, 0.7s, 0.8s, 

0.9s 

1.0s 0.3s, 0.5s, 0.7s, 0.9s, 1.2s, 1.5s, 1.7s, 2.0s, 2.5s, 3.0s 

3.0s 0.9s, 1.5s, 2.0s, 2.5s, 3.5s, 4.0s, 4.5s, 5.0s, 5.5s, 6.0s, 7.0s, 

8.0s, 9.0s 

 

Records are linearly scaled and subsequently selected for matching to different types of targets 

outlined in Table 4.2 by the application of the record selection algorithms shown in the last 

column of Table 4.2. Group A aims to select a set of records to simultaneously match the targets 

for all chosen IM levels. For Group B, the targets for the chosen IM levels are divided on the 

basis of the first approach described in Section 4.4 (a subjective definition in the same manner 

as the previous section) and the IDAGMS is subsequently conducted to select a set of records 

for the respective subgroups. Group C consists of record sets obtained from the use of the 

MCMCGMS method 2 and each set matches perfectly to the respective target aggregated 

within each subgroup used in the Group B. For the incorporation of all aggregated targets 

constructed for each subgroup, the IDAGMS is adopted to select a set of records in Group D 

when treating the aggregated subgroups as though they were individual IM levels. In addition 

to a set of records for matching all aggregated targets, the MCMCGMS method 2 is applied to 

select a set of records matching to a target defined by aggregating all targets of interest. All 

groups that are to be tested are listed in Table 4.2. 
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Table 4.2: Different targets constructed in this section and the corresponding 

utilization of selection algorithm 

 

Group Target for selection Algorithm  

A Simultaneous considerations for all 𝐼𝑀 levels of interest IDAGMS 

B Subgroups built by the divide of all 𝐼𝑀 levels of interest IDAGMS 

C Aggregation target built for each subgroup  MCMCGMS 

method 2 

D Simultaneous considerations for all aggregation targets built 

for each respective subgroup  

IDAGMS 

E Aggregation target built for all 𝐼𝑀 levels of interest MCMCGMS 

method 2 

Abbreviations: IM, intensity measure; IDAGMS, Incremental Dynamic 

Analysis Ground Motion Selection; MCMCGMS, Markov-Chain Monte 

Carlo Ground Motion Selection. 

 

Regarding the aggregation of targets in a target group, the targets used for aggregating are 

scaled to exactly match to the conditional intensity measure of the first conditional mean 

spectrum which is the target corresponding to the maximum exceedance probability for the 

selected IM levels of interest in that target group. Additionally, the associated covariance 

matrix is chosen as the target covariance matrix for the record selection. For example, the 

targets for 80%, 50% and 20% exceedance probability in 30 years are selected as a subgroup, 

the value of conditional intensity measure corresponding to 80% exceedance probability is the 

value that the other two targets are scaled to and its associated conditional covariance matrix 

is used for the aggregated target. The chosen conditional target mean which other targets in the 

groups are scaled to can be at any exceedance probability in the group, as the scale does not 

change the shape properties. In the study shown in this section, the chosen way is able to make 

a consistency for a subgroup with an even number of targets. For example, a central value for 

each subgroup is used. It is easier to identify the central value for a subgroup with three targets 

than with two targets. For the Group B, two ways of separating the targets into subgroups are 

considered (with both being subjective). For the first way, two subgroups are built and the 

numbers of targets in the two subgroups follow a sequence of 4 and 3 for each target subgroup. 
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That is, the first four targets corresponding to 80%, 50%, 20% and 10% exceedance probability 

are constructed for the first subgroup and the other three targets are used for the second 

subgroup. The second approach is defined such that the three subgroups have the numbers of 

IM levels following the sequence of 2, 3, 2 (as in the previous section). The results obtained 

from the first approach are referred to as Group B-2subs while the second approach is referred 

to as Group B-3subs. The three subgroups case provides the groups used for the construction 

of aggregated targets for the Group C and Group D. That is, there are a total of three aggregate 

targets for the Group C and the utilization of IDAGMS for the Group D aims to select a set of 

records that simultaneously matches to these three aggregate targets. The results associated 

with the Group C and Group D are termed as Group C-3subs and Group D-3subs, respectively 

(3subs used for the Group C and Group D refers to the three aggregated targets for both Group 

C and Group D). Two combinations of IM vectors (The first combination is 16 vibration periods 

and the second is for periods ranging from 0.3𝑇1 to 3.0𝑇1) with three conditioning periods of 

interest (shown in Table 4.1) for six different tested groups (two types of subgroups are for the 

Group B) results in a total of thirty-six cases. Again, for all of these cases, no explicit values 

are assigned to the weight factors for the desired intensity measures and all IM levels are 

equally weighted. For the normalized weight factor used, when constructing the aggregate 

targets, the factor is equally applied to each considered target (e.g., 𝜔𝑗 = 1/7 for each of seven 

IM levels in the Group E). Two greedy optimization loops are made for both IDAGMS and 

MCMCGMS method 2. The performance of each method and each grouping case is measured 

through the use of the RMSE score both for the conditional mean and standard deviation, and 

the average sum of squared skewness score for the skewness. The results for the Groups A to 

E of the two combinations of IMs vectors of interest with the three different conditional 

intensity measures are shown in  Figure 4.14 to Figure 4.16, respectively. 
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                   (a) (d) 

 

                (b) (e) 

 

                   (c) (f) 
Figure 4.14: Comparison of the root-mean-square error (RMSE) for the conditional mean and 

standard deviation and average sum of squared skewness along with all 𝐼𝑀 levels of interest for all 

considered groups shown in Table 4.2. The results are all for the case of a conditional period of 

0.3s. (a), (b) and (c) are for period range from 0.1s to 9.0s and (d), (e) and (f) are for the period 

range from 0.3𝑇1 to 3.0𝑇1. 
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                   (a) (d) 

 

                (b) (e) 

 

                   (c) (f) 
Figure 4.15: Comparison of the root-mean-square error (RMSE) match to the conditional mean and 

standard deviation and average sum of squared skewness along with all 𝐼𝑀 levels of interest for all 

considered groups shown in Table 4.2. The results are all for the case at conditional period of 1.0s. 

(a), (b) and (c) are for period range from 0.1s to 9.0s and (d), (e) and (f) are for the period range 

from 0.3𝑇1 to 3.0𝑇1. 
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                    (a) (d) 

 

               (b) (e) 

 

                   (c) (f) 
Figure 4.16: Comparison of the root-mean-square error (RMSE) match to the conditional mean and 

standard deviation and average sum of squared skewness along with all 𝐼𝑀 levels of interest for all 

considered groups shown in Table 4.2. The results are all for the case at conditional period of 3.0s. 

(a), (b) and (c) are for period range from 0.1s to 9.0s and (d), (e) and (f) are for the period range 

from 0.3𝑇1 to 3.0𝑇1. 
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Figure 4.14 to Figure 4.16 shows that all of the approaches are able to provide a similar quality 

match to the conditional standard deviation and skewness, both of which are excellent across 

all IM levels of interest. The better match can be identified when the period range closer to the 

conditioning periods (compare the left and right columns of those figures). Regarding the 

quality of the match to the target mean, unsurprisingly, the performance of IDAGMS improves 

as the number subgroups increases (i.e., see the comparison of Group A, Group B-2subs and 

Group B-3subs). As stated previously, this is because the similarity existing in the spectral 

shape properties among the targets in a group deteriorates as more different targets are inserted 

into that group. It is also clear that the performance of MCMCGMS method 2 upon aggregated 

targets is similar to that of IDAGMS upon target subgroups which are used for the construction 

of those aggregated targets. The results of the RMSE scores for the two approaches (i.e., the 

Group B-3sub and Group C-3sub) are quite similar across all IM levels of interest. This is not 

surprising when it is known that the IDAGMS are able to provide a set of records that match 

to all targets of interest in an ‘average’ sense. The best quality of mean match for the Group A 

shown in Figure 4.14 to Figure 4.16 arise in the middle range of the IM levels of interest 

(recalling the targets for all IM levels involved in one group used for the Group A). Further 

insight of this ‘average’ sense of matching can be seen from the similarity between the RMSE 

scores of Group A and that of Group E, dictating that the set of records selected for multiple 

IM levels by the use of IDAGMS has a quite a similar overall performance in terms of RMSE 

scores with the set of records selected by the use of MCMCGMS method 2 matching to an 

‘average’ target which is constructed by including all those IM levels in an ‘average’ sense 

(recalling the aggregated target for the Group E is built upon the targets for all 𝐼𝑀 levels of 

interest with equal weighting). However, slight differences exist in these cases in terms of 

different moment measure scores indicating that the IDAGMS for a target group is not the same 

as the MCMCGMS method 2 for a target aggregating all targets in that group. It is probably 

due to different start points provided by two methods for the greedy optimization. The different 

start points are the consequence of different target distributions being matched through the use 

of two methods. Generally, very similar results will be obtained from the use of IDAGMS and 

MCMCGMS method 2 for the same target group (i.e., all targets in the group are inputted into 

the IDAGMS while such all targets are aggregated to be one target used for the MCMCGMS 

method 2). However, there are fundamental differences among these two approaches for 

selecting records to simultaneously match multiple targets (as the example shown in Section 

4.5). Those differences are elaborated upon in the next section. There also appears to be similar 
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results obtained from the Group A and Group D-3subs for which the IDAGMS is both applied 

yet with different target combinations. All targets of interest are simultaneously considered in 

the Group A, while those targets are divided into three subgroups and the targets in each 

subgroup are then aggregated to generate the three aggregation targets for the Group D-3subs. 

Thus, it is noted that an aggregated target can represent well the shape properties of targets 

used for the construction of this aggregated target. This is not surprising as the aggregated 

target is obtained through use of a linear combination. 

As discussed in Section 4.4, there can be a ‘blank’ range between the two adjacent subgroups 

and the records selected for the adjacent subgroups are used to obtain the response distributions 

for IM levels over the ‘blank’ range. It should be kept in mind that the IM levels considered of 

importance should never be left for the ‘blank’ range, thus it does not have a (strong) point to 

run analysis for the IM levels located within the blank range. However, as a study, it is 

necessary to show illustrative cases in relation to the fitting of a ‘blank’ range. For the study 

cases shown in this section, for the case of three subgroups where the seven IM levels of interest 

are divided into three subgroups following a sequence of 2, 3 and 2, there are two ‘blank’ 

ranges arising. The ‘blank’ ranges are between the 50% and 20% exceedance probabilities and 

between the 5% and 2% exceedance probabilities in 30 years (the targets constructed for 80% 

and 50% exceedance probability are in the first subgroup and that for 20%,10% and 5% are in 

the second). It is suggested that the record set selected for the first and the second subgroup are 

using for matching to the targets constructed for the first ‘blank’ range, and record sets from 

the second and third subgroup are for the second ‘blank’ range. There are two cases are now 

considered. The ‘blank’ range are fitted through the use of records from only one of adjacent 

subgroups and two subgroups contribute to fit the ‘blank’ range. We refer the former case as 

an extreme case and the later as a normal case. For the illustration of an extreme case, only the 

record set for the first subgroup and for the third group are respectively used for matching to 

the first (i.e., built for 20% exceedance probability) and last target (i.e., built for 5% exceedance 

probability) in the second subgroup. The former uses the selected records from the first 

subgroup to fully cover the first ‘blank’ range and the latter is for the second ‘blank’ range. For 

a normal case, the ‘blank’ range should be covered by the use of selected records for the two 

adjacent subgroups. Because the scores of measures for standard deviation and skewness are 

similar (and are generally good), only RMSE scores for conditional mean match are shown in 

Table 4.3. Meanwhile, the different period ranges and conditional periods (i.e., 0.3s, 1.0s as 

well as 3.0s) are also shown in Table 4.3. 
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Table 4.3: RMSE scores for conditional mean match at the extreme case where the selected records 

for the first and third subgroups are used to fully cover the first and second ‘blank’ range 

 

 Period range from 0.1 to 9.0s  Period range from 0.3𝑇1 to 3.0𝑇1 

EP 0.3s 1.0s 3.0s 0.3s 1.0s 3.0s 

20% 0.13 0.26 0.42 0.06 0.14 0.13 

5% 0.09 0.16 0.21 0.04 0.08 0.06 

Abbreviations: EP exceedance probability. 

 

It is clearly noted that, in comparison with results in Figure 4.14 to Figure 4.16, there is a 

deterioration arising in the matching of a target in the ‘blank’ range by the use of record sets 

for the adjacent subgroups. It is expected as there is no constrain directly applied from the 

IDAGMS to the IM levels within the ‘blank’ range. When the extrapolate goes further, the 

matching of a target in the ‘blank’ range goes worse. Thus, it is prudent to control the size of 

the ‘blank’ range. As mentioned in Section 4.4, inserting an IM level from a ‘blank’ range to a 

subgroup may compromise the performance of selected records at other IM levels in this group. 

This may perhaps result in more subgroups to be defined. However, when adding subgroups, 

there should be a balance between the number of subgroups and the continuity of IDA (as the 

discussion shown in Section 4.4).  As shown in Table 4.3, the changes upon spectral shape 

properties among the targets for the IM levels over the first ‘blank’ range are more significant 

than those over the second. This is the reason why the results for 5% exceedance probability in 

30 years are all smaller than that for 20% exceedance probability. The results shown in Table 

4.3 are from an extreme situation where only the record set from one adjacent subgroup are 

used for matching to the targets at the ‘blank’ range. Even for the extreme situation, there are 

only a few cases of results far from target (e.g., RMSE score of 0.42). For the normal case 

where the ‘blank’ range is fitted with the contributions from the both two adjacent subgroups, 

because the second ‘blank’ range already has a relatively good match in that extreme case, as 

shown in the last row in Table 4.3, only the IM level of 30% exceedance probability in the first 

‘blank’ range is utilized for building a target and examined. In a subjective manner, targets 

located at the exceedance probability between 30% and 50% (the last IM level in the first 

subgroup) are matched with the selected records for the first subgroup (Sub 1) and the records 

selected for the second subgroup (Sub 2) are used for the targets located between exceedance 

probability of 30% to 20% (the first IM level in the second subgroup). As mentioned in Section 

4.4, we assume the selected records can be used to match to any IM levels within the 

corresponding range, if the performance of records upon matching to the IM level at edge of 
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range is acceptable. For illustrative purposes, the RMSE scores for record sets from the first 

and the second subgroup to match the target conditional mean at exceedance probability of 

30% in 30 years within the first ‘blank’ range are shown in Table 4.4. 

Table 4.4: RMSE scores for conditional mean match at the case where the selected records for the 

first (Sub1) and second subgroup (Sub2) are used to match the target at exceedance probability of 

30% at the first ‘blank’ range 

 

 Period range from 0.1 to 9.0s  Period range from 0.3𝑇1 to 3.0𝑇1 

 0.3s 1.0s 3.0s 0.3s 1.0s 3.0s 

Sub1 to 30% EP 0.10 0.19 0.31 0.04 0.10 0.10 

Sub2 to 30% EP 0.04 0.18 0.29 0.05 0.09 0.08 

Abbreviations: EP exceedance probability; Sub 1, first subgroup; Sub 2, second subgroup. 

 

Comparing the third rows of Table 4.3 and Table 4.4, it is clear that the results become better 

when the record sets from the two adjacent subgroups are applied to the ‘blank’ range. In Table 

4.4, the results obtained from the second subgroup are on average better than those from the 

first subgroup. The conclusion related to the use of record sets from the adjacent subgroups to 

match the ‘blank’ range is available for the aggregate target cases. This is a consequence of the 

fact that the IDAGMS for a target group and MCMCGMS method 2 for the aggregate target 

constructed by the targets in that group both are able to provide the similar results for the study 

cases shown in this chapter, as shown in Figure 4.14 to Figure 4.16.  

The comparison of the quality of the match to the target mean between two different 

combinations of periods cases (i.e., the range of 16 vibration periods and 0.3𝑇1 to 3.0𝑇1 period 

range) is presented in the panel (a) and (d) for each of Figure 4.14 to Figure 4.16. Not 

surprisingly, the period range closer to the conditional period provides the better match to the 

conditional mean target. This can be appreciated from the comparison between the panel (a) 

and (d) in each figure (e.g., panel (a) and (d) of Figure 4.16). This is essentially due to the 

extent to which the spectral shape properties over the chosen period range changes along with 

the increase of IM levels. More specifically, the spectral shape of target conditional mean over 

period range of 0.3𝑇1 to 3.0𝑇1 changes less among all IM levels of interest, in comparison of 

that of full period range (e.g., as shown in panel (a) of Figure 4.11). 
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4.8 Comparison of IDAGMS for multiple targets and MCMCGMS 

method 2 for an aggregated target 

On the basis of the earlier discussions, it is clear that the performance of IDAGMS is similar 

with that of MCMCGMS method 2 for an aggregated target being constructed from the same 

targets considered within the IDAGMS. While there are fundamental differences between these 

two approaches, they both are able to achieve the aim of selecting records for the IDA that 

reflect the variation of hazard properties changing with increasing IM levels. The IDAGMS 

accounts for multiple targets of interest separately, yet the aggregate target combines these 

targets. More specifically, there is no limitation regarding the coincidence upon the target 

classes of interest when applying the IDAGMS, the classes of target for the aggregation need 

to be coincided, however (see the discussion at the end of Section 4.5). Three example cases 

upon the fundamental difference of two approaches are shown in what follows. The example 

cases are merely focus upon the reflection of the fundamental difference of two approaches 

and other aspects are assumed to be studied in the future. 

The first case is that a conditional period needs to be iteratively chosen as the IM level 

increases. In IDA, as the IM level increase, it is prudent to choose the conditioning spectral 

period sequentially larger than the fundamental period of a given model. For example, there 

are two target conditioning on two different spectral periods at two different IM levels. These 

are two classes of targets with two different prospective databases (after scaling). The 

aggregated target mean cannot be built, and the covariance matrix associated with each target 

has significant difference from each other (e.g., In the covariance matrix, zero content 

corresponding to the row and column of conditioning intensity measure), the IDAGMS works 

perfectly for these adaptive updated targets, however. 

The second case is that the GCIM target needs to be considered with a target distribution of 

causal parameters. It is assumed that we know what the causal parameters distributed as. All 

records in the prospective database need to be respectively considered with the target 

distribution of causal parameters and the GCIM target distribution. That is, the components in 

Equation (4.1) and Equation (4.2) should be obtained from those two distributions. For 

example, a GCIM target need to be considered along with a target distribution of magnitude 

and distance for a given site. There are two PDF values of each record due to the two target 

distributions considered. The aggregated target distribution still cannot be built in this case 

unless the GCIM can be generalized to account for arbitrary causal parameters, but the 

IDAGMS works. 
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The third case is that it is desirable to account for alternative damping ratios other than 5% 

through the use of multiple targets. For example, there are two Conditional Spectra constructed 

for 5% and 15% damping ratio, respectively and all conditioning on the same spectral period 

(𝑇1) (spectral acceleration at 5% damping ratio and spectral acceleration at 15% damping ratio 

at period of (𝑇1)). That is, there are two targets with the conditioning spectral acceleration at 

period of (𝑇1) but for different damping ratios. In this case, the IDAGMS perfectly works, it 

seems like that the aggregated target distribution can be built but it still needs to decide which 

database should be used for the selection to match to the aggregated target distribution (there 

are two prospective databases respectively for the damping ratio of 5% and 15%).  

4.9 Influence on Incremental Dynamic Analysis 

As the aim of IDAGMS is to select a set of records to reflect the variations of hazard properties 

as an IM level changes, in this section, the selected records are passed through a nonlinear time 

history analysis for a single degree of freedom (SDOF) system in order to generate IDA curves. 

The SDOF system considered in Chapter 3 is used herein with the damping ratio of 5% of 

critical, is characterised by the “peak-oriented” relationship of Ibarra et al. (2005) and has an 

elastic period of 1.0s. The risk-based assessment is subsequently performed by integrating the 

estimations of chosen responses for each IM level of interest with a ground motion hazard curve 

obtained for the same site used throughout this chapter. The chosen response metric of interest 

is the peak displacement of the SDOF. Collapse is defined to correspond to a peak displacement 

of 0.5m, or when nonconvergence occurs. Unlike the period range used in previous sections, 

for the given SDOF and response of interest used here, the period range is refined and includes 

eleven periods with values of [0.9, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2.0] seconds. Spectral 

accelerations at these periods along with the 5-95% significant duration are chosen as the 

intensity measure vector of interest used in this section. Due to the natural elastic period of 1.0s 

of SDOF, the conditional intensity measure is defined as the spectral acceleration at this period. 

Again, no explicit weight factors are applied to the intensity measures and the weight factors 

of 1.0 are equally applied to the different IM levels of interest. The target number of records to 

select is 30. That is, 30 records are selected for each subgroup or one group for all IM levels of 

interest. 
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4.9.1 IDAGMS for one group involving all targets of interest 

The IDAGMS is first applied to one target group involving the targets for all IM levels of 

interest. Given that the IM levels of interest need to be identified before selecting the records 

that will then be used throughout the IDA, the highest IM level needs to be initially chosen 

either in a subjective way or via a parametric approach (see the description in Section 4.2). In 

this section, the SPO2IDA is applied to identify the highest level which is defined as the IM 

level around to the collapse point of the 84% fractile IDA curve for the SDOF system used in 

this study. The 84% fractile IDA curve with the collapse point obtained from the SPO2IDA is 

shown in Figure 4.17. 

 

Figure 4.17: Generating the 84% fractile IDA curves by the use of SPO2IDA for the given SDOF 

system. The black dot represents the prediction of spectral acceleration corresponding to the point 

of collapse. 
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Table 4.5: The 𝐼𝑀 levels of interest used in this section and the RMSE scores of mean and standard 

deviation obtained from IDAGMS for all targets in one group and MCMCGMS method 2 repeated 

each of those targets 

 

IML (𝑔) 0.15 0.21 0.28 0.36 0.45 0.55 0.66 0.78 0.91 1.05 1.20 1.36 1.53 

IDARMSEM 6.0 4.2 2.6 1.4 0.8 1.2 1.7 2.2 2.5 2.6 2.6 2.5 2.4 

MCMCRMSEM 0.5 0.5 0.5 0.4 0.6 0.5 0.5 0.4 0.4 0.6 0.7 0.5 0.6 

IDARMSES 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 

MCMCRMSES 0.5 0.6 0.4 0.4 0.3 0.4 0.3 0.4 0.4 0.4 0.4 0.4 0.5 

Values are scaled by 1 × 10−2 

Abbreviations: IML, intensity measure level; IDARMSE, root-mean-square-error value for records 

selected by Incremental Dynamic Analysis Ground Motion selection; MCMCRMSE, root-mean-

square-error value for records selected by Markov Chain Monte Carlo Ground Motion Selection 

method 2. IDARMSEM, match of mean obtained from IDARMSE; MCMCRMSEM, match of 

mean obtained from MCMCRMSE; IDARMSEM, match of standard deviation obtained from 

IDARMSE; MCMCRMSEM, match of standard deviation obtained from MCMCRMSE; 

 

Once the highest IM level is determined, in this section, the process for the decision of IM 

levels of interest below the highest level is similar to that used in Vamvatsikos & Cornell (2004) 

and is outlined in what follows. The first IM level is at 0.01g. An initial step of 0.02g and a step 

increment of 0.05g are used to trace IM levels of interest. With a consideration of the highest 

IM level obtained from the 84% fractile IDA curve which is 1.52g, after tracing the IM levels 

by the use of process described above, the highest IM level is set as 1.53g (This is a value 

obtained from the outlined process above and is the closest to the 1.52g). Given that the 

pushover curve of the SDOF system considered is known, the IM level of 0.15g which is lower 

than the spectral acceleration corresponding to the yield force of 0.19g is used as the lowest 

level for the record selection. The IM levels of interest (start at 𝐼𝑀 level of 0.15𝑔) used in the 

IDAGMS for selecting records are listed in Table 4.5. The table also provides the RMSE scores 

in terms of quality of mean and standard deviation match obtained by the use of IDAGMS for 

the IM levels of interest in one target group and that of MCMCGMS method 2 repeated for 

each of those IM levels with 30 records. The latter is used as a benchmark given that it has a 

better (near optimal) quality of match to the targets for the ground motion database used here. 

It should be pointed out that, as the benchmark, the MCMCGMS method 2 are repeated for all 

IM levels from 0.01g to 1.53𝑔 and the RMSE scores for the levels from 0.15g to 1.53𝑔 are 

shown in Table 4.5. Although not being shown, both methods considered give similar and good 

matches to the skewness. The weight factors used for mean, standard deviation and skewness 

are set as 1.0, 1.5 and 0.03, respectively. Thus, merely the results for the first moment (mean) 

and standard deviation are focused in Table 4.5. The mean magnitude and distance associated 
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with each considered IM level shown in Table 4.5 are plotted in Figure 4.18. As can be seen in 

Figure 4.18, the changes among the different IM levels in terms of mean magnitude and 

distance are significant. 

 

Figure 4.18: Mean disaggregation for magnitude and distance along with the values of Sa(1.0s) 

(shown as annotations on the figures) for IM levels of interest. 

 

Given the appreciation from Table 4.5, it is clearly noted that the MCMCGMS method 2 are 

able to provide an almost perfect match to the respective targets, as can be referred to the results 

provided in Chapter 3. While the statistics representing the quality of the match to the target 

provided by the IDAGMS method in this case are relatively good as they are not far from the 

values obtained from the MCMCGMS method2, the MCMCGMS method 2 outperforms the 

IDAGMS for all IM levels as expected.  

Once the desired number of records are selected, a nonlinear time history analysis is conducted 

to generate an IDA curve for each selected record. Each record is successfully increased 

following the pre-defined IM levels from 0.01g to 1.53g and different intervals are then applied 

to identify the point of collapse within a tolerance. In the study of this chapter, for simplicity, 

the IM levels of interest determined above are used along with Hunt and Seek algorithm to 

identify the collapse point. The produced IDA curves (referred to as full IDA herein) are 

presented in Figure 4.19(a) where the points of collapse are marked as black dots. To facilitate 

the comparison of the performance of IDAGMS and the benchmark, the risk-based assessment 

is conducted for all IM levels of interest (i.e., from the level of 0.01g to 1.53𝑔) by inputting the 

selected record set from the IDAGMS to the IDA and inputting the respective record set 
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obtained from the MCMCGMS method 2 to the Multiple Stripe Analysis (MSA). The results 

of risk-based assessment are shown in Figure 4.19(b). Figure 4.19(c) shows the observed 

fraction of collapse and the fragility function, both of which are a function of the IM of interest. 

The fragility function developed by Baker (2015a) are used for both the results of IDA and 

those of MSA. Additionally, the percentage of the same records being selected via both 

methods at each IM level of interest (i.e., begin with 0.01g) is shown in Figure 4.19(d). 

 

                                                (a) (b) 

 

                              (c) (d) 
Figure 4.19: The results of the comparison between full IDA and MSA (a) IDA curves and the black 

dots for collapse points (b) risk-based assessment for the peak displacement of the given SDOF (c) 

observed fractions of collapse and a fragility function estimated by the use of Baker 2015 (d) the 

percent of the same record being selected via both methods at each 𝐼𝑀 levels of interest. 

 

As shown in Figure 4.19(a), there is significant record-to-record variability in structural 

responses obtained from the IDA. What should be noted is that the continuity of IDA curve is 

fully maintained, given that one record set is selected for all IM levels of interest. Additionally, 
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the minimum IM level for collapse points occurs to each record can be identified via the IDA 

curves, as evidence see the black dots in Figure 4.19(a). It can be appreciated from Figure 

4.19(b) that the record set obtained from the IDAGMS and sets from the MCMCGMS method 

2 for all IM levels of interest provide quite close estimations as both methods provide excellent 

quality of match to the targets. Figure 4.19(c) shows that fragility curves for results obtained 

from the both methods are quite close as well. The implications upon the variations of hazard 

distributions along with the different IM levels being represented by the set of records obtained 

from the IDAGMS can also be appreciated from Figure 4.19(b) and (c), given that the 

MCMCGMS method 2 is able to account for those variations through selecting different record 

sets for the different IM levels of interest. As observed in Figure 4.19(d), only a small 

percentage of the same records, on average, are shared between the record sets identified by 

the two methods. This is the reason for differences arising in Table 4.5 between the RMSE 

scores obtained from the two methods, the overall performance upon response estimations are 

quite close due to excellent quality of matching from both methods though. This implicitly 

proves that it is necessary to select a set of records with a good quality of match upon the 

spectral shape to a specific target distribution before passing through to a time history analysis.  

That is, the different collection of records with similar and good values of measure scores upon 

spectral shapes are still able to provide the similar and good prediction of response distribution.  

4.9.2 IDAGMS for subgroups collectively representing all targets of interest 

When a set of records with a good quality of match to all targets of interest cannot be identified, 

the targets should be partitioned into the subgroups and the IDAGMS is subsequently used 

within each subgroup. The consequent time history results are referred to as SubIDA in this 

section. While it is necessary to make the use of SubIDA for the purposes of illustration, the 

full IDA is able to provide the excellent results for the case of SDOF used in the study of this 

chapter. The process of decision upon IM levels of interest adopted in the last section are 

repeated and the resultant targets are divided into two subgroups in a subjective manner 

following a sequence of 7 and 6 (e.g., IM levels of SA(𝑇1) from 0.15g to 0.66g form the first 

subgroup and from 0.78g to 1.53g are made as the second subgroup. The IM levels can be seen 

the first row in Table 4.5). Thus, there is no record selection conducted within the range from 

0.66g to 0.78g (i.e., the ‘blank’ range in this example). Because the example in this section is 

merely for the illustrative purposes of the utilization of subgroups for running IDA, whether 

the IM levels within the ‘blank’ range is of importance or not is not considered here and we 
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assume those IM levels are not considered of importance. It is worth noting that the IDA are 

implemented within each subgroup. This means that, for the first subgroup, there is no longer 

the case where the collapse point of each record is traceable, and the IDA curves do not start 

from the lowest IM levels when the analysis is done for the second subgroup. More specifically, 

the record set for the first subgroup are analysed by the use of IDA and it is quite likely that 

collapse observations do not occur to all records within the IM levels in that group. If the 

collapse of an IDA curve is not observed when the record is scaled up to the highest level in a 

subgroup except the last subgroup, it does not need the algorithm to trace the collapse point. 

However, collapse points of IDA curves shown in the last (in this section, the second subgroup) 

subgroup are available to be identified. What needs to be pointed out is that collapse for some 

records in the subgroups other than the first subgroup occurs at the first IM level of this 

subgroup. In this case, there is no IDA curves of these records within the subgroup because 

collapse occurs to all IM levels in this subgroup. To make it clearly show in the plots, we 

lumped this collapse as 0.5m (the value for the collapse defined in the study of this chapter). 

Therefore, simply speaking, the SubIDA can be appreciated as a way that MSA is applied 

within the different subgroups within which a set of records with a fixed combination is used 

and scaled up, and the results from the same record in the subgroup are connected with each 

other to form an IDA curve in this subgroup. The statistics showing the quality of the match to 

the first moment and standard deviation obtained from the IDAGMS for the subgroups are 

listed in Table 4.6. The results of match obtained from the IDAGMS for one group for all IM 

levels of interest, as shown in Table 4.5 are again shown in  Table 4.6 for a directly compared 

purpose 

Table 4.6: RMSE scores of mean obtained from IDAGMS for two subgroups 
IML(𝑔) 0.15 0.21 0.28 0.36 0.45 0.55 0.66 0.78 0.91 1.05 1.20 1.36 1.53 

SIDARMSEM 4.3 2.6 1.1 0.8 1.8 2.6 3.2 0.6 0.5 0.5 0.5 0.6 0.9 

IDARMSEM 6.0 4.2 2.6 1.4 0.8 1.2 1.7 2.2 2.5 2.6 2.6 2.5 2.4 

SIDARMSES 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.6 0.6 0.6 0.6 0.6 0.6 

IDARMSES 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 

Values are scaled by 1 × 10−2 

Abbreviations: IML, intensity measure level; IDARMSE, root-mean-square-error value for records 

selected by Incremental Dynamic Analysis Ground Motion selection; IDARMSEM, match of mean 

obtained from IDARMSE; IDARMSEM, match of standard deviation obtained from IDARMSE; 

SIDARMSEM, match of mean obtained of IDARMSE when subgroups are considered. 

SIDARMSES, match of standard deviation obtained of IDARMSE when subgroups are considered. 

 

The comparison of the results in  Table 4.6 indicates that the chance of identify a set of records 

that simultaneously matches to multiple targets is smaller than that to a subgroup of adjacent 
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multiple targets which likely have more similar spectral shape properties. The same tests for 

the full IDA are repeated for the SubIDA and the corresponding results are shown in Figure 

4.20. 

 

                          (a) (b) 

 

                           (c) (d) 
Figure 4.20: The results of the comparison between the SubIDA and MSA (a) IDA curves and the 

black dot for collapse point, the black dot located at exactly 0.5m refers to 14 collapse points 

overlapping with each other (b) risk-based assessment for the peak displacement of the given SDOF 

(c) observed fractions of collapse and a fragility function estimated by the use of Baker 2015, the 

squared referring to the probability of collapse involving those 14 overlapping collapse points 

shown in panel (a) (d) percent of the same record being selected via both methods at each IM levels 

of interest. 

 

As illustrated in Figure 4.20(a), the IDA curves for the SubIDA are clearly represented by two 

groups of curves which are obtained from the two record sets individually for those two 

subgroups. The full continuity of IDA curves cannot be maintained due to the application of 

two subgroups (shown in Figure 4.20(a) as Sub1 and Sub2) and there is no response available 
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for the ‘blank’ range (i.e., the IM level between 0.66g to 0.78g). The continuity within each 

subgroup are perfectly maintained due to the use of one record set across all IM levels in that 

subgroup, however. It is worth noting that the collapse points located exactly at the collapse 

displacement (i.e., 0.5m) are attributed to the fact that the collapse is observed at the first IM 

level in the second subgroup and also there are more than one record causing collapse at that 

IM level so the lumped collapse points at 0.5m overlap with each other. Specifically, there are 

14 collapse points overlapping with each other at the IM level of 0.78g (i.e., the first IM level 

for the second subgroup), yet there is only one black dot located at 0.5m for plotting purposes. 

Figure 4.20(b) and (c) clearly show that the record sets selected by the use of IDAGMS for the 

subgroups and those from the MCMCGMS method 2 for each IM level of interest are able to 

provide quite close results. This observation can be implicitly attributed from that the record 

sets for the subgroups reflects the changes of hazard properties along with the different IM 

levels of interest. The squared shown in the panel (c) referring to the probability of collapse 

involving those 14 overlapping collapse points shown in the panel (a). It should be noted that 

the collapse probability of SubIDA for a given IM level should be calculated as the fractions 

of records in this IM level that causes collapse, because the collapse point with respect to each 

record cannot be traceable (the continuity of IDA at all IM levels of interest is lost). Comparing 

Figure 4.19(d) and Figure 4.20(d), it can be seen that when subgroups are applied, on average, 

the percentage of the same records being selected from the two methods increases. This is 

typically apparent at the second subgroup. This can be treated as an explanation for the less 

difference existing in the RMSE scores of mean from the MCMCGMS method 2 and from the 

IDAGMS for the two subgroups, as can be appreciated from the comparisons of Table 4.6 and 

Table 4.5. As discussed in Section 4.7, the IM level considered of importance should never be 

left in the ‘blank’ range and should be involved with the adjacent targets subgroup when the 

decision of the division of targets into subgroups are made. Thus, there is no (strong) point to 

run analysis for the targets within the ‘blank’ range. As the SDOF mode is used and for an 

illustrative purpose of a study, it is necessary to provide a plot upon fitting the ‘blank’ range 

with records from the adjacent subgroups. The ‘blank’ range herein are from 0.66g to 0.78g. 

As the discussions upon the two cases for fitting the range shown in Section 4.7, the range can 

be fitted through the extensive use of two adjacent subgroups. That is, for example, records 

from the first subgroup are used for the IM levels from 0.66g to 0.72g and the remaining IM 

levels from 0.73g to 0.78g can be fitted by the use of second subgroup. Because the full IDA 

is able to provide excellent results for the case of SDOF used in the study, for the purposes of 
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illustration, the record set selected for the first subgroup are applied across the almost full 

‘blank’ range which is from 0.66g to 0.77g yet not including 0.78g which is the first IM level 

of second subgroup. The responses corresponding to 0.78g has been obtained by the use of the 

second subgroup (0.78g is the first IM level involved in the second subgroup, as shown at the 

beginning of this section). The quality of the match to the target for the first IM level in the 

second subgroup (i.e., Sa(𝑇1) value of 0.78g) by adopting the records for the first subgroup is 

checked and the RMSE score for quality of mean match is 0.037 (the RMSE score for quality 

of standard deviation and that of skewness are 0.004 and 0.0005, respectively). Because the 

progressive changes arise among the IM levels and the record set for the first subgroup provides 

a good match to the target for the first IM level in the second subgroup, it also has a good match 

to the targets built for the IM levels between the first and second subgroup (i.e., within the 

‘blank’ range). Thus, the records selected for the first subgroup are used across all IM levels 

within the ‘blank’ range. The resultant SubIDA are plotted in Figure 4.21. As can be seen that 

‘blank’ range is almost fitted with results obtained by the use of record set from the first 

subgroup.  

 

Figure 4.21: The results of IDA curves for two target subgroups and the records selected for the 

first subgroup are extensively used for response estimations at the ‘blank’ range between the two 

subgroups 

4.10 Concluding Remarks 

This chapter presents a new efficient algorithm for obtaining a set of records that 

simultaneously match to multiple target distributions as closely as possible. This algorithm 
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initially ranks the total collection of records on the basis of the PDF value of each record at 

each given target of interest and subsequently provides a set of records which has some degree 

of agreement with the given targets. A further greedy optimization is applied to the resultant 

records to obtain a set of records matching to the multiple targets of interest as closely as 

possible. The algorithm is coined as Incremental Dynamic Analysis Ground Motion Selection 

(IDAGMS) in the study of this chapter. The GCIM targets constructed for the different IM 

levels of interest are chosen as the targets for the IDAGMS, because a GCIM target is able to 

provide the potential improvements in terms of sufficiency, efficiency and scale legitimacy 

which are of importance of IDA community.  

The adoption of the aggregated target through the use of MCMCGMS method 2 is able to 

provide the similar results compared with the application of IDAGMS to targets which are all 

used for the construction of that aggregated target. However, the algorithm of IDAGMS applied 

to multiple targets has a fundamental difference from the MCMCGMS method 2 adopted to an 

aggregated target, as the discussion shown in Section 4.5 and Section 4.8. The targets used in 

the IDAGMS can be different classes, multiple targets with one class is able to be aggregated 

though.  

When it is not able to identify a set of records to simultaneously match to all targets, there is 

an option to partition the targets into several subgroups and the IDAGMS is adopted for each 

subgroup. The division of targets into subgroups are currently in a subjective manner of analyst. 

The approach for numerical decision of that division needs to be detailed studied in the future 

and two proposals has been given in Section 4.4. The record sets simultaneously matched to 

respective subgroups have a much better overall performance than trying to match to all targets 

of interest. The continuity of IDA curves cannot be fully maintained and the SubIDA 

introduced in the study of this chapter can be used for the risk-based assessment, if the 

subgroups of targets are applied.  

Although the GCIM targets are constructed to select records adopted for IDA (i.e., IDAGMS), 

the ground motion records probably are largely scaled, given the current scarcity of records in 

the databases. The algorithm developed in this chapter is conceptually straightforward to be 

adopted for selecting ground motion simulations, provided that the scaling is permitted for the 

simulations. Thus, the issue of largely scaled records can be significantly released through the 

use of ground motion simulations in the future, after adequately reliable simulations are 

available (recalling the discussion in the literature review), and validations are undertaken for 

specific problems to build predictive confidence. 
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Chapter 5                                                                       

Impact of approximation in defining target distributions 

5.1 Introduction 

The previous two chapters addressed the issues of ground motion selection for selecting suites 

of accelerograms matching individual or multiple targets that are defined to be consistent with 

the seismic hazard at a given site. By virtue of using Generalized Conditional Intensity Measure 

(GCIM) targets, these methods represented ground motion characteristics other than just 

amplitude properties that are relevant for the site. The successful implementation of ground 

motion selection assumes that knowledge of the potential nearby ruptures exists (via 

disaggregation information from Probabilistic Seismic Hazard Analysis (PSHA)). To properly 

undertake a risk analysis, it is important that the record selection respects the information 

arising from the hazard analysis so that the relevant attributes of all rupture scenarios are 

accounted for when determining the seismic risk. In an ideal case time series that are consistent 

with all potential ruptures of interest are available and the response of the structure of interest 

is assessed using all of these time series. However, this is not practically feasible both due to 

computational requirements on the structural analysis side, as well as data availability and 

computational requirements involved in providing suitable time series. In principle, the issues 

of data availability could be overcome with supplemental physics-based ground motion 

simulations. However, at the current time, these physics-based simulations are not sufficiently 

accurate or reliable to be used for this purpose. For example, there are biases existing in the 

prediction of significant durations obtained from simulations (e.g., Tsioulou and Galasso 

(2017)) and the inter-period correlation are not able to be captured by the simulations with 

adequate accuracy (Bayless and Abrahamson (2018)). If the structural responses of interest are 

sensitive to those parameters, the simulations result in biases for the estimation of responses 

distributions. Even when these simulations improve, the computational requirements on the 

structural analysis side remain prohibitive. As a result, seismic risk analyses are still conducted 

using an intermediate intensity measure approach where a target is defined in terms of some 

intensity measure(s) from the output of a PSHA, and a limited number of records are then 

selected that are consistent with this target. The key point here is that ideally this process would 

reflect all of the attributes deemed relevant from the PSHA so that the results obtained would 
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be conceptually equivalent to having considered individual ruptures and their associated 

ground motions. Currently, it is not practically difficult to select records to match to the specific 

targets, however, issues remain regarding exactly how these targets are defined. Given the goal 

of record selection is to make the features of selected records be consistent with those from the 

target seismic hazard, this chapter assesses whether all features of interest for a give site can 

be well represented by the use of a target distribution constructed following commonly-used 

approaches. That is, in this chapter we test some of the fundamental assumptions of the record 

selection approaches that are ubiquitous in practice, and that are often adopted without full 

appreciation of these assumptions.  

5.2 Conditional Spectrum based approach 

Due to the complexity of a ground motion, an intensity measure (IM) is commonly used to 

provide a simple description of that ground motion. The key step in a ground motion selection 

algorithm is to use all seismological properties of interest for a given site which are obtained 

from the use of disaggregation (Bazzurro & Cornell, 1999). The disaggregation provides the 

interface that connects the seismological properties with the intensity measures and this 

interface subsequently is used for the construction of a target distribution which the set of 

selected records are chosen to be consistent with. That is, we use the seismological properties 

to decide the distribution of intensity measures of interest and a record set is selected to be 

consistent with that distribution so that these records are implicitly consistent with the 

seismological properties of interest for the given site. It is worth noting here that a 

seismological property of interest should be explicitly accounted for in the ground motion 

selection when the IMs of interest are not the good proxy for that. Other attributes are implicitly 

accounted for through the explicit consideration of a sufficient number of intensity measures. 

The more intensity measures that are explicitly considered, the greater the chances that the 

other ground motion attributes that are not considered will also be implicitly consistent with 

the underlying hazard. 

The Conditional Spectrum (CS) (Jayaram et al., 2011) approach has been extended to consider 

𝐼𝑀𝑠 other than spectral accelerations by Bradley (2010) and the resultant target distribution is 

coined as the Generalized Conditional Intensity Measure (GCIM). The GCIM target is referred 

to as a CS-based target in the study of this chapter. There are two initial steps that are required 

for the construction of a CS (or CS-based) target distribution: (1) Probabilistic Seismic Hazard 

Analysis (PSHA) for a particular IM; and (2) disaggregation of a hazard curve at a particular 
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return period. The treatment of epistemic uncertainty in the PSHA for the purposes of 

constructing a CS target has been studied in detail by Lin et al. (2013). The propagation of 

those uncertainty to the resultant target distributions for ground motion selection has been 

discussed in detail by Tarbali et al. (2018). In the study of this chapter, we shift our focus 

towards to the representativeness of ground motion properties for a given site through the 

construction of different types of targets and the performances of resultant targets upon 

different ground motion selection methods. The equations for the calculation of the conditional 

mean and conditional variance given a conditional intensity measure are able to be referred 

back to Equation (2.24) and (2.25). The CS target built by the use of Equation (2.24) and (2.25) 

is named as “Exact” CS (Lin, T. et al., 2013). This target can be directly extended to involve 

additional intensity measures other than spectral accelerations as similarly done in Chapter 3. 

The resultant target is referred to as an “Exact” CS-based target in this chapter. As noted in the 

literature, when a single scenario dominates the hazard, the prediction of conditional target can 

be treated essentially equivalent to that obtained from the prediction on the basis of the 

contribution of one scenario with mean values of causal parameters. Moving from Equation 

(2.24) and (2.25) to Equation (2.17) and (2.23), the associated CS (or CS-based) spectrum 

represent the true target distribution in a more approximate manner. However, the pair of 

Equation (2.17) and (2.23)  are very commonly used in practice, regardless of whether or not 

the assumptions involved in their derivation are valid or not. In the study of this chapter, the 

CS and “Exact” CS target are directly generalized to account for arbitrary intensity measures 

and respectively named as CS-based (i.e., GCIM) and “Exact” CS-based target. The target and 

generalized target are exactly the same with an exception of accounting for different intensity 

measures. Therefore, the discussion related to CS and “Exact” CS in this section are directly 

available to the associated generalized target and vice versa. The CS-based and “Exact” CS-

based are considered throughout the study of this chapter. 

The approximate nature of constructing a target with mean values of causal parameters 

becomes very apparent when multiple scenarios contribute to the hazard. As illustrated in 

Figure 5.1, there are two examples of disaggregation conducted for two particular sites for the 

Sa(1s) value exceeded with 1% and 0.1% probability in 30 years, respectively. One site is 

located at Riverside California and another site is located around Bakersfield California. The 

faults map for the later location is shown in Figure 5.2. The seismological properties in terms 

of magnitude, distance and epsilon are illustrated through the triple bars which represents the 

relative contribution of each scenario. The causal parameters in the CS (or CS-based) approach 

make use of mean values that are closer to the location of the predominant scenario as a single 
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scenario become more dominant. The associated conditional spectral shape is then closer to 

that of the “Exact” CS (or “Exact” CS-based) target. The mean values of magnitude and 

distance for the first and the second sites are [7.7, 21km] and [7.1, 40km] respectively. Through 

the comparison of causal parameters distribution shown in Figure 5.1, the triple bar 

corresponding to the mean values for the second site locates at a scenario with an extremely 

small contribution (in between the two modal contributions). For an illustrative purpose, CS 

approach and “Exact” CS approach are applied for those two cases in terms of 16 vibration 

periods (0.1s, 0.15s, 0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.75s, 1.5s, 2.0s, 3.5s, 4.0s, 5.0s, 6.0s, 7.5s 

and 9.0s) and the associated results are plotted in the Figure 5.3. Campbell & Bozorgnia  (2008) 

model is used and the conditioning period is set as 1.0s. As can be seen, the conditional target 

distribution developed for the first site by the use of the mean values of causal parameters can 

be treated as a target close to that built by the use of “Exact” CS (or “Exact” CS-based) 

approach (i.e., Equation (2.24) and (2.25)), while the target built by using mean values for the 

second site may contain drastically different characteristics compared to the target 

disaggregation in terms of the magnitude and distance. The difference of CS target and “Exact” 

CS target has been detailed in the study of Ebrahimian et.al. (2012) and Lin et al. (2013). 
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(a) 

 

(b) 
Figure 5.1: Disaggregation for Sa(1.0s) with exceeded 1% probability in 30 years for the site of 

(a) Riverside California and with exceeded 0.1% probability for the site (b) around Bakersfield 

California.  
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Figure 5.2: Faults map for the site around Bakersfield California. The blue star mark indicates the 

location of the site. 

 

  

Figure 5.3: Target distribution (conditional mean ±1.96 conditional standard deviation) 

conditioning on 1.0s for the CS and “Exact” CS target constructed for the site of (a) Riverside 

California and (b) around Bakersfield California.  

 

5.3 Potential bias in the “Exact” CS-based target to represent all 

scenarios of interest 

The “Exact” CS-based target is built by aggregating conditional means and standard deviations 

obtained from each scenario in a weighted linear manner, whilst also accounting for the 

variance among different mean predictions. These means and variances then define a 

multivariate normal distribution as a target. That is, ultimately only one target is established 

for representing a wide range of rupture scenarios and the record selection process aims to 

identify records that have characteristics that are consistent with the seismic hazard by 
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matching to this single target. Furthermore, the application of a weighted linear summation 

during the construction of the target implies the assumption that the impacts of various rupture 

scenario characteristics on the eventual structural response also follows the same weighted 

linear relationship. For example, the characteristics of interest from a scenario with a 

contribution of just 1% to the hazard provides the same value of contribution to the construction 

of subsequent target – however, that same scenario could be critical to the response. Thus, by 

using linear aggregation, the target distribution may average out the critical features of interest 

from the target seismic hazard. In addition, the current criteria for ground motion selection 

relies on spectral shape comparability (e.g., Root-Mean-Square-Error (RMSE) of the mean) in 

order for the selected records to match to a target distribution in terms of selected moments 

(e.g., mean and covariance). In this light, a set of records with a closer overall score of match 

to a target suggests that these records have a better consistency with this target. This, in turn, 

is assumed to result in an estimation of subsequent response analysis being close to the ‘true’ 

result. Regarding two record sets with similar scores when matching to a target, ideally the 

resultant structural response distribution also should be similar. However, this may always not 

be the case, because two different combinations of records with different match to individual 

intensity measures of interest may lead to two similar overall scores on the basis of current 

criteria. If the chosen response metric is more sensitive to particular intensity measures of 

interest (and the weightings used in the record selection do not reflect this sensitivity 

appropriately), the quality of the match for those particular intensity measures plays a key role 

for the estimation of the response distributions. For a local match of an intensity measure of 

interest to the target, it may also obtain similar scores of in terms of selected moments (e.g., 

mean and standard deviation) with different combinations of records representing different 

characteristics of the underlying rupture scenarios. This effect should reduce as the numbers of 

records that are selected increases, but we then have to consider issues associated with data 

availability.  

Let us consider an example case for which the “Exact” CS-based target is built. A set of records 

are subsequently selected to match this target in terms of the conditional mean and conditional 

standard deviation. Two issues arising in this case are elaborated upon in what follows. The 

first one is that whether the characteristics from the all scenarios of interest can be reasonably 

represented by the single constructed target distribution. It is likely that the scenarios with small 

contributions are averaged out (or are only weakly represented) during the construction of 

“Exact” CS-based target given that one target distribution is still used for representing the 

distributions of all scenarios of interest. This become particularly interesting when two or more 
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significant modal rupture scenarios drive the hazard. In this light, an “Exact” CS-based target 

represents a scenario located at the centroid of the disaggregation distribution and this location 

may not have any actual contribution in the disaggregation results. The second issue is the 

extent to which the characteristics of interest are accounted for in the final selected record set. 

It is expected that the selected set of records will come from scenarios other than those of 

interest from the disaggregation, yet those record may still have a good match to the target 

distribution in terms of the overall score of representing the fit to the target. These two 

aforementioned issues can result in a situation that scenarios with small values of contribution 

yet with the features of importance may not be fully considered in the record selection, and 

hence the response analysis. For example, a scenario of interest may have an extreme large 

magnitude yet only have a small contribution to the hazard. This scenario could generate time 

series with high energy content and duration which can play important roles in assessing the 

collapse of a given structure. The selected record set without enough considerations for the 

characteristics from that scenario likely provide a biased estimate of the collapse probability. 

On the basis of the discussions in the last paragraph, it can be recognized that a set of records 

that perfectly match to a corresponding “Exact” CS-based target does not ensure that all 

characteristics of interest from this record set are consistent with the target seismic hazard. 

Therefore, while the “Exact” CS (or “Exact” CS-based) target is still ‘exact’ in the sense that 

it defines the theoretically correct calculation of moments over the disaggregation distribution 

that reflects all scenarios, it does not necessarily lead to an ‘exact’ estimate, or unbiased 

estimate, of the response distribution. 

The potential bias arising from the use of an “Exact” CS-based target constructed by the 

generalization of Equation  (2.24) and (2.25) to represent all scenarios of interest for a given 

site is assessed in this chapter. Several different techniques are applied for different cases which 

are of fundamental and practical interest in the community. The impacts of the bias on the 

subsequent applications of time history analysis are again assessed through simple structural 

analyses on nonlinear SDOF systems.  

5.4 Methodology 

It is prudent to first make an estimation of bias existing in the approximations of target 

distributions with two dominant scenarios, given that the bias in that case probably is more 

obvious than in a case with single dominant scenario. There are several techniques for the 

construction of the target distribution that are introduced in this chapter to account for the case 
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with two dominant scenarios, and two of them are still able to be applied for assessing the bias 

in the approximations of target distributions for a case with single dominant scenario. For 

simplicity, epistemic uncertainty from the PSHA is not considered in this chapter. This is not 

a limitation of this work, it just simplified the presentation and allows us to focus upon the key 

issues of interest. The epistemic uncertainty is incorporated into the hazard disaggregation 

information, but it is perfectly feasible to ‘disaggregate’ this disaggregation information so that 

we obtain a disaggregation distribution for each ground-motion model branch in the logic tree. 

Each of those branches has its own weight and so we can compute conditional means and 

standard deviations for each branch and combine these with their respective weights. Thereafter 

the target that is ultimately constructed still just gives a single multivariate target with the 

weights accounted for in each ground-motion model and rupture scenario. For additional detail 

related to the treatment of this epistemic uncertainty, interested readers should refer to Lin et 

al. (2013) and Tarbali et al. (2018). Additionally, the contributions from different types of 

seismic sources (for example, shallow crustal versus subduction) are not considered, but again 

this is not a limitation and it and readers should refer to Goda and Atkinson (2011) and 

Chandramohan et al. (2016a) for specific details on how to handle these cases. However, note 

that it is very similar to what has been described above in terms of logic tree branches for 

ground-motion models in that while different ground-motion models and sources are 

considered, ultimately the “Exact” CS approach will aggregate these contributions into a single 

target distribution. The different ways to approximate the target distributions and the methods 

used for selecting records for the relevant approximated targets are outlined in Table 5.1 and 

explanatory details are provided in what follows.   

Table 5.1: Techniques used in the study of this chapter to construct the targets and associated ground 

motion selection methods 

Group Target Type Number of Targets GM Selection Method 

A1 CS-based 2 MCMCGMS 2 

A2 CS-based 2 IDAGMS 

B1 “Exact” CS-based 2 MCMCGMS 2 

B2 “Exact” CS-based 2 IDAGMS 

C CS-based Num. causal scenarios MCMCGMS 2 

D “Exact” CS-based 1 MCMCGMS 2 

Abbreviations: IDAGMS, Incremental Dynamic Analysis Ground Motion Selection; MCMCGMS 2. 

Markov Chain Monte Carlo Ground Motion Selection method 2. 
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For the first (Ax) and second (Bx) techniques, the approximate CS-based targets constructed 

with the values of mean causal parameters (e.g., CS-based target) and with the multiple causal 

parameters (e.g., “Exact” CS-based target) are applied respectively. For a site with two 

dominant scenarios, two targets are constructed by implementing either the CS-based or 

“Exact” CS-based expressions for each of the two individual dominant/modal scenarios. In 

order to objectively identify these two dominant scenarios, two-means clustering (a very 

restricted case of the more general K-means clustering) is applied to partition all of the causal 

scenarios from the disaggregation analysis into two clusters that represent these two dominant 

scenarios. K-means clustering is a general method which is able to partition all coordinates of 

interest into k clusters based on sequentially updating the centroid of each cluster. The 

identification of clusters will be available when the minimum distance (e.g., Euclidean distance 

between the centroid of a cluster and each object in a group) in each group converges. Two 

ground motion selection methods, the Markov Chain Monte Carlo Ground Motion selection 

(MCMCMGMS) method 2 and the Incremental Dynamic Analysis Ground Motion selection 

(IDAGMS), are utilized for each technique, For the MCMCGMS method 2, the number of 

selected records for each target (built for one of two dominant scenarios) is proportional to the 

value of contribution from the corresponding dominant scenario, and two sets of selected 

records subsequently are mixed into one pool of records and passed to the subsequent response 

history analysis. The records are selected to match to the target distribution constructed for the 

first dominant scenario are prevented from being selected for the second scenario. For the 

IDAGMS method, one set of records is selected for two weighted targets corresponding to 

respective dominant scenarios and the weight factor for each target is equal to the value of the 

contribution of each predominant scenario defined by the use of the 2-means clustering. As 

stated in the previous chapter, the IDAGMS algorithm is able to select a set of records that 

simultaneously matches to multiple targets and the algorithm does not need to be used in 

conjunction with IDA. 

The third technique allows for all scenarios of interest to explicitly be accounted for rather than 

aggregating those scenarios into one target (e.g., following Equations (2.24) and (2.25)). The 

CS-based target distribution is individually constructed for each causal scenario and the 

MCMCGMS method 2 is then applied for the ground motion selection. The responses obtained 

for each causal scenario are then mixed into one pool of responses for the subsequent estimation 

of the response distribution. This response distribution is computed through those responses 

and their respective disaggregation weights. The weight factor for each response is equal to the 

contribution of the corresponding causal scenario divided by the number of selected records 
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for that scenario. The target built by the use of the third technique is decided as the benchmark 

for analysis in this study. It is worth pointing out that the records selected explicitly accounted 

for all scenarios of interest (i.e., records selected in the third technique) are even not able to 

fully represent the all characteristics of interest for a target seismic hazard. The two reasons for 

that are elaborated in what follows. For the first and primary reason, a set of records only 

matching to the target distribution in terms of the overall score of comparability are chosen and 

this may not be the best representative of scenario of interest (two different sets of records can 

have similar overall scores of measures upon the match to target mean and standard deviation). 

Given that the scarcity of records and the simulated ground motions are not accounted for in 

the study of this chapter (recalling the discussion related to the simulations in the literature 

review), the scaling of records is permitted and that bounds upon causal parameters were not 

imposed. There may be some distortion of the natural record characteristics among the IMs not 

explicitly considered in the target construction. In addition to that, it is likely to identify a set 

of records from a scenario which has the relatively large number of records to match a target 

built for a rare scenario. However, compared with the aggregation used for the construction of 

the target distribution (e.g., CS-based or “Exact” CS-based target) in the first and second 

techniques, the records selected for the target distributions built by the use of the third technique 

greatly increases the chances that the characteristics of the selected records are consistent with 

those from the target seismic hazard.  

The second important reason why the Group C records may still not define the ‘true’ target 

distribution is that the distribution of epsilon is not considered in this chapter. That is, for each 

causal scenario of interest, one value of epsilon is determined to achieve the value of IM at the 

target exceedance rate. For the case with a long return period, the variation of epsilon 

contributions in a single M/R bin is smaller in comparison of that for the case with a short 

return period. This can be attributed to a fact that the computing in the PSHA is for the annual 

rate of exceeding a given ground motion intensity. That is, the values of intensity larger than 

the given value of intensity are all accounted for in the PSHA through accounting for the 

distribution of epsilon (distributed as a standard normal distribution). Thus, the variation of 

epsilon for the short return period is larger than that for the long return period. Therefore, it is 

assumed that records selected from the third technique for the site with exceedance IM value 

of long return period are closely resembling the ‘true’ target distribution.  

In Group D, records are selected by the use of MCMCGMS method 2 for an “Exact” CS-based 

target which is constructed as one target for all multiple causal scenarios (instead of two targets 

for two respective predominated scenarios as used in the first two techniques). This reflects 
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common practice in the community. The Groups C and D are still able to be used to examine 

whether the characteristics of interest from the records selected for such “Exact” CS-based are 

accordance with those of target seismic hazard for the case where the hazard is dominated by 

a single rupture scenario – or at least where the disaggregation distribution is uni-modal. 

5.5 Example case study 

A case study is conducted to assess the impacts of the different techniques applied to select 

records for a given site with two dominant scenarios on the subsequent estimations of response 

distribution. A site located around Bakersfield California (As shown in Figure 5.2) is chosen 

to conduct the PSHA which is then followed by the disaggregation analysis for three spectral 

periods of interest at 0.1% probability of exceedance in 30 years (i.e., a long return period of 

approximately 30000 years, see the discussion in the last section). The average shear-wave 

velocity in the upper 30 meters is 390m/s at this site. The GMPE of Campbell and Bozognia 

(2008) is applied for both the PSHA and the construction of the target distribution. The PSHA 

and the subsequent disaggregation are conducted using the open-source seismic hazard analysis 

software OpenSHA (2003). Figure 5.4 and Figure 5.1(b) show the disaggregation results of 

hazard at the given site at the three spectral periods of 0.75s, 1.0s and 1.5s, respectively. The 

values of spectral acceleration at these respective periods are 1.09𝑔, 0.89𝑔 and 0.64𝑔. As 

shown in those figures, the hazard at the given site at the spectral periods of interest have clear 

contributions from two main rupture scenarios. This is most clear for the case of the spectral 

period of 1.0s.  
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(a) 

 

(b) 
Figure 5.4: Disaggregation for (a) Sa(0.75s) and (b) Sa(1.5s) with 0.1% probability of exceedance 

in 30 years at the chosen site around Bakersfield California. 

 

As shown in Figure 5.4 and Figure 5.1(b), the given site has two predominated sources (or 

groups of sources). A first contribution at distances of between 5-40 km and with magnitudes 

of 5.0 to 7.0. This can be attributed from the nearby local fault sources, as shown in Figure 5.2. 

Another dominant source is located at a distance of about 60-90km and has magnitudes 
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between 7.0 and 8.0. This source is contributed by faults located in the San Andreas fault zone. 

The comparison of the figures illustrates that the scenarios around the source of magnitude 8.0 

and the source to site distance of 75km become more dominant as the spectral period increases. 

The contributions of these two predominant sources is roughly equal for the case at the spectral 

period of 1.0s. By the use of 2-means clustering, the contributions of the scenarios that result 

in exceedance of the value of spectral acceleration at each spectral period of interest are 

partitioned, as illustrated in Figure 5.5. The resultant mean values of the causal parameters and 

the contribution from each predominant scenario at each spectral period are shown in Table 

5.2. 

Table 5.2: Mean values of causal parameters and the contribution for each predominated scenario at 

each spectral period case 

 Sa(T=0.75s) Sa(T=1.0s) Sa(T=1.5s) 

 Scenario 1 Scenario 2 Scenario 1 Scenario 2 Scenario 1 Scenario 2 

Magnitude 6.5 7.9 6.6 7.9 6.7 8.0 

Distance (km) 12.9 75 13.3 75.3 13.4 74.5 

Contribution 0.74 0.26 0.58 0.42 0.32 0.68 

 

As noted in Table 5.2 and Figure 5.4, the distributions of contribution from all scenarios allows 

for the site at the cases of spectral periods other than the period of 1.0s to become slightly more 

like a site with a single predominant. That is, for T=0.75s we have a roughly 75/25% split, and 

for T=1.5s we have a roughly 1/3 contribution from Scenario 1. This compares with a 

distribution closer to a 50/50 split for T=1.0s. As these are real disaggregation results, such a 

distribution can only be identified from careful selection.  

Three inelastic single-degree-of-freedom (SDOF) systems with the natural elastic periods of 

0.75s, 1.0s as well as 1.5s are established. Like in previous chapters (see in Figure 3.8), the 

“peak-oriented” relationship of Ibarra and Krawinkler (2005) is used to describe the strength 

and stiffness degradation relationship. The drift ratio (the ratio of the nominal maximum 

displacement to the height of the system) is chosen as the response of interest and the drift ratio 

of 0.1 is defined for collapse.  
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(a) 

 

(b) 

 

(c) 
Figure 5.5: Causal scenarios partitioned into two cluster by the use of 2-means clustering partition 

to correspondingly represent two predominated scenarios at the case of conditional period of (a) 

0.75s (b) 1.0s (c) 1.5s 
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For the given SDOFs and response of interest used in this chapter, spectral accelerations at 

various vibration periods and 5-95% significant duration are eventually chosen as the intensity 

measure vectors of interest. The spectral acceleration at the natural elastic period (𝑇1) of a 

SDOF is used as the conditioning intensity measure. There are a few ways which may be used 

to approximately estimate the periods for the nonlinear (e.g., through the use of the secant 

vibration period in Capacity Spectrum method). In the study of this chapter, the period of 2.0𝑇1 

for considering the high nonlinearity which has been recommended by a number of studies 

(e.g., Baker & Cornell (2008b), Kohrangi et al, (2017)) is adopted. The period range for each 

SDOF is defined as the range from 𝑇0 which is equal to the fundamental period minus 0.1s to 

2.0𝑇1 and the interval of each period over the range is 0.1s. For example, the period range for 

the SDOF with the natural elastic period of 1.0s includes eleven periods with values of 0.9, 1.1, 

1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9 and 2.0 seconds. The spectral ground-motion model of 

Campbell and Bozorgnia (2008) is used along with the Bommer et al. (2009) model for 5-95% 

significant duration to construct the target distributions for each fundamental period of interest. 

No explicit values of weight factors are applied to the intensity measures. This implicitly 

assigns a weight factor of 𝑛𝑆𝑎/𝑛𝑖𝑚 collectively to the spectral accelerations and 1/𝑛𝑖𝑚 to the 

5-95% significant duration, where 𝑛𝑖𝑚 and 𝑛𝑆𝑎 are the number of intensity measure and 

spectral accelerations considered, respectively. The number of 50 ground motion records are 

selected for each technique shown in Table 5.1. 

5.5.1 Target distribution results  

The GCIM target distributions (i.e., CS-based or “Exact” CS-based target) for each natural 

elastic period of interest is considered through the use of the techniques shown in Table 5.1. 

The conditional mean and standard deviation for different spectral period cases are plotted in 

Figure 5.6 to Figure 5.8. The plots for spectral accelerations are only shown hereafter for 

illustrative purposes, but significant duration is also considered throughout. The targets are 

plotted with a periods vector of (0.1s, 0.15s, 0.2s, 0.25s, 0.3s, 0.4s, 0.5s, 0.65s, 0.75s, 0.9s, 

1.0s, 1.4s, 1.5s, 2.0s, 2.5s, 3.0s, 3.5s, 4.0s, 5.0s, 6.0s, 7.5s, 9.0s) for illustrative purposes and 

the targets within the black dash vertical lines are for the chosen period range (i.e., the 

fundamental period minus 0.1s to 2.0𝑇1) which is utilized for subsequent analyses. 
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                   (a) (b) 

Figure 5.6: Conditional mean (a) and conditional standard deviation (b) for targets constructed from 

each considered technique at the conditional period of 0.75s with 0.1% exceedance probability in 

30 years. The targets within the black dash vertical lines are used for subsequent analysis. 

 

 

                      (a) (b) 

Figure 5.7: Conditional mean (a) and conditional standard deviation (b) for targets constructed from 

each considered technique at the conditional period of 1.0s with 0.1% exceedance probability in 30 

years. The targets within the black dash vertical lines are used for subsequent analysis. 
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                   (a) (b) 

Figure 5.8: Conditional mean (a) and conditional standard deviation (b) for targets constructed from 

each considered technique at the conditional period of 1.5s with 0.1% exceedance probability in 30 

years. The targets within the black dash vertical lines are used for subsequent analysis. 

 

As observed in the figures, when the two predominant scenarios are separately considered (i.e., 

the first and second technique), in comparison with the two “Exact” CS-based targets, the CS-

based targets constructed using the mean value of causal parameters provides the close 

approximations of target mean, yet the approximation of conditional standard deviation is 

underestimated. This is a consequence of the fact that the prediction of the standard deviation 

is only mildly dependent upon the causal parameters and the “Exact” CS-based target involves 

the variance of mean predictions. Therefore, when there is any variability in the conditional 

mean over the rupture scenarios contributing to a cluster the CS-based approaches will neglect 

this additional contribution to the variance. The underestimations become obvious as the 

vibration period goes further away from the considered conditional period. The target mean 

from the single “Exact” CS-based target constructed for all scenarios (i.e., Group D) locates 

within the envelope of two separately constructed “Exact” CS-based target mean (i.e., the 

second technique) and the two “Exact” CS-based targets individually built for two 

predominated scenarios are able to provide a reasonably close prediction of the conditional 

standard deviation compared with the single “Exact” CS-based target built for all scenarios. 

However, there are important differences in both the mean and standard deviations when going 

from a single “Exact” CS-based to the two “Exact” CS-based cases. Therefore, it can be stated 

that the two “Exact” CS-based targets constructed separately for the two predominant scenarios 

are more likely to account for more characteristics from all scenarios. This, in turn, increases 

the chance that the characteristics from the records selected for those two “Exact” CS-based 
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targets are consistent with those from the target seismic hazard. In Figure 5.6 to Figure 5.8, 

compared with the target distribution (i.e., conditional mean and standard deviation) built for 

each scenario (i.e., the third technique), the single “Exact” CS-based target for all scenarios 

apparently cannot involve the characteristics of interest for all scenarios. This is due to the fact 

that the single “Exact” CS-based target distribution (conditional mean ±1.96 conditional 

standard deviation) falls within the envelope built by the use of target distributions individually 

built for each scenario, as an evidence shown in Figure 5.9. Figure 5.9 shows the target median 

and 2.5 and 97.5 percentile response spectra obtained for the single “Exact” CS-based for all 

scenarios and that for the CS-based targets respectively for two selected causal scenarios. As 

can be seen in the Figure 5.9, the target of the Group D (i.e., the single “Exact” CS-based target 

distribution) can be viewed as a target constructed by accounting for a specific single scenario 

(i.e., one specific combination of causal parameters). This single scenario clearly is not able to 

capture the full range of ground motion inputs suggested by the hazard analysis. 

 

Figure 5.9: Target distribution (conditional mean ±1.96 conditional standard deviation) conditioning 

on 1.0s for the “Exact” CS-based target constructed for all scenarios and two CS-based target 

separately constructed for two selected scenarios. 
 

The results for the assessment upon the match to the conditional mean and standard deviation 

of the target distributions conditioning on spectral acceleration at periods of interest are shown 

in Table 5.3. The traditional root-mean-square-error (RMSE) is applied. Due to two sets of 

records are selected being used in the MCMCGMS method 2 for respective target distributions 

for the two predominant scenarios in the Groups A1 and B1, two scores are presented in the 
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corresponding rows. In the Group C, because the target is constructed respectively for each 

scenario of interest, the mean of scores are shown following 10th and 90th percentile of scores 

which are shown in parentheses. 

Table 5.3: Summary statistics for the match measures obtained for the different groups shown in 

Table 5.1 at three conditional periods case of interest 

 

Conditional period of 0.75s 

Group RMSE mean RMSE standard deviation 

A1 [0.004,0.011] [0.004,0.010] 

A2 [0.062,0.188] [0.002,0.002] 

B1 [0.004,0.011] [0.004,0.013] 

B2 [0.065,0.186] [0.011,0.029] 

C 0.004 (0.003,0.005) 0.002 (0.002,0.005) 

D 0.003 0.003 

Conditional period of 1.0s 

Group RMSE mean RMSE standard deviation 

A1 [0.009,0.012] [0.004,0.007] 

A2 [0.103,0.144] [0.004,0.004] 

B1 [0.005,0.009] [0.007,0.005] 

B2 [0.101,0.144] [0.015,0.022] 

C 0.004 (0.003,0.005) 0.002 (0.002,0.004) 

D 0.004 0.002 

Conditional period of 1.5s 

Group RMSE mean RMSE standard deviation 

A1 [0.006,0.008] [0.005,0.008] 

A2 [0.063,0.135] [0.003,0.003] 

B1 [0.004,0.012] [0.005,0.006] 

B2 [0.067,0.148] [0.013,0.026] 

C 0.005 (0.003,0.006) 0.004 (0.003,0.005) 

D 0.004 0.003 

Abbreviations: RMSE, root-mean-square error. 
 

As shown in Table 5.3, the selected records obtained from the use of MCMCGMS method 2 

provides a very good match to the respective targets (very low RMSE values). There are 
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relatively large differences existing in the spectral shapes of two adjacent targets and just these 

two targets are considered. This means that the use of target subgroups within the IDAGMS 

does not make sense for the current case. Thus, the IDAGMS only provides a reasonably good 

average match to the targets, as shown in Figure 5.10. It is again worth pointing out that the 

RMSE scores for the Groups A1 and B1 are obtained on the basis of the match of partitioned, 

and mutually exclusive, sets of records to the respective target distribution. For example, for 

the A1 group and the T=1.0s case, 21 ground motion records (0.42 × 50) are selected in order 

to match the target constructed for the first dominant scenario. For an illustrative purpose, to 

assess the performance of IDAGMS when matching to multiple targets simultaneously, 

because the RESM scores for the IDAGMS are obtained from total 50 records assessed with 

respect to each dominated scenario, the two record sets selected separately using the 

MCMCGMS method 2 for each dominant scenario are combined into one set of records (50 

records) and the RMSE scores are computed for the total 50 records regarding each scenario. 

In this light, the RMSE scores become close to those obtained from the IDAGMS. Considering, 

for example, the case at a period of 1.0s, the records selected in the Group B1 for the two 

“Exact” CS-based target distributions are combined into one set of 50 records and the RMSE 

scores for matching to the two target distributions are [0.140,0.106] and [0.051,0.015] for 

conditional mean and standard deviation, respectively.  In comparison with the results obtained 

from the IDAGMS method (i.e., the row corresponding to B2 at the period case of 1.0s), the 

RMSE scores are slightly worse. This is due to the fact that the MCMCGMS method 2 

respectively considers each of two targets, yet the IDAGMS instead consider all targets 

simultaneously.  
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Figure 5.10: Distribution of selected records obtained by the use of IDAGMS to match to two 

respective targets for two predominated scenarios at the conditional period of 1.0s for the Group B2. 

5.5.2 Influence of different techniques on structural responses for two 

dominant hazard scenarios 

As stated at the beginning of Section 5.5, three natural elastic periods of 0.75s, 1.0s and 1.5s 

are considered. Thus far the sets of records consistent with the target distributions constructed 

for different groups shown in the Table 5.1 have been selected. In this section, those record 

sets are passed through nonlinear SDOF systems to assess the performance of different 

techniques upon the estimation of the structural response distributions. Figure 5.11 shows the 

full empirical cumulative distribution function (CDF) of estimated responses which includes 

the lumped probability mass associated with collapse. The collapse is defined as a drift ratio of 

10%. For comparative purposes, the results obtained on the basis of the single “Exact” CS-

based target (i.e., the target for the Group D) and targets built by the use of third technique (i.e., 

the benchmark) are shown again in Figure 5.12. The thin vertical lines in the figures represent 

the median value of response distribution obtained from respective techniques. The values of 

median and collapse probability computed for the results obtained from different techniques 

shown in Figure 5.11 are represented in Table 5.4. 
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(a) 

 

(b) 
Figure 5.11: Empirical cumulative distribution functions for drift ratio of the given SDOF systems 

for the two dominant scenario cases. Each panel compares the distributions obtained from the 

different techniques shown in Table 5.1. From top to bottom, the considered conditional periods 

are (a) 0.75s, (b) 1.0s and (c)1.5s respectively. The thin vertical lines in the figures represent the 

median value of response distribution obtained from respective techniques. Results are obtained 

from the techniques shown the following: Causal MR MCMC 2 from Group C (benchmark), 

“Exact” CS MCMC2 from Group D, Two-scenario CS MCMC 2 from Group A1, Two-scenario 

CS IDAGMS from Group A2, Two-scenario “Exact” CS MCMC 2 from Group B1, Two-scenario 

“Exact” CS IDAGMS from Group B2 (Continue in next page). 
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(c) 
Figure 5.11: Empirical cumulative distribution functions for drift ratio of the given SDOF systems 

for the two dominant scenario cases. Each panel compares the distributions obtained from the 

different techniques shown in Table 5.1. From top to bottom, the considered conditional periods 

are (a) 0.75s, (b) 1.0s and (c)1.5s respectively. The thin vertical lines in the figures represent the 

median value of response distribution obtained from respective techniques. Results are obtained 

from the techniques shown the following: Causal MR MCMC 2 from Group C (benchmark), 

“Exact” CS MCMC2 from Group D, Two-scenario CS MCMC 2 from Group A1, Two-scenario 

CS IDAGMS from Group A2, Two-scenario “Exact” CS MCMC 2 from Group B1, Two-scenario 

“Exact” CS IDAGMS from Group B2. 
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(a) 

 

(b) 
Figure 5.12: Empirical cumulative distribution functions for Normalized peak displacement to 

height ratio of the given SDOF system for the two predominated scenarios cases. Each panel 

compares the distributions obtained on the basis of the “Exact” CS-based target (i.e., Group D) 

and the benchmark (i.e., the third technique) shown in Table 5.1. From the top to bottom, the 

considered conditional periods are (a) 0.75s, (b) 1.0s and (c) 1.5s respectively. The thin vertical 

lines in the figures represent the median value of response distribution obtained from respective 

techniques. Results are obtained from the techniques shown the following: Causal MR MCMC 2 

from Group C, “Exact” CS MCMC2 from Group D (Continue in next page). 
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(c) 
Figure 5.12: Empirical cumulative distribution functions for Normalized peak displacement to 

height ratio of the given SDOF system for the two predominated scenarios cases. Each panel 

compares the distributions obtained on the basis of the “Exact” CS-based target (i.e., Group D) 

and the benchmark (i.e., the third technique) shown in Table 5.1. From the top to bottom, the 

considered conditional periods are (a) 0.75s, (b) 1.0s and (c) 1.5s respectively. The thin vertical 

lines in the figures represent the median value of response distribution obtained from respective 

techniques. Results are obtained from the techniques shown the following: Causal MR MCMC 2 

from Group C, “Exact” CS MCMC2 from Group D. 

 

The flat plateau at large drift ratios are at the value of 1.0 minus the probability of collapse. As 

can be seen in the figures, for the benchmark, the increment of each “step” in the empirical 

CDF curve at each value is equal to the corresponding weight factor for each scenario divided 

by the number of selected records (50) for that scenario. This step is equal to 0.02 (1.0 divided 

by 50) in the cases obtained from other techniques. As illustrated in Figure 5.11 and Figure 

5.12, there appear to be more significant differences in the shape of the upper tails of the 

response distribution for the case at the conditional period of 1.0s than the cases at other 

periods. This can be attributed to the fact that the cases at the periods other than 1.0s become 

closer to the cases with one predominant scenario, while the case of a period of 1.0s has two 

more clear dominant scenarios with significant and similar contributions from each of them 

(see Table 5.2). For the conditional period of 1.0s, the single “Exact” CS-based target 

constructed for all scenarios (i.e., Group D) shows a greater difference with the results of the 

benchmark (i.e., Group C). As can be appreciated from Figure 5.12, that difference become 

smaller when two dominant scenarios become more closer to a case where one modal scenario 
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begins to dominate over the other. As explained in Section 5.3, the difference is the 

consequence of the fact that a single “Exact” CS-based target constructed for all scenarios is 

able to account for the characteristics of interest from the hazard analysis in an approximate 

manner. Again, this is because all causal targets are aggregated into one target in a weighted 

linear manner. Because the target distributions built for the two separate predominant scenarios 

(i.e., Groups A and B) increase the chances of selecting records that take more features of 

interest into account, the resultant records are more likely able to provide a close approximation 

to the true response distribution, as shown in Figure 5.11 and Table 5.4. It also can be 

appreciated from Figure 5.11 and Table 5.4 that, on average, records selected on the basis of 

“Exact” CS-based targets constructed for the two separate dominant scenarios are able to 

provide a closer approximation to the benchmark, in comparison with the CS-based targets for 

the same scenarios (Group A). This is relatively apparent for the records selected from the 

Group B1. The reason for that can be attributed to a fact that the “Exact” CS-based targets 

allow for the variation in conditional means over the causal scenarios that contribute to the 

dominant modal scenarios. It should be pointed out that the ‘true’ response distribution is 

impossible to be obtained, the benchmark results from the Group C are believed to be more 

closely to resemble the ‘true’ response distribution though. This is a consequence of a fact that 

the records selected from the Group C more closely resemble the true target distribution, in 

comparison of other techniques. In addition, the relation of the benchmark and ‘true’ 

distribution is able to be partly appreciated from the observations that the results from the 

Group B are generally close to the benchmark.  
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Table 5.4: Summary the value of median and collapse probability obtained from different 

techniques shown in Figure 5.11 

 

Period case Group Median  Collapse Probability 

0.75s 

A1 0.035 0.22 

A2 0.034 0.18 

B1 0.039 0.20 

B2 0.039 0.22 

C 0.039 0.20 

D 0.036 0.18 

1.0s 

A1 0.037 0.22 

A2 0.044 0.22 

B1 0.042 0.30 

B2 0.040 0.18 

C 0.042 0.24 

D 0.037 0.16 

1.5s 

A1 0.043 0.16 

A2 0.045 0.22 

B1 0.043 0.16 

B2 0.041 0.16 

C 0.046 0.17 

D 0.044 0.22 

 

It is worth pointing out that for the present study, the number of records selected is set at 50. 

The minimum contribution from a modal scenario in all cases of interest is 26% which 

corresponds to the case where the conditioning period is 0.75s. Thus, there are a relatively 

enough number of records (i.e., at least 13 records in the smallest group) that are able to be 

used to assess the performance of selected records matching to the target built for that scenario. 

It is further worth highlighting that the response distributions from the record sets may not be 

particularly informative if the number of records selected for the one of two predominated 

scenarios is small (e.g., less than 5). In this case, statistical variability may be greater than the 

systematic differences that arise from the use of different target distributions or record selection 

methods. For the response distributions obtained on the basis of one “Exact” CS-based target 
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for all scenarios (i.e., Group D) and the targets built by the use of third technique (i.e., the 

benchmark, Group C), two-sample Kolmogorov-Smirnov (K-S) tests are conducted to see 

whether those two distributions are different. Unlike one-sample K-S test which aims to check 

the difference (distance) between an empirical distribution and a hypothesis distribution, the 

two-sample K-S test measures the difference of one empirical distribution against the other 

empirical distribution. Due to the different weight factors applied to the cumulative sum of the 

benchmark, the two-sample K-S test needs to be adjusted for those weighted observations and 

the way introduced by Monahan (2011) is adopted for that purpose. The associated results in 

terms of test statistics along with p values are shown in Table 5.5. The results indicate that the 

difference of the two distributions are not significant enough to reject the null hypothesis that 

they are the same distribution, at the 5% significance level. However, the statistically 

significant differences of the two distributions are able to be observed for the period case of 

1.0s, when the significance level is increased (e.g., 10%). In addition, it should be kept in mind 

that the results of test that fail to reject the null hypothesis does not means that the null 

hypothesis is accepted.  Regarding the difference observed in Figure 5.12, the components of 

that difference are from two issues which are believed to be systematic (recalling the discussion 

in Section 5.3) and statistical fluctuations. However, the quantified contribution of each issue 

to the difference are still not clear. This needs to be studied in the future with a consideration 

of a large number of scenarios. 

Table 5.5: Test statistics and P values associated with three chosen cases for the comparison of 

“Exact” CS-based target and the benchmark. The two-sample K-S test is conducted with 

adjustments introduced for weighted observations. 

 

 Period of 0.75s Period of 1.0s Period of 1.5s 

Test statistic 0.095 0.193 0.078 

P value 0.774 0.060 0.960 

 

For the record sets selected for the target distribution constructed separately for the two 

predominated scenarios, it is prudent to assess whether checking the statistics of responses 

obtained from total selected ground motion records (mixing two record sets into a pool of 

records) is sufficient, compared with separately checking that obtained from the set of ground 

motion records selected for each predominant scenario. For the records selected for the Group 

B1, two record sets are selected for the two dominant scenarios separately. The estimations of 

CDF for the responses obtained from the total (overall) records are shown as Two-source 

“Exact” CS MCMC2 in Figure 5.11 to Figure 5.12. Figure 5.13 shows the CDF for the 
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responses obtained from the record sets selected corresponding to the respective predominant 

scenarios regarding all considered natural elastic periods and the results from the overall 

records (marked as Two-source “Exact” CS) are shown again for comparative purposes. Table 

5.6 summarizes the results in terms of median of non-collapse responses and collapse 

probability obtained in a weighted aggregate and overall manner. The weighted aggregate 

manner means that the statistics obtained from the two record sets for the respective 

predominant scenarios are multiplied with the weight factors that are equal to the corresponding 

hazard contribution values for each dominant scenario and the results are subsequently 

summed. For the overall case, the statistics obtained from the overall records are assessed. 
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(a) 

 

(b) 
Figure 5.13. Empirical cumulative distribution functions for Normalized peak displacement to 

height ratio of the given SDOF system for the two predominated scenarios cases. Each panel 

compares the distributions obtained on the basis of the “Exact” CS-based target corresponding to 

each predominated scenario and the results from these two scenarios are mixed into a pool to 

generate one distribution. From the top to bottom, the considered conditional periods are (a) 0.75s, 

(b) 1.0s and (c) 1.5s respectively. The thin vertical lines in the figures represent the median value 

of response distribution obtained from respective techniques. Results are obtained from the 

techniques shown the following: Scenario 1 from records selected in Group B1 for one 

predominated scenario, Scenario 2 from records selected in Group B1 for another predominated 

scenario. Two-scenario “Exact” CS from Group B1(Continue in next page). 
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(c) 
Figure 5.13: Empirical cumulative distribution functions for Normalized peak displacement to 

height ratio of the given SDOF system for the two predominated scenarios cases. Each panel 

compares the distributions obtained on the basis of the “Exact” CS-based target corresponding to 

each predominated scenario and the results from these two scenarios are mixed into a pool to 

generate one distribution. From the top to bottom, the considered conditional periods are (a) 0.75s, 

(b) 1.0s and (c) 1.5s respectively. The thin vertical lines in the figures represent the median value 

of response distribution obtained from respective techniques. Results are obtained from the 

techniques shown the following: Scenario 1 from records selected in Group B1 for one 

predominated scenario, Scenario 2 from records selected in Group B1 for another predominated 

scenario. Two-scenario “Exact” CS from Group B1. 
 

Table 5.6: Median of non-collapse responses and collapse probability of responses assessed in a 

weighted aggregated and overall manner 

 

  Period of 0.75s Period of 1.0s Period of 1.5s 

 Aggregate Overall Aggregate Overall Aggregate Overall 

Median (m) 0.129 0.130 0.185 0.179 0.308 0.299 

CP 0.20 0.20 0.30 0.30 0.16 0.16 

Abbreviations: CP, Collapse probability. 

 

For the cases considered here, the different ways of checking provide essentially identical 

results even for the case at period of 0.75s. Recalling the values of the hazard contribution for 

each predominant scenario for the period of 0.75s (shown in Table 5.2), 13 records are selected 

to represent the scenario with the minimum contribution value of 0.26, and this number of 

records can be considered to provide a reasonable representation of the target scenario. It is 

necessary to note again that a smaller number of record may not provide sufficient information 

upon a target (Baker & Lew, 2017). Therefore, cases requiring a smaller number of records, it 
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may probably be better to assess the performance in an overall manner instead of in a weighted 

aggregate manner. Collapse probability obtained from the two ways of checking are equal due 

to the fact that the number of records selected for each predominant scenario is proportional to 

the value of the corresponding weight factor which is equal to the contribution value of that 

predominant scenario.  

The target number of selected records in this study is set as 50. This is a consequence of the 

fact that the objective of the study is to assess the potential bias existing in the approximation 

of the features of interest in all scenarios at the given site through the use of “Exact” CS-based 

target. These use of 50 records, given the intensity measures and response of interest in this 

study, performs well enough for obtaining excellent match scores for selecting records in order 

to subsequently obtain a sufficiently accurate response distribution. If a smaller number of 

records are considered, more sources of uncertainty or statistical variation exist. In this case, 

for example, part of the illustrated difference in the results obtained from the different 

techniques can probably be attributed to the mismatch of a small number of selected records to 

the respective targets. Furthermore, for a site with two dominant scenarios in the study of this 

chapter, the minimum number of selected records is 13 for the scenario with a contribution of 

26% in the case at period of 0.75s, given the target number of total selected records of 50. The 

robustness of the results obtained in this case deteriorates significantly as the number of 

selected records decreases. It is worth pointing out that in practice an analyst will often make 

use of far fewer records than 50. In this case, the advantages of making the use of two “Exact” 

CS-based target to represent two dominant scenarios are probably not obvious. For example, 5 

records can be selected for the scenario with the contribution of 26% in the case at period of 

0.75s, given a target number of total selected records of 20. The set of 5 records is likely unable 

to be informative and will not offer robust statistics. This is again the obvious consequence of 

the fact that a small number of records is highly unlikely to represent fully the target 

distribution, given the intensity measures are distributed according to a multivariate lognormal 

distribution. For the case where the relatively large number of selected records (e.g., >=20) is 

set for each of two predominated scenarios, an “Exact” CS-based target separately built for 

each predominated scenario increases the chance for involving all features of interest, as can 

be appreciated from the results in the study of this chapter.   
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5.5.3 Influence on structural response for a single dominant scenario 

Thus far, the potential bias existing in the approximation of the features of interest in all 

scenarios at the given site through the use of “Exact” CS-based target has been assessed for a 

case where two dominant scenarios define the hazard. Situations where just a single scenario 

dominates the hazard are also commonly encountered, such as for many coastal California sites. 

Thus, it is prudent to assess the performance of “Exact” CS-based target upon a case with a 

single dominate scenario. A site located at Riverside California with an average shear-wave 

velocity in the upper 30 meters of 387m/s is selected. The PSHA is conducted for this site and 

followed by the disaggregation for a spectral period of 1.0s at 1% probability of exceedance in 

30 years, as shown in Figure 5.1(a). The corresponding value of spectral acceleration is 0.78𝑔. 

The spectral acceleration at a period of 1.0s is chosen as the conditional intensity measure and 

the SDOF with natural elastic period of 1.0s which is the same used in last section is again 

utilized. The selected intensity measures are the same as those used previously in the last 

section for the case of natural elastic period of 1.0s. The technique in the Group D is conducted 

and, again, the results obtained from the Group C are still used as the benchmark. 
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Figure 5.14: Empirical cumulative distribution functions for Normalized peak displacement to height 

ratio of the given SDOF system for the one predominated scenario case. The panel compares the 

distributions obtained on the basis of the “Exact” CS-based target (i.e., Group D) and the benchmark 

(i.e., the third technique) shown in Table 5.1. Results are obtained from the techniques shown the 

following: Causal MR MCMC 2 from Group C, “Exact” CS MCMC2 from Group D. 

 

Figure 5.14 shows the results of full empirical cumulative distribution function (CDF) which 

includes the lumped probability mass associated with collapse. It should be noted that the ‘true’ 

response distribution is not possible to be confirmed. The Group C is the most closely elaborate 

the ‘true’ distribution, given the discussion shown in Section 5.4 and the results from the 

approach of ‘Exact’ CS-based target adopted with 2-means clustering are close to the 

benchmark, as evidence shown Section 5.5.2. Compared with the case at period of 1.0s for the 

two dominant scenarios, the difference between the results from the “Exact” CS-based target 

(Group D) and the benchmark (Group C) reduces. This is due to a fact that the chance for the 

single “Exact” CS-based target involving all features of interest is increased when a site with 

one predominated scenario is considered, in comparison of one “Exact” CS-based target for a 

site with two considered predominated scenarios. From the comparison of disaggregation 

distribution of Figure 5.1 (a) and Figure 5.4, it would have anticipated that the difference 

existing between the results obtained from the Group C and D are less for the case considered 

herein, in comparison of the case at periods of 0.75s and 1.5s shown in last section where the 
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sites are slightly close to sites with one dominant scenario. However, this is apparently not true 

when comparing the results of  Figure 5.14 with those of Figure 5.12 (a) and (c). This can be 

attributed to two causes: (1) two sets of records will match differently to individual IM of 

interest, despite the overall scores of the match being similar; and (2) the weighted linear 

aggregation used for the construction of “Exact” CS-based target may omit the critical features 

from a scenario with small contribution that is important for the risk analysis. It should be noted 

that the first cause is only a statistical fluctuation, instead of a systematic bias, and may also 

reflects not using the correct/optimal weights for the intensity measures. To provide further 

inside of that statistical fluctuation (see the discussion in Section 5.3), a site located at Santee 

California is chosen. The Sa(1.0s) with exceeded 0.1% probability in 30 years is chosen. The 

corresponding value of spectral acceleration is 0.74𝑔. The associated disaggregation 

information is shown in Figure 5.15. It can be appreciated that the disaggregation distribution 

of the site is far broader than the that of the site at Riverside California, but it is still with one 

modal scenario. It would have anticipated that the difference of Group C and Group D is larger 

than that in the previous case (the site at Riverside California). The analysis for the site at 

Riverside California is reconducted and the associated results are shown in Figure 5.16. As can 

be seen, the difference between the results from the “Exact” CS-based target (Group D) and 

the benchmark (Group C) reduces apparently, in comparison of that from the previous case. 

This suggests that the contribution from the statistical fluctuation most likely reduces 

significantly, in comparison of that for the previous case (the site at Riverside California). 

Again, the portion of difference can be explained on a physical base and the other portions are 

from the statistical fluctuation. However, the contributions from those two issues are currently 

not able to be quantified. Regarding the future studies, more scenarios are needed to be 

considered in order for quantifying the contributions from those two issues for the difference.   

Again, the two-sample K-S test adjusted for weighted observations is re-applied to the two 

cases considered in this section. The p values and test statistics are shown in Table 5.7. The 

results indicate that the difference of the two distributions are not significant enough to reject 

the null hypothesis that they are the same distribution.  
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Figure 5.15: Disaggregation for Sa(1.0s) with 0.1% probability of exceedance in 30 years at Santee 

California. 
 

Table 5.7: Test statistics and P values associated with two chosen cases for the comparison of 

“Exact” CS-based target and the benchmark. The two-sample K-S test is conducted with 

adjustments introduced for weighted observations. 
 

 Site at Riverside CA Site at Santee CA 

Test statistic 0.153 0.087 

P value 0.279 0.853 
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Figure 5.16: Empirical cumulative distribution functions for Normalized peak displacement to 

height ratio of the given SDOF system for the one predominated scenario case. The panel 

compares the distributions obtained on the basis of the “Exact” CS-based target (i.e., Group D) 

and the benchmark (i.e., the third technique) shown in Table 5.1. Results are obtained from the 

techniques shown the following: Causal MR MCMC 2 from Group C, “Exact” CS MCMC2 from 

Group D. 

5.6 Concluding Remarks 

This chapter assesses whether all features of interest for a give site can be well represented by 

the use of one target distribution constructed following the “Exact” CS-based approach which 

is commonly regarded as an exact approach within the community. The CS-based targets 

individually constructed for each scenario from the disaggregation results and the associated 

CDF of the response results are obtained accounting for the hazard contribution from each 

scenario of interest. This provides the benchmark case against which the other methods are 

compared. Note that this benchmark is as close as possible (aside from not considering the 

effects of epsilon) to a situation in which accelerograms are generated for each rupture and the 

intermediate intensity measure step is by-passed. This approach to defining a benchmark has 

not been adopted previously in other studies. 

For the site with two dominant scenarios, the techniques are introduced which have the goal of 

constructing targets separately for each dominant scenario. The different ground motion 
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selection methods (i.e., MCMCMGMS method 2 and IDAGMS) are adopted to evaluate the 

performance of the introduced techniques. On the basis of the results, we are not able to 

statistically reject the null hypothesis that the distribution of responses obtained for one “Exact” 

CS-based target accounting for all scenarios is the same as the benchmark. However, we do 

observe important differences in the response distribution estimates. While these are not 

‘statistically significant’ there are reasons why at least some portion of these differences should 

be systematic. Further studies need to be undertaken in the future for quantifying the 

differences contributed from the systematic issue. Two “Exact” CS-based targets built for two 

dominant scenarios, on average, are able to outperform the other techniques considered in this 

chapter. The impact from the systematic issue can be reduced through the use of two “Exact” 

CS-based targets for a case where two predominated scenarios are considered. The main point 

that can be made from these studies is that while the “Exact” CS-based formulation tries to 

account for variations in the conditional means over the rupture scenarios contributing to the 

hazard analysis, it only does so by aggregating contributions to the moments of a target 

distribution. This method leads to an inflation of the variance of the target distribution in 

comparison with a more traditional CS-based approach, but it does not reflect the multi-modal 

nature of many real sites. Therefore, the concentration of probability density in the aggregated 

target obtained in the “Exact” CS-based approach is not located in the same places as when 

targets following the identification of two or more dominant or representative scenarios.  

 

  



Chapter 6 - Conditional spectra for arbitrary damping ratios  

197 

 

Chapter 6                                                               

Conditional spectra for arbitrary damping ratios 

6.1 Introduction  

The strength of a ground motion can be quantified by one or more intensity measures. The 

selection of intensity measures for an analysis is made with the goal of accurately capturing 

the features from the site of interest that correlation well with the response parameter(s) of 

interest. Probabilistic seismic hazard analysis is conducted for the chosen intensity measure 

and then a target distribution is defined in a manner that tries to ensure consistency with the 

hazard analysis. Ground motions are then selected to match this target that explicitly 

incorporates these intensity measures. Other attributes of the ground motions are only 

implicitly considered. The targets most commonly used are the Conditional Mean Spectrum 

(CMS) (Baker, 2011) or, more generally, the Conditional Spectrum (CS) (Jayaram et al., 2011). 

The construction of these conditional targets requires the specification of correlations among 

the intensity measures that form the target. In the case of conditional spectra, the intensity 

measure used is the 5%-damped elastic spectral acceleration. The correlations are used in 

conjunction with the value of a particular conditioning spectral ordinate commonly chosen to 

be the spectral acceleration at the fundamental period of the structure of interest. When defining 

the CS, a period range is defined that should include the spectral ordinates that are of greatest 

relevance to the response of the structure of interest. For example, the recommended period 

range (e.g., Baker & Cornell (2008b), Kohrangi et al. (2017) ) when a moderate to high level 

of nonlinearity is expected is often from T1 to 1.5T1 or 2.0T1, where T1 is natural elastic period 

of the given structure. At shorter periods the range is informed by estimates of the periods of 

the highest modes of the system thought to significantly influence the response. When 

considering response periods longer than the fundamental period analysts are recognising that 

nonlinear response will occur and that the associated damage will lead to a reduction in the 

stiffness of the structure, and hence and elongation of the natural period. However, when 

defining a conditional spectrum, the use of 5%-damped spectral ordinates at these longer 

response periods can only approximately reflect the demands associated with the nonlinear 

response. The reason being that it has been well established that in addition to period elongation 

occurring, the system will also experience increased damping via hysteretic mechanisms. These 
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concepts are firmly embedded within equivalent linear systems used in displacement-based 

design as well as within the capacity spectrum method (among others). It should also be 

emphasised that the period range used to define the target is defined base upon a priori 

assumptions about the level of period elongation that will be experienced in any given situation. 

In principle, these levels should generally increase as the return period from the seismic hazard 

lengthens.  

The current chapter proposes a framework to establish a CS-based target with the goal of 

accounting for spectral accelerations at multiple damping ratios. In the study of this chapter, 

the application of the framework is focused on more accurately capturing the high nonlinear 

response of a given structure through accounting for specific periods at multiple damping 

ratios. Note that Hancock et al. (2008) defined target spectra at multiple damping ratios within 

the context of record selection, but did not give any attention to correlations among intensity 

measures and only defined median targets at multiple damping ratios. The primary missing 

ingredient that is developed within the current chapter is a model for inter-period correlations 

of response spectral ordinates at different damping ratios. Note that while the desire to associate 

the elongated response periods with higher damped spectral ordinates is one motivation, past 

studies (Bommer & Mendis, 2005; Stafford et al., 2008) have also shown that the variation of 

levels of spectral acceleration at damping ratios other than 5% of critical can be related to other 

intensity measures, such as duration. Therefore, when a multiple-damping ratio target spectrum 

is defined, this target is likely also to place more implicit constraints upon other intensity 

measures without having to include these explicitly within the target (and this can alleviate the 

need to mix ground-motion models developed from different datasets, and by different 

developers, etc). 

6.2 Target Construction 

The Conditional Spectrum (CS) target has been generalized to account for intensity measures 

other than spectral accelerations at different periods and the resultant target is known as 

Generalized Conditional Intensity Measure (GCIM) target (Bradley, 2010). The fundamental 

assumption used for the construction of CS is that spectral accelerations at different periods 

can be assumed to be distributed according to a multivariate lognormal distribution. The 

validity of this assumption has been demonstrated by Jayaram and Baker (2008). The 

assumption is directly extended to any arbitrary intensity measure (IM), which includes IMs 

other than spectral accelerations, in the study of GCIM (Bradley, 2010), yet is still on the basis 
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of intensity measures at 5% damping ratio. The target proposed in the study can be viewed as 

a target that the CS is generalized to spectral accelerations at different damping ratios. When 

the logarithmic spectral accelerations are accounted for, the conditional distribution of spectral 

accelerations at multiple periods and damping ratios given a spectral acceleration at 

conditioning period is still a multivariate normal distribution, ln 𝑺𝒂(𝑻)~𝒩(𝛍, 𝚺), where 𝛍 is 

the conditional mean vector and 𝚺 is the conditional covariance matrix. The procedure for the 

construction of conditional target accounting for the spectral accelerations at multiple damping 

ratios is presented in what follows. 

Each element, 𝜇𝑖, of conditional mean vector is defined by: 

 

𝜇𝑖 = 𝜇ln 𝑆𝑎𝑖,𝛽𝑘
|𝑟𝑢𝑝 + 𝜌ln 𝑆𝑎𝑖,𝛽𝑘

,ln𝑆𝑎𝑗,𝛽𝑙
𝜀ln 𝑆𝑎𝑗,𝛽𝑘

|𝑟𝑢𝑝𝜎ln 𝑆𝑎𝑖,𝛽𝑘
|𝑟𝑢𝑝 (6.1) 

 

where 𝑖 ∈ (1,… , n) and n is the number of considered vibration periods. 𝑘 ∈ (1,… ,m) and m 

is the number of considered damping ratio. lnSa𝑖,𝛽𝑘
 is the logarithmic spectral acceleration at 

the ith vibration period and at the 𝑘th damping ratio. The marginal mean and standard deviation 

of the spectral acceleration at the ith vibration period and the kth damping ratio denoted as 

𝜇ln𝑆𝑎𝑖,𝛽𝑘
|𝑟𝑢𝑝 and 𝜎ln𝑆𝑎𝑖,𝛽𝑘

|𝑟𝑢𝑝, respectively. The marginal moments are obtained through the use 

of a chosen Ground Motion Prediction Equation (GMPE) given a specific rupture, 𝑟𝑢p, which 

is a function of causal parameters (e.g., magnitude, distance and site conditions). The 

correlation coefficient of spectral accelerations at two different periods and damping ratios is 

denoted by 𝜌ln 𝑆𝑎𝑖,𝛽𝑘
,ln 𝑆𝑎𝑗,𝛽𝑙

. The correlation coefficient is assumed independent of rupture 

scenario. The dependence of rupture scenario needs to be identified when the prediction 

function of correlation coefficients is developed in the future. The correlation coefficient in the 

study is computed directly from the database. The procedure of derivation and calculation of 

these correlation coefficients is presented in the next section. For notational brevity, the explicit 

dependence upon 𝑟𝑢𝑝 is removed from the notation hereafter (i.e., 𝜇lnSa𝑖,𝛽𝑘
|𝑅𝑢𝑝 is denoted by 

𝜇lnSa𝑖,𝛽𝑘
). The mean lnSa (logarithmic spectral acceleration) is equal to the natural logarithm 

of median spectral acceleration. For the prediction of median spectral acceleration at the 

damping ratio of D% (normally other than 5%), a predicted median damping correction factor 

(DSF) is applied to update the predicted median spectral acceleration at the damping ratio of 

5% by using a damping scaling factor of the following form: 
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𝐷𝑆𝐹 =  
𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑎𝑡 𝑑𝑎𝑚𝑝𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝐷%

𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑎𝑡 𝑑𝑎𝑚𝑝𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 5%
 (6.2) 

 

Many relationships for the prediction of DSF have been proposed, but that most have 

limitations on period range (e.g., Stafford et al., (2008), or not providing many damping ratios 

(e.g., Akkar & Bommer (2007) ). Equations for the prediction of ln(𝐷𝑆𝐹) developed in 

Rezaeian et al. (2012) are used in the study. The prediction function of DSF is dependent on 

period, magnitude and distance. The last two parameters are effectively surrogates for the 

strong influence of duration on the prediction of DSF(Rezaeian et al., 2012; Stafford et al., 

2008).  

The unconditional covariance 𝚺𝟎 is defined as: 

 

𝚺0 = 

[
 
 
 
 

𝜎ln Sa1,𝛽1

2 𝜌ln Sa1,𝛽1,ln Sa2,𝛽2
𝜎ln Sa1,𝛽1

𝜎ln Sa2,𝛽2
⋯

𝜌ln Sa2,𝛽2,ln Sa1,𝛽1
𝜎ln Sa2,𝛽2

𝜎ln Sa1,𝛽1
𝜎ln Sa2,𝛽2

2 ⋯

⋮
𝜌ln Sa𝑛,𝛽𝑚,ln Sa1,𝛽1

𝜎ln Sa𝑛,𝛽𝑚
𝜎ln Sa1,𝛽1

⋮
𝜌ln Sa𝑛,𝛽𝑚,ln Sa2,𝛽2

𝜎ln Sa𝑛,𝛽𝑚
𝜎ln Sa2,𝛽2

⋱
⋯

  

𝜌ln Sa1,𝛽1,ln Sa𝑛,𝛽𝑚
𝜎ln Sa1,𝛽1

𝜎ln Sa𝑛,𝛽𝑚

𝜌ln Sa2,𝛽2,ln Sa𝑛,𝛽𝑚
𝜎ln Sa2,𝛽2

𝜎ln Sa𝑛,𝛽𝑚

⋮
𝜎ln Sa𝑛,𝛽𝑚

2

]
 
 
 
 

 

 (6.3) 

 

The covariance 𝚺1 between lnSa𝑖,𝛽𝑘
 and lnSa𝑗,𝛽𝑙

 represents a single column for the conditional 

spectral acceleration, lnSa𝑗,𝛽𝑙
 ,in the 𝚺0 and is defined by: 

 

𝚺1 =

[
 
 
 
 
𝜌ln 𝑆𝑎1,𝛽1,ln 𝑆𝑎𝑗,𝛽𝑙

𝜎ln𝑆𝑎1,𝛽1
𝜎ln𝑆𝑎𝑗,𝛽𝑙

⋮
𝜌ln 𝑆𝑎𝑖,𝛽𝑘,ln 𝑆𝑎𝑗,𝛽𝑙

𝜎ln𝑆𝑎𝑖,𝛽𝑘
𝜎ln𝑆𝑎𝑗,𝛽𝑙

⋮
𝜌ln𝑆𝑎𝑛,𝛽𝑚,ln 𝑆𝑎𝑗,𝛽𝑙

𝜎ln𝑆𝑎𝑛,𝛽𝑚
𝜎ln 𝑆𝑎𝑗,𝛽𝑙]

 
 
 
 

 (6.4) 

 

The conditional covariance matrix conditioned upon lnSa𝑗,𝛽𝑙
 is computed as: 

 

𝚺 = 𝚺0 −
1

𝜎lnSa𝑗,𝛽𝑙

2 𝚺1𝚺1
𝑻  (6.5) 

 

where 𝚺1
𝑇 denotes the transpose of 𝚺1. Note that the contents of the conditional covariances 

corresponding to the conditioning spectral acceleration are always equal to zero. Equations 

(6.1) to (6.5) provide the necessary components to establish a target distribution. These 
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expressions are the same as those used for a more common CS, the only difference being that 

the spectral accelerations can correspond to different damping ratios. 

The values of spectral acceleration at the conditioning period and damping ratio should be 

exactly consistent with that of the target for all records in the prospective database. As only 

spectral accelerations are chosen in the study of this chapter, linear scaling is applied to ensure 

this consistency.  

6.3 Calculation of the correlation coefficient 

The level of spectral acceleration at a given vibration period and at a damping ratio of D% can 

be represented by the use of a GMPE in the following manner: 

 

lnSa𝑖,𝑗,D = lnSa𝑖,𝑗,D
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ + η𝑖,D + 𝜉𝑖,𝑗,D (6.6) 

 

where lnSa𝑖,𝑗,𝐷 is the natural logarithm of spectral acceleration at a specific period and at the 

damping ratio of D% obtained from 𝑗th record within the 𝑖th earthquake event. lnSa𝑖,𝑗,D
̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the 

natural logarithm of median spectral acceleration obtained through the use of the damping 

scaling factor (DSF) to update the value obtained from a specific GMPE to its corresponding 

value at the damping ratio of D%, i.e., ln𝑆𝑎𝑖,𝑗,𝐷
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = ln𝑆𝑎𝑖,𝑗,5 + ln𝐷𝑆𝐹. For the observations at 

damping ratio of D%, η𝑖,D denotes the between-event residual of 𝑖th earthquake event and 𝜉𝑖,𝑗,D 

denotes the within-event residual of the 𝑗th observation from the 𝑖th earthquake event. These 

two parameters are assumed to be distributed according to two independent normal 

distributions with zero mean and standard deviations of τD and ϕD for the between-event and 

within-event residuals, respectively. The two standard deviations both are a function of 

vibration periods and damping ratios. To describe the correlation among intensity measures 

(i.e., spectral accelerations at multiple vibration periods and damping ratios), it is necessary to 

use the total residual, 𝜀𝑖,𝑗,𝐷, to represent the difference between the observation and prediction 

for each record at each considered damping ratio of D%.  

 

𝜀𝑖,𝑗,𝐷 = lnSa𝑖,𝑗,D − lnSa𝑖,𝑗,D
̅̅ ̅̅ ̅̅ ̅̅ ̅̅  (6.7) 

 

In order to compute the total residuals at a damping ratio of 𝐷%, it is necessary to first obtain 

the observations of spectral accelerations at this damping ratio. The flatfiles associated with 
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the PEER NGA-West 2 database provide damped spectral ordinates at several specific damping 

ratios. It should be noted, however, that the NGA-West2 spectral ordinates are provided as a 

single orientation-independent horizontal amplitude for each pair of horizontal components. 

The correlations at those damping ratios are developed and then interpolation is used for 

obtaining the correlations within the interval of those damping ratios. 

After obtaining the total residuals for each specific period and damping ratio, the associated 

within-event residuals, between-event residuals and the standard deviation for within- and 

between-event residuals are able to be computed through the use of linear mixed effects model. 

The linear mixed effects model used in the study of this chapter holds an assumption of 

homoscedastic (i.e., the variance of residuals is the same across of different groups). However, 

the published variance components are obtained in a heteroskedastic manner. The method to 

obtain correlation coefficient of the pair of spectral accelerations by the use of published 

variance components are introduced in Baker and Bradley (2017). They used the algorithm of 

mixed effects regression proposed by Jayaram and Baker (2010) with the published variance 

components. However, the published variance components are only available for the residuals 

at damping ratio of 5%. The residuals at damping ratio of 5% are obtained by the use of 

published variance components, yet the residuals at other damping ratios are computed by the 

use of linear mixed effects model. We instead use a linear mixed effects model for all damping 

ratios of interest in order for obtaining residuals in a consistent manner. We have computed the 

correlation coefficient at 5% damping ratio through those two ways and the results are quite 

close. Therefore, in the study of this chapter, the linear mixed effect model is used for 

computing the correlation coefficient of two spectral accelerations. The function of fitlme built 

in MATLAB on the basis of maximum likelihood estimation are adopted. Then, for each pair 

of intensity measures, lnSa1 = lnSa(T1, 𝐷1) and lnSa2 = lnSa(T2, 𝐷2), a correlation 

coefficient is computed using the following equation: 

 

𝜌lnSa1,lnSa2
=

𝜌η̃1,η̃2
τ1τ2 + 𝜌�̃�1,�̃�2

ϕ1ϕ2

𝜎1𝜎2
 (6.8) 

 

where τ𝑖 = τ(T𝑖, 𝐷𝑖) and ϕ𝑖 = ϕ(T𝑖, 𝐷𝑖) are the standard deviation of between-event residuals 

and within-event residuals, respectively, and both are a function of periods and damping ratios. 

𝜎𝑖 = √τ𝑖
2 + ϕ𝑖

2
 is total standard deviation for the spectral acceleration at the 𝑖th period and 

the 𝑖th damping ratio. In Equation (6.8), the 𝜌 terms on the right-hand-side are Pearson's linear 

https://uk.mathworks.com/help/stats/corr.html#mw_1b19e0d5-7906-4577-a0a5-b20311da7faf
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correlation coefficients computed with Equation (6.9) for the normalized between-event, 

𝜌η̃1,η̃2
, and normalized within-event, 𝜌�̃�1,�̃�2

 cases, respectively. Normalized between-event 

residuals are obtained from dividing between-event residuals by their respective standard 

deviations. The normalized within-event residuals are obtained in the same way. 

𝜌a1,a2
=

∑ [(a1,𝑖 − a1̅)(a2,𝑖 − a2̅̅ ̅)]𝑁
𝑖=1

√∑ [(a1,𝑖 − a1̅)
2
]𝑁

𝑖=1 ∑ [(a2,𝑖 − a2̅̅ ̅)
2
]𝑁

𝑖=1

 
(6.9) 

 

In Equation (6.9), N is the number of pairs of spectral ordinates. a1̅ and a2̅̅ ̅ are the sample means 

of a1,𝑖 and a2,𝑖, respectively. 

To obtain correlation coefficients for damping ratios that are not represented in the NGA-West2 

flatfiles, but that are within the range of the damping ratios that are provided, linear 

interpolation is used. Rather than applying the linear interpolation on the correlation values 

directly, the Fisher z transformation is first applied, as shown in Equation (6.10). Then, the 

linear interpolation is applied to the associated z values and the interpolated 𝜌 of interest is 

obtained by the use of inverse transformation, as shown in Equation (6.11). 

 

𝑧 =  
1

2
ln (

1 + 𝜌

1 − 𝜌
) (6.10) 

 

𝜌 =  
exp(2𝑧) − 1

exp(2𝑧) + 1
 (6.11) 

 

Thus far, the necessary components to establish correlation coefficients of two spectral 

accelerations have been provided. The correlation coefficients for spectral accelerations at a 

variety of periods pairs and damping ratios can be computed. The response spectral ground-

motion model of Chiou and Youngs 13(2014) is utilized for making predictions of the 5% 

damped spectral ordinates. The records used by the authors of ground-motion model are only 

used with a consideration of lowest usable frequencies14 to compute 𝜀𝑖,𝑗,𝐷 at each damping ratio 

of interest. The damping ratios of interest are 5%, 7%,10%,15%,20%,25% and 30%. The seven 

chosen damping ratios are because they are currently available from PEER NGA-West 2 flatfile 

which is used to compute the correlations. The periods from 0.01s to 10s which has been used 

                                                 
13 The code scripts of ground motion model can be accessed from the Prof. Jack Baker research group website. 
14 The data can be accessed through the electronic supplement of the study (Baker & Bradley, 2017). 

https://uk.mathworks.com/help/stats/corr.html#mw_1b19e0d5-7906-4577-a0a5-b20311da7faf
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in the NGA-West2 database are chosen. The spectral acceleration definition for a single 

orientation-independent horizontal amplitude for each pair of horizontal components is adopted 

here. The correlation coefficients for spectral accelerations at a variety of period pairs (over 

chosen period range) and damping ratios of interest are plotted in Figure 6.1. 

 

(a) 

 

(b) 
Figure 6.1: Correlation coefficients computed from the NGA-West 2 data at different damping 

ratios (%). The specifies one period is shown on the x axis and the second period is (a) 0.3s, (b) 

1.0s, (c) 3.0s. The ground-motion model of Chiou and Youngs (2014) is used to compute the 

correlation. (Continue in next page) 
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(c) 
Figure 6.1: Correlation coefficients computed from the NGA-West 2 data at different damping 

ratios (%). The specifies one period is shown on the x axis and the second period is (a) 0.3s, (b) 

1.0s, (c) 3.0s. The ground-motion model of Chiou and Youngs (2014) is used to compute the 

correlation. 
 

Figure 6.1 shows the correlations among spectral accelerations at the chosen range of periods 

and at multiple damping ratios. The correlation coefficients for different damping ratios 

generally follow a similar pattern as for the 5% damping case. For a specific pair of periods, 

the value of correlation coefficient increases as the considered damping ratio increases. For 

each damping ratio of interest, the correlation coefficients of one period varying from a period 

range and the chosen period (i.e., 0.3s, 1.0s, 3.0s) shown in Figure 6.1 are tabulated and 

reported in Appendix A where the period range is set as a vector of (0.1, 0.3, 0.5, 0.7, 0.9, 1.0, 

1.2, 1.5, 2.0, 2.5, 2.7, 3.0, 3.5, 4.0, 4.5, 5.0, 6.0, 7.0, 9.0). Other ground-motion models 

developed for the NGA West 2 are needed to be adopted for the computing correlation 

coefficients with the records used by the ground-motion models’ authors. The associated results 

need to be compared with the results shown in the study of this chapter. The results of 

correlation coefficients obtained from a chosen ground-motion model are needed to be fitted 

with a predictive equation in the future and meanwhile the dependence of rupture scenario need 

to be identified. 
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6.4 Discrete Fourier Transform 

The single ground motion component is needed for the time history response analysis. 

However, in the NGA-West2 and PEER NGA-West 2 flatfiles, spectral ordinates are provided 

as a single orientation-independent horizontal amplitude for each pair of horizontal 

components. Thus, Discrete Fourier Transform is adopted with the as recorded components of 

accelerograms to compute the response spectra at damping ratios of interest (i.e., 5%, 7%, 10%, 

15%, 20%, 25% and 30%).  The Discrete Fourier Transform is detailed in what follows. 

In the case that the response spectral ordinates need to be computed from the accelerograms, a 

frequency-domain procedure is applied, as detailed below. The equation of motion for a single-

degree-of-freedom (SDOF) system is defined as: 

 

𝑚�̈�(𝑡) + 𝑐�̇�(𝑡) + 𝑘𝑦(𝑡) = −𝑚𝑥(𝑡) (6.12) 

 

where m, c and k are mass, damping coefficient and stiffness of the given system, respectively. 

𝑥(𝑡) is the time series of acceleration, and 𝑦(𝑡) is the displacement response of the SDOF 

system with overdots representing differentiation with respect to time. 

Taking the Fourier transform of both sides results in: 

 

𝑚(𝑖𝜔)2𝐹[𝑦(𝑡)] + 𝑐(𝑖𝜔)𝐹[𝑦(𝑡)] + 𝑘𝐹[𝑦(𝑡)] = −𝑚𝐹[𝑥(𝑡)] (6.13) 

 

where 𝜔 is the angular frequency and when a discrete Fourier transform is performed these 

frequencies are 𝜔 = {𝜔0, 𝜔1, … , 𝜔N

2

, 𝜔
−

N

2
+1

, … , 𝜔−2, 𝜔−1} where N is the number of uniformly 

spaced points in the time-domain signal (which is normally zero-padded to obtain a length 

equal to some integer power of 2). F denotes the Discrete Fourier Transform. Following from 

Equation (6.13), the time history response of displacement can be obtained by the Equations 

(6.14)-(6.16) shown in what follows: 

 

𝑦(𝑡) = 𝐹−1 [
1

𝐻(𝜔)
𝑋(𝜔)] (6.14) 

 

𝑋(𝜔) = 𝐹[𝑥(𝑡)] (6.15) 
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𝐻(𝜔) = 𝜔𝑛
2 + 2𝑖𝜔𝜔𝑛𝜁 − 𝜔2 (6.16) 

 

where 𝐻(𝜔) is the frequency response function in which 𝜔𝑛 is natural angular frequency and 

𝜁 is damping ratio for the SDOF system. 𝐹−1 denotes the inverse Discrete Fourier Transform. 

The spectral displacement is max|𝑦(𝑡)|. That is, spectral displacement is the maximum 

absolute displacement response for a structure subject to a ground motion. The elastic (pseudo)-

spectral acceleration (‘pseudo’ is omitted hereafter), 𝑆𝑎,𝐷, is obtained from 𝑆𝑎,𝐷 = 𝜔𝑛
2𝑆𝑑,𝐷, 

where 𝑆𝑑,𝐷 is the spectral displacement at the damping ratio of D%.  It should be noted that the 

accelerograms for the NGA West 2 database are quite limited accessed, the accelerograms from 

NGA West database are used in the study of this chapter for selecting records to input into the 

time history analysis. That is, Discrete Fourier Transform is adopted for the records in the NGA 

West database (i.e., first 3551 records in the NGA West 2 database) to generate the response 

spectra for different damping ratios of interest to select records for the subsequently conducted 

time history analyses. 

 

6.5 Advantages of the proposed target 

With the incorporation of the contents introduced in the last section, a CS-based target is able 

to be constructed for the spectral accelerations at arbitrary damping ratios. This target is 

referred to as the Damped Conditional Spectrum (DCS) in the study of this chapter. As can be 

seen in the equations from ATC-40 (1996) for computing an effective damping ratio and 

effective period, the effective period and effective damping ratio for a structure rapidly increase 

once it yields and the increase does not terminate until the structure collapses. Thus, it is 

beneficial to more accurately capture that process through the use of the DCS accounting for 

the spectral accelerations at multiple damping ratios. For the cases where response spectra at 

damping ratios other than 5% are desired, the prolific use of spectral accelerations at multiple 

periods and only at the 5% damping ratio is assumed to provide a proxy for the spectral 

accelerations at these other damping ratios. However, the DCS provides a way to explicitly 

account for the relationship of responses being sensitive to spectral accelerations at the 

damping ratios other than 5%. Taking more intensity measures (IMs) other than spectral 

accelerations is commonly done for the construction of the GCIM, if those intensity measures 

are considered important for the response of interest. Before involving the intensity measures 

other than spectral accelerations in the construction of target, it is necessary to ensure whether 
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the impacts of those intensity measures upon a specific response can not be replaced with 

spectral accelerations at different periods and different damping ratios. That is, the extension 

of current database of spectral accelerations to different damping ratios is able to implicitly 

involve more no-spectral IMs related to the different characteristics of a ground motion. For 

example, it is well acknowledged that the damping correction factors have a strong dependence 

upon the duration content of a ground motion. The IMs can be implicitly accounted for by over 

damped spectral accelerations if they correlated well. If the response dependent a bit upon the 

IMs and the DCS is adopted, the bias will not be introduced even the IMs are not explicitly 

constructed in the target. Additionally, correlation models have not been derived in a perfectly 

consistent manner for the different combinations of intensity measures.  That is, different 

subsets of data are used for developing the ground motion models and the empirical 

correlations for the different IM combinations use the different ground-motion model to 

generate the observations. This can result in a covariance matrix that is not positive definite. 

However, the use of DCS significantly reduces the chances of not having a positive definite 

covariance matrix, as the correlation among spectral accelerations are consistently obtained 

from the same database. However, there is still a small possibility of generating a non-positive 

definite covariance matrix for the DCS target. This can probably be attributed to several 

aspects, such as fitting problems for the development of predictive equation or the interpolation 

applied within the procedure of a DCS target construction.  

 6.6 Capacity Spectrum Method 

The main objective of the DCS is to more accurately capture the effective period and effective 

damping ratio changing throughout the response process of a structure as it moves from elastic 

response to yield and towards the final global dynamic instability (or some other nonlinear 

state). The hope is that this subsequently provides a more robust estimation of response 

distribution in comparison with that obtained only using spectral ordinates with the 5% 

damping ratio. There are different approximate methods (e.g., displacement-based approach) 

which are able to provide the estimation of nonlinear. Capacity Spectrum Method (CSM) 

(ACT-40) is one of those methods and allows for providing equivalent linear parameters (i.e., 

effective period and damping ratio) for the predicted maximum displacement. The CSM is a 

procedure whereby the performance of a given structure subject to a given ground motion is 

able to be visually evaluated by the intersection of a capacity curve (e.g., pushover curve) and 

a demand curve. The demand curve is an elastic spectrum and is iteratively reduced to account 
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for the energy dissipated by a given structure during its nonlinear response. The intersection of 

the capacity curve and the iteratively updated demand curve intuitively identifies a state 

dynamic equilibrium and that associated with the maximum demand implies the maximum 

response of a given structure. The disadvantages of CSM have previously been outlined in the 

literature review. The last updated for CSM is provided by FEMA-440 (Applied Technology 

Council, 2005) which has been developed more than 13 years though (Kyriakides et al., 2018). 

FEMA-440 kept most of content related to the CSM in the ACT-40 yet changed the way to 

identify the optimal equivalent linear parameters. The direct iteration method in the FEMA-

440 is used in the study for estimating the maximum response in order for helping to specify 

the relevant period range for high nonlinear. Because the method merely allows for obtaining 

the effective period and damping ratio at the predicted maximum displacement response. The 

way used in the study of this chapter to specify the relevant period range for different damping 

ratios can be defined in what follows. The spectral accelerations at period range around (e.g., 

± 0.1s) the effective period are over damped on the basis of the effective damping ratio. The 

spectral acceleration at periods larger than that range are damped to higher damping ratio as 

the period and damping will be evolving throughout the response. 

In the ACT-40, the secant stiffness is applied to compute the equivalent linear parameters. The 

direct iteration method in the FEMA-440 uses equations to predict the equivalent linear 

parameters because significant overestimations may arise in the computed equivalent linear 

parameters when the secant stiffness is applied (Applied Technology Council, 2005). For 

developing the equations for an effective period and damping ratio, the FEMA-440 used an 

optimization method whereby the percentage error between the displacements of inelastic 

systems obtained from time history response analyses with a consideration of variety hysteretic 

systems and those of linear SDOF systems with different combinations of periods and damping 

ratios are minimized in a statistical manner. The FEMA-440 then provides the equations for 

computing the effective period and damping ratio which can be used for any hysteretic model 

and post-elastic stiffness. The equations are shown herein and used in the study of this chapter 

to estimate the optimal equivalent linear parameters (effective period 𝑇𝑒𝑓𝑓 and effective 

damping ratio 𝜁𝑒𝑓𝑓): 

 

For 1.0 < 𝜇 < 4.0: 

 

𝑇𝑒𝑓𝑓 = (0.20(𝜇 − 1)2 − 0.038(𝜇 − 1)3 + 1)𝑇0 (6.17) 
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𝜁𝑒𝑓𝑓 = 4.9(𝜇 − 1)2 + 1.1(𝜇 − 1)3 + 𝜁0 (6.18) 

For 4.0 ≤ 𝜇 ≤ 6.5: 

𝑇𝑒𝑓𝑓 = (0.28 + 0.13(𝜇 − 1) + 1)𝑇0 (6.19) 

 

𝜁𝑒𝑓𝑓 = 14 + 0.32(𝜇 − 1) + 𝜁𝑒𝑓𝑓 (6.20) 

For 𝜇 > 6.5 

𝑇𝑒𝑓𝑓 = (0.89(√
(𝜇 − 1)

1 + 0.05(𝜇 − 2)
− 1) + 1)𝑇0 (6.21) 

 

𝜁𝑒𝑓𝑓 = 19(
0.64(𝜇 − 1) − 1

[0.64(𝜇 − 1)]2
) (

𝑇𝑒𝑓𝑓

𝑇0
)
2

+ 𝜁0 (6.22) 

 

Where 𝑇0 is the initial period and 𝜁0 is the initial damping ratio (%). Apparently, the effective 

period and damping ratio obtained in the FEMA-440 are the function of ductility, 𝜇. Involving 

the ductility means that the method is still an iterative procedure.  

As a SDOF system is applied in the study of this chapter, the sequence steps for the application 

of the direct iteration method to a SDOF system is merely outlined in what follows: 

 

1. Plot the force-deformation diagram where the capacity curve (pushover curve) and the 

demand curve are both in the format of A-D (Acceleration-Displacement) and use an 

elastic response spectrum at 5% damping ratio for the initial demand curve. 

2. Select an initial performance point to estimate the corresponding displacement  𝐷p𝑖
 in 

order for computing the ductility at this point. 

3. Apply the equations developed in the FEMA-440 for the effective periods, 𝑇𝑒𝑓𝑓, and 

effective damping ratio, 𝛽𝑒𝑓𝑓,which are both a function of ductility. 

4. Plot the elastic response spectrum calculated at the effective damping ratio obtained in 

the last step and then determine the new displacement 𝐷i. The new displacement is 

obtained from the intersection of the radial effective period, 𝑇𝑒𝑓𝑓, and the demand curve 

adjusted to 𝛽𝑒𝑓𝑓. 

5. Check for convergence. If the difference between the newly estimated displacement, 𝐷i, 

and previous displacement is within a tolerance, the displacement is the maximum 

response. Otherwise, 𝐷i is used as a seed for the next trial.  
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Figure 6.2: Determination of estimated maximum displacement using direct iteration method in 

FEMA-440 
 

A plot for the procedure described above is shown in Figure 6.2. Conditional Mean Spectrum 

at 5% is used as the initial demand curve. The period range is set as a vector of (0.1, 0.3, 0.5, 

0.7, 0.9, 1.0, 1.2, 1.5, 2.0, 2.5, 2.7, 3.0, 3.5, 4.0, 4.5, 5.0, 6.0, 7.0, 9.0) and Chiou and Youngs 

(2014) is adopted. As can be seen, there is no intersection of the capacity curve and demand 

curve when applying the direct iteration method in the FEMA-440 through the use of Equations 

(6.17) to (6.22). It instead is an intersection of the radial effective period with the demand curve 

adjusted on the basis of corresponding effective damping ratios (i.e., the triangle shown in 

Figure 6.2). The check for convergence used in the study of this chapter is 
𝐷𝑖+1−𝐷𝑖

𝐷𝑖+1
 ≤ tolerance 

and 0.05 is used as the tolerance. 

It should be kept in mind that the improved CSM used in the study of this chapter merely for 

assisting in the estimation the effective period and damping ratio corresponding to the high 

nonlinear responses. The improved CSM probably is not able to provide an adequately accurate 

estimation, as the discussions shown in the literature review. However, it still provides a way 

to estimate the level of expected demand in order to assist in identifying the range of periods 

and damping ratios adopted for the construction of DCS for an underlying system. That period 

range and damping ratio allow us to more accurately and more directly capture the high 

nonlinear of a given system, rather than the prolific use of spectral accelerations at the same 

period range but at 5% damping ratio to implicitly account for the spectral accelerations at 
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other damping ratios of interest. The weighted factors for each spectral acceleration over the 

range can be decided, provided that the experiencing time distribution for each combination of 

an effective period and a damping ratio is obtained. This can be studied in the future.  

6.7 Optimization method for assessing the performance of the 

improved CSM 

The implementation of the improved CSM (direct iteration method) in the FEMA-440 is able 

to identify an estimation of maximum response, whereas the method was proposed more than 

a decade ago over which time a number of developments have been arisen in the field in terms 

of material models and response history analysis. Thus, it is prudent to develop a way to 

establish a benchmark to assess the results when applying the improved CSM. In this section, 

an optimization method which is developed in a similar way to that used for developing the 

prediction equations for the optimal equivalent linear parameters in the FEMA-440. The results 

of the optimization method are adopted to assess the performance of the results from the 

improved CSM. The introduced method is currently able to provide assessments for the results 

from the improved CSM in an approximate manner due to the limited number of records in the 

database. However, in comparison of CSM, the method is able to provide much more 

information of response of a given structure for the construction of a DCS, when the limitation 

is released in the future. The method is developed for a given nonlinear SDOF system. The 

approach for identifying the equivalent nonlinear SDOF of an underlying structure is out of 

scope in the thesis. 

A linear SDOF system can be used to approximately solve the differential equation of motion 

for a given nonlinear SDOF system. The equation of motion is expressed as: 

 

�̈�(𝑡) +
4𝜋𝜁𝑒𝑓𝑓

𝑇𝑒𝑓𝑓
�̇�(𝑡) + (

2𝜋

𝑇𝑒𝑓𝑓
)2𝑦(𝑡) + 𝑒𝑟𝑟 = −�̈�(𝑡) (6.23) 

 

where 𝜁𝑒𝑓𝑓 and 𝑇𝑒𝑓𝑓 are the effective damping ratio and period, respectively. �̈� is ground 

motion excitation as an acceleration.  

 

As can be appreciated from Equation (6.23), the effective period and effective damping ratio 

are two parameters which are only needed for the optimization of the 𝑒𝑟𝑟 (i.e., minimized 𝑒𝑟𝑟). 

That is, a given nonlinear SDOF system may be well represented by an equivalent linear SDOF 
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system and how well the performance is dependent upon the chosen effective period and 

effective damping ratio. For a given ground motion excitation, it can be noted that the different 

combinations of effective periods and damping ratios can lead to a similar (or even the same) 

value of 𝑒𝑟𝑟. Thus, the use of spectral accelerations at different periods yet all at damping ratio 

of 5% could implicitly account for the spectral accelerations at other damping ratios. 𝑦(t) is 

the solution of the differential equation and its maximum absolute value is the maximum 

displacement response.  

6.7.1 The development of the optimization method 

In order to build the benchmark to assess the effective period and effective damping ratio 

obtained from the improved CSM for a given nonlinear SDOF, 𝑛 different periods and 𝑚 

different damping ratios are considered. The combination of those periods and damping ratios 

of interest results in 𝑛 ×  𝑚 linear SDOF systems. For the 𝑗th unscaled ground motion  record 

inserted into a time history analysis, the maximum displacement response obtained from the 𝑖th 

linear SDOF system (𝑖 = 1, 2, …, 𝑛 ×  𝑚) is denoted as 𝐷𝑙𝑖𝑛,𝑇𝑘,𝛽ℎ,𝑗, and that for the given 

nonlinear SDOF system is marked as 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑗. The subscripts of  𝐷𝑙𝑖𝑛,𝑇𝑘,𝛽ℎ,𝑗 refer to a linear 

response obtained from a linear SDOF constructed by the 𝑘th period of interest (k = 1, 2, …, n) 

and the ℎth damping ratio of interest (h = 1, 2, …, m), when the 𝑗th record are considered in the 

time history analysis. That is, for the 𝑗th record, there is a matrix for the response of all linear 

SDOF of interest. The size of matrix is 𝑛 ×  𝑚 (n rows and m columns) and is called as the 𝑗th 

linear response matrix, 𝑹𝒆𝒔𝑗, as shown in Equation (6.24). For 𝑁𝑎𝑙𝑙 records in the prospective 

database, there are 𝑁𝑎𝑙𝑙 linear response matrixes and 𝑁𝑎𝑙𝑙 nonlinear responses 𝐷𝑛𝑜𝑛𝑙𝑖𝑛.  

 

𝑹𝒆𝒔𝑗  =

[
 
 
 
𝐷𝑙𝑖𝑛,𝑇1,𝛽1,𝑗 𝐷𝑙𝑖𝑛,𝑇1,𝛽2,𝑗 ⋯

𝐷𝑙𝑖𝑛,𝑇2,𝛽1,𝑗 𝐷𝑙𝑖𝑛,𝑇2,𝛽2,𝑗 ⋯

⋮
𝐷𝑙𝑖𝑛,𝑇𝑛,𝛽1,𝑗

⋮
𝐷𝑙𝑖𝑛,𝑇𝑛,𝛽2,𝑗

⋱
⋯

  

𝐷𝑙𝑖𝑛,𝑇1,𝛽𝑚,𝑗

𝐷𝑙𝑖𝑛,𝑇2,𝛽𝑚,𝑗

⋮
𝐷𝑙𝑖𝑛,𝑇𝑛,𝛽𝑚,𝑗]

 
 
 

 (6.24) 

 

After the maximum displacement response (MDR) corresponding to the effective period and 

effective damping ratio from the improved CSM is obtained, the 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 nonlinear 

responses (𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 of 𝑁𝑎𝑙𝑙) being equal to the MDR are chosen and the corresponding 

records which lead to those nonlinear responses are selected (i.e., 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 records selected). 

The nonlinear response is marked as 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆. Each of 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 records is associated with 
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a linear response matrix, so the linear response matrixes obtained through the use of 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 

records are chosen. For the 𝑝th chosen linear response matrix, the matrix of measure of the 

difference (𝑒𝑟𝑟), 𝜺𝑒𝑟𝑟,𝑝 ,of the linear response matrix and the nonlinear response, 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆, 

(i.e., being equal to the maximum displacement response obtained from the improved CSM) is 

defined following: 

 

𝜺𝑒𝑟𝑟,𝑝 = 
𝑹𝒆𝒔𝑝 − 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆

𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆
 (6.25) 

  

As can be appreciated from the equation above, negative values in the 𝜺𝑒𝑟𝑟,𝑝 matrix indicate an 

underestimation while positive values for an overestimation. That is, different combinations of 

considered periods and damping ratios provide different (or similar) values of error measure. 

Each chosen linear response matrix results in a matrix of difference measure. Thus, there are 

𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 matrixes of difference measure. The element in the 𝑖th row and 𝑗th column of 𝜺𝑒𝑟𝑟,𝑝 

is marked as 𝑒𝑖,𝑗,𝑝  =  
𝐷𝑙𝑖𝑛,𝑇𝑖,𝛽𝑗,𝑝−𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆

𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆
 and this corresponds to the measure of the 

difference of the response obtained by the use of linear SDOF constructed by the combination 

of 𝑖th period of interest and 𝑗th  damping ratio of interest and 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆, when the 𝑝th chosen 

response matrix is considered. The 𝑖th row and 𝑗th column, 𝑒𝑖,𝑗,𝑝, for all 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 matrixes of 

difference measure (i.e., 𝑝 = 1, …, 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛) results in a distribution and we assume this 

distributed as a normal distribution (for a specific 𝑖 and 𝑗, 𝑒𝑖,𝑗 follows a normal distribution 

which has 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 samples). There are 𝑛 considered periods and 𝑚 considered damping 

ratios, so there are 𝑛 ×  𝑚 of normal distribution each of which corresponds to one linear 

SDOF with the specific period and damping. For each normal distribution, the probability over 

the range of -10% to +20% is computed (This range is also chosen by FEAM -440). The 

obtained probabilities from all distributions are compared with each other and the linear SDOF 

results in the highest probability value is chosen. The period and damping ratio of this linear 

SDOF is viewed as the optimal effective period and damping ratio for the given nonlinear 

SDOF and to assess the results from the improved CSM. To assess the performance of the 

combination of effective period and effective damping ratio obtained from the improved CSM, 

the probability over the specific range (-10% to +20%) corresponding to that combination can 

be estimated and compared with the probability obtained from the optimal effective period and 

damping ratio. 
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The issues associated with the optimization method is apparent now. There probably are not 

enough number or none of nonlinear responses equated to MDR obtained from the CSM given 

the strict number of prospective records. That is, the value of 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 is zero or not enough 

to generate the subsequent distributions. This issue probably can be released as the number of 

records in the database significantly increases in the future. Setting a nonlinear response range 

can be treat as one current solution to that issue. That is, there is not enough 𝑁𝑢𝑚𝑛𝑜𝑛𝑙𝑖𝑛 

nonlinear responses being equal to the maximum displacement response (MDR), the records 

instead lead to the nonlinear responses within the range involving the MDR are chosen. For 

example, 10 periods and 7 damping ratios are considered, which results in 70 linear SDOF 

systems. The MDR is 0.4m and there are merely 5 records for the given nonlinear SDOF leads 

to that value. In this light, there are five response matrixes (the size of matrix is 10 × 7). Thus, 

there are 70 normal distributions can be built with 5 samples in each. 5 samples are not able to 

accurately estimate the distribution properties. Therefore, the displacement range is used which 

is defined from 0.36m to 0.6m (i.e., 0.9×MDR to 1.5×MDR). That is, the records lead to the 

nonlinear responses for the given nonlinear SDOF within the range of 0.36m to 0.6m are 

selected. In the example case, there are 50 records leading the given nonlinear SDOF responses 

within that displacement. Thus, there are 50 linear response matrixes and there are 50 samples 

in each normal distribution which is for each combination of period and damping ratio of 

interest (total 70 combinations). When the displacement range applying, there is only one 

change (from the procedure describe in last paragraph) that the Equation (6.25) should be 

changed to Equation (6.26), where 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑝 is the nonlinear response for the given nonlinear 

SDOF when the 𝑝th chosen record is considered. 

 

𝜺𝑒𝑟𝑟,𝑝 = 
𝑹𝒆𝒔𝑝 − 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑝

𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑝
 (6.26) 

 

In the example case, 𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑝 for the 𝑝th chosen record do not have to be the value of 

𝐷𝑛𝑜𝑛𝑙𝑖𝑛,𝑀𝐷𝑆, but it must be within the range of 0.36m to 0.6m (i.e., the chosen displacement 

range in the example case). The lack of records in current databases can also be resolved by 

the utilization of simulations in the future, provided that the simulations are adequately accurate 

for the specific structural systems and intensity measures of interest. 
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6.7.2 Discussion on the optimization method 

It should be noted that a too wide displacement range results in quite a number of irrelevant 

records involving. In the example case shown in last section, if the displacement range over 

0.04m to 0.6m is applied. This probably involves a large number of records which leads to 

responses far less than the MDR (i.e., 0.4m in the example case), which may probably bring 

quite a bit of noise and the estimation of distribution is deteriorated. When a too narrow range 

is considered, as stated in the previous section, a normal distribution in terms of mean and 

standard deviation is unlikely able to be accurately estimated due to lack of available samples 

(e.g., 5 samples), given that too narrow range probably results in a situation where there are 

not enough ground motion records leading to nonlinear response values within that range. 

However, the impacts of this issue can be reduced when the sizes of database significantly 

increase in the future, when there are enough records (or adequately reliable simulations) leads 

to the specific values of nonlinear response (e.g., equated or very close to 0.4m in that example) 

in favour of allowing the distribution being accurately assessed. Therefore, the optimization 

method developed in this section is currently used to assist in approximately assessing the 

performance of the results from the improved CSM rather than replacing those results. For the 

case where the results from the improved CSM are drastically different from the estimated 

results from the optimization method, if there are relatively enough samples over the chosen 

displacement range, probably the estimated results from the optimization method are applied. 

However, the case does not arise in the study of this chapter. 

For an ideal case which perhaps occurs in the future where each specific value of response has 

plenty records (or adequately reliable simulations) leads to, there is no necessarily need to use 

the improved CSM for merely identifying the combination of equivalent linear parameters for 

the maximum displacement response (high nonlinearity). For each specific displacement, the 

optimization method can provide an optimal combination. This, in turn, results in that the whole 

response process of a given structure from the yield to the dynamic instability can be much 

more accurately capture by the construction of DCS in terms of effective periods and damping 

ratios. More specifically, for example, the yield and maximum displacement for an underlying 

nonlinear SDOF (equivalent SDOF of an underlying structure) are 0.1m and 0.5m. There are 

1000 records (or adequately reliable simulations) leading to nonlinear responses for the 

nonlinear SDOF equated or very close to each response of five (0.1m,0.2m,0.3m,0.4m and 

0.5m). In this case, the optimal equivalent linear parameters can be calculated for each of those 

five values of response through the use of the optimization method in order for building a DCS 
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with more information for the response process of the given structure. In order to more 

accurately reflect the response process of an underlying structure, it should be kept in mind that 

not only enough records (or adequately reliable simulations) are needed for each specific 

displacement range, yet a small increment (interval) also needs to be applied for choosing the 

considered periods and damping ratios assessed in the optimization method (i.e., increase the 

size n of different periods of interest and size m of different damping ratios of interest). 

However, the latter increases the computational expense of optimization method but should 

still be significantly smaller than the time spent on conducting the actual time history analysis 

for a real structure. 

 6.8 Demonstration and examples of using the DCS target  

The introduced DCS can be used for the construction of a CS-based target accounting for 

arbitrary damping ratios. However, the previous section only discussed the method to identify 

an appropriate range of periods and damping ratios using the improved capacity spectrum 

method. The present section now demonstrates the implementation of the overall DCS method. 

To demonstrate the performance of the new target as well as to illustrate the impacts of the 

incorporation of multiple damping ratios upon the subsequent estimations of response 

distribution, this section presents examples for the application of the new target for three 

different cases and makes comparisons with the normal CS target built purely using a damping 

ratio of 5%. It has been shown in the study of Chandramohan et al. (2016b) that duration has 

impacts on the collapse probability. The cases are chosen in the study of this chapter on the 

basis of all of the rupture scenarios are not only able to relatively explore a range of duration 

and also provide the enough collapse predictions, meanwhile the collapse probability is not too 

high to assess the distribution. Thus, the three cases make use of different target rupture 

scenarios associated with three different magnitude values (6.0, 7.0, 7.5) and respective rupture 

distance values (10km, 15km and 35km). The value of epsilon at the conditioning period is set 

at 2.0 in all three cases and the average shear-wave velocity over the uppermost 30m of 500m/s 

is assumed for all cases.  

The SDOF system considered in Chapter 3 is used herein with damping ratio of 5% of critical. 

The SDOF is defining using the “peak-oriented” relationship of Ibarra and Krawinkler (2005) 

and with a natural elastic period of 1.0s. The chosen response of interest is the peak 

displacement of the SDOF. Collapse is defined as the peak displacement of 0.5m or when 

nonconvergence occurs.  Regarding the CS, the period range of interest is chosen to include 
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eleven period values of (0.9s, 1.1s, 1.2s, 1.3s, 1.4s, 1.5s, 1.6s, 1.7s, 1.8s, 1.9s and 2.0s). Chiou 

and Youngs (2014) is adopted. For the purpose of comparison, those eleven periods are still 

adopted in the construction of DCS but are considered at multiple damping ratios. The direct 

iteration method of CSM introduced in the FEMA-440 is implemented with a conditional mean 

spectrum that is used as the demand curve for each chosen rupture.  

6.8.1 Assessment of results from the improved CSM 

As stated in Section 6.7, the optimization method currently is able to approximately assess the 

equivalent linear parameters corresponding to the MDR from the improved CSM, because the 

number of records in the database are limited and the ground motion simulations are currently 

not enough reliable (Afshari & Stewart, 2016b; Bayless & Abrahamson, 2018). For an 

illustrative purpose, this section shows the assessments for the results from the improved CSM 

for the three chosen cases by the use of optimization method. Figure 6.3 shows the force-

deformation diagrams for each case plotted in an A-D form associated with the demand curves 

at multiple damping ratios and the capacity curve. The improved CSM is applied and the 

procedure is shown in Section 6.6. As an illustrative purpose, a periods vector of (0.1, 0.15, 

0.2, 0.25, 0.3, 0.4, 0.5, 0.75, 0.85, 0.9, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9,  2.0, 2.5, 3.0, 

3.5, 4.0, 5.0, 6.0, 7.5, 9.0) are used for plotting the target.  

As can be seen in Figure 6.3, the effective period obtained from the method in the FEMA-440 

generally provides a smaller value than that obtained on the basis of secant stiffness method 

(ACT-40). For illustrative purposes, the effective damping ratios and effective periods for each 

case obtained from the direct iteration method (the improved CSM) are shown in Table 6.1. 

Table 6.1 also presents the values of equivalent linear parameters obtained from the 

optimization method. The displacement range chosen for the optimization method is defined 

as the range from 0.9×MDR to 2.0×MDR, where MDR denotes the maximum displacement 

response obtained from the direct iteration method. The probability over the defined range of 

error measure (i.e., from -10% to +20%) for the combinations of equivalent linear parameters 

obtained from the two methods are shown in the last two columns. The chosen equivalent linear 

parameters used to develop the results by the use of optimization method described in Section 

6.7 are defined as 15 different periods which are from 1.0s to 2.4s with a fixed interval of 0.1s, 

and 10 different damping ratios which are from 5% to 32% with a fixed interval of 3%. That 

is, there are 150 linear SDOF systems and 150 normal distribution associated with each 

combination of period and damping are constructed. The time series of ground motions in the 
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PEER NGA-West database screened by Stafford and Bommer (2009) is adopted in the 

optimization method. The calculated probabilities for the optimization results are only 

available for the chosen range of periods and damping ratios. The nearest known value is used 

to represent the probability computed for the combinations obtained from the CSM (i.e., the 

Nearest-neighbour interpolation). For example, the probability shown in the column represents 

the combination obtained from the improved CSM, 𝑃𝐶𝑀𝑆, for the first case is obtained on the 

basis of computing the probability over -10% to 20% for the normal distribution constructed 

for the combination of 1.5s period and 14% damping ratio (the nearest damping ratio to 15.2% 

is 14% setting in the study). The more complex interpolation can be used after the relation of 

the combinations of period and damping ratio and the associated probability is studied in the 

future.  
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(a) 

 

(b) 

 

(c) 
Figure 6.3: Application of the direct iteration method in FEMA-440 to the three cases at the chosen 

rupture. From top to bottom, the rupture are magnitude and distance of [6.0, 10km], [7.0,15km] 

and [7.5,35km].   
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Table 6.1: The combination of effective period and effective damping ratio obtain from the improved 

CSM and optimization method. The displacement range is chosen from 0.9𝐷𝑚𝑎𝑥 to 2.0𝐷𝑚𝑎𝑥 where 

𝐷𝑚𝑎𝑥 denotes the maximum displacement obtained from the improved CSM 

 

 𝐷𝑚𝑎𝑥 𝜁𝑒𝑓𝑓,𝐶𝑀𝑆  𝑇𝑒𝑓𝑓,𝐶𝑀𝑆 𝜁𝑒𝑓𝑓,𝑂𝑃  𝑇𝑒𝑓𝑓,𝑂𝑃 𝑃𝐶𝑀𝑆 𝑃𝑂𝑃 

Case 1 0.142 15.2 1.47 14 1.6 0.52 0.52 

Case 2 0.242 20.3 1.79 17 2.0 0.35 0.47 

Case 3 0.145 15.8 1.50 14 1.6 0.42 0.52 

𝜁𝑒𝑓𝑓,𝐶𝑀𝑆 and 𝑇𝑒𝑓𝑓,𝐶𝑀𝑆  respectively represent the optimal effective damping ratio (%) and effective 

period for the maximum displacement response (𝐷𝑚𝑎𝑥) obtained from the direct iteration method.  

𝜁𝑒𝑓𝑓,𝑂𝑃 and 𝑇𝑒𝑓𝑓,𝑂𝑃 respectively represent the optimal effective damping ratio (%) and effective 

period obtained from the optimization method. 𝑃𝐶𝑀𝑆 and 𝑃𝑂𝑃 are the probability over the defined 

range for the combination of equivalent linear parameters obtained from the improved CSM and 

optimization method, respectively, given the displacement range from 0.9𝐷𝑚𝑎𝑥  to 2.0𝐷𝑚𝑎𝑥. The 

unit for the 𝐷𝑚𝑎𝑥 is metre. 
 

Table 6.1 shows that the combinations obtained from the two methods are not drastically 

different from each other. The difference of probability existing in the cases reflects the 

performance of the improved CSM but may also due to the use of the nearest known value for 

the computation of probability. That is, for example, 𝑃𝐶𝑀𝑆 for the case 3 is computed on the 

basis of 17% and 1.5s, instead of 15.8% and 1.49s. This can be reduced through the increase 

the number of period and damping being considered in the optimization method (increase the 

size n and size m). However, the current biggest issue, as discussed previously, is the restriction 

upon the number of records in the database. The probability over the defined range (-10% to 

20%) for a specific combination of equivalent linear parameters can be apparently changed 

along with the different chosen displacement range. For example, for the case 2 shown in Table 

6.1, the probability for the combination of the period of 1.8s and the damping ratio of 20% (i.e., 

the nearest values for the damping ratio of 20.3 and period of 1.79) is 0.41 and that for the 

period of 2.0s and the damping ratio of 17% (from the optimization method) is 0.33, if the 

displacement range is defined as from 0.5𝐷𝑚𝑎𝑥 to 2.0𝐷𝑚𝑎𝑥. Due the restriction of limited 

records in the database and the current ground motion simulations being not adequately 

reliable, the goal of the introduced optimization method is currently to assist in assessing the 

performance of the improved CSM for a given case, which ensures that, for the predicted 

maximum displacement, the estimated parameter combination obtained from the improved 

CSM is not drastically different from the optimization results.  
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As discussed in Section 6.7, the impacts of the issue of chosen displacement range upon the 

assessment can be significantly reduced as the completeness of the database of records 

increases or adequately reliable simulations are applied. That is a consequence of the fact that 

a very narrow displacement range (i.e., equate to MDR or very close to MDR) would be 

preferred, if there are enough records (or adequately reliable simulations) leading to the 

nonlinear responses within that displacement range. For example, if there were 1000 nonlinear 

responses located within the displacement range of [0.19m,0.21m] for a given nonlinear SDOF 

system, the combination of equivalent linear parameters corresponding to 0.2m can be 

accurately assessed.  

6.8.2 Influence of a DCS accounting for high nonlinearity on structural 

responses 

The combinations of effective period and damping ratio for each chosen case has been obtained 

as shown in Table 6.1. The combination from the improved CSM are used to specify the period 

range and associated damping ratios for the construction of DCS. As shown at the beginning 

of the section, eleven period values of (0.9s, 1.1s, 1.2s, 1.3s, 1.4s, 1.5s, 1.6s, 1.7s, 1.8s, 1.9s 

and 2.0s) are used both for CS and DCS. As described in Section 6.6, for DCS, the spectral 

accelerations at period range of ± 0.1s around the effective period are over damped on the basis 

of the effective damping ratio. The spectral acceleration at periods larger than that range are 

damped to higher damping ratio. This aims to provide more information related to the high 

nonlinearity of the given structure (i.e., the given nonlinear SDOF), when a DCS target is 

established. The target of DCS is able to be established following the steps shown in Section 

6.2. For the comparison presented in what follows, the damping ratios of each IM utilized for 

the construction of the DCS target at each case are shown in Table 6.2.  

 

Table 6.2: Periods ranges, and the corresponding damping 

ratios used at three considered cases (ruptures) for the DCS 

targets construction 

 T (s) 𝜁 (%) T (s) 𝜁 (%) T (s) 𝜁 (%) 

Case 1 0.9-1.3 5 1.4-1.6 15 1.7-2.0 16 

Case 2 0.9-1.6 5 1.7-1.9 20 2.0 21 

Case 3 0.9-1.3 5 1.4-1.6 16 1.7-2.0 17 

Abbreviations: T, vibration period; 𝜁, damping ratio. 
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The DCS is constructed for each case on the basis of the information shown in Table 6.2, the 

corresponding CS is built with the same response periods, but only using the 5%-damped 

spectral ordinates. Three cases are repeated with different target numbers of selected records 

(20, 30, 40, 50) and no weight factors are explicitly applied to the different spectral ordinates. 

The target number of 10 is not tested here because responses obtained from 10 records probably 

are not able to represent a full distribution. The MCMCGMS method 2 is implemented to 

selected records for matching to respective targets and the resultant records are then passed 

through the nonlinear SDOF described at the beginning of this section. The ground motions in 

the PEER NGA-West initially screened by Stafford and Bommer (2009) is utilized as the 

ground motion database. The spectral ground-motion model of Chiou and Youngs (2014) is 

implemented for the 5%-damped spectral ordinates along with an adjustment for the arbitrary 

component of motion using the equations of Campbell & Bozorgnia (2008). As elaborated in 

Section 6.4, Discrete Fourier Transform is implemented to calculate the response spectrum at 

the seven damping ratios of (5%, 7%, 10%, 15%, 20%, 25%, 30%) by using the as recorded 

components from the NGA West database. These damping ratios are the same as those for 

which the orientation independent spectral ordinates are reported in the PEER NGA-West 2 

flatfiles – and are also the same damping ratios that were used for developing the correlation 

model among spectral ordinates. For spectral acceleration at damping ratios within the interval 

of those seven specific damping ratios, the values of response spectrum at the nearest known 

damping ratio are used to match. The associated correlation coefficients are computed 

following the steps described in Section 6.3. 

For the target number of records of 30 and 50 at all three considered cases, the median 

(exponential logarithmic mean), 2.5th and 97.5th  percentiles of response spectra of the selected 

records (mean ±1.96 standard deviation) obtained from the MCMCGMS method 2 for both 

the DCS and CS targets are shown in Figure 6.4 and Figure 6.5, respectively. This figure also 

illustrates the median, 2.5 and 97.5 percentiles of the target distribution for both the CS and the 

DCS. It is noted that the selected samples and target response spectrum in terms of mean and 

variance match is very good. The differences existing in the conditional mean spectrum for the 

two types of targets (CS and DCS) indicates that different damping ratios are accounted for in 

the construction of DCS target. The percentage of the same records being selected via both 

targets (DCS and CS) at each number of selected records of interest are shown in Figure 6.6. 

As can be seen, only a few records are shared with two sets of records matching to two different 

targets. It can be implicitly obtained that the DCS involves quite different characteristics of 

target site through accounting spectral accelerations at damping ratios other than 5%. As 
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mentioned previously, the strong dependence of damping correction factors on the duration has 

been observed in previous studies, e.g., Stafford et al. (2008). Thus, it is reasonable to expect 

that a set of records matching to a target spectrum accounting for multiple damping ratios 

suggests that the distribution of duration is likely closer to the target distribution of duration 

for the underlying site. Thus, it is prudent to assess the quality of fit of duration obtained from 

the selected record set to the associated target distribution. Bommer et al. (2009) model is used 

for 5-95% significant duration, Ds(5-95%), and 5-75% significant duration, Ds(5-75%). The 

correlation of duration and spectral acceleration is predicted by the model of Bradley 

(2011a).The quality of the fit of the 5-95% significant duration and 5-75% significant duration 

to the associated target distributions are assessed through the use of one-sample Kolmogorov-

Smirnov (K−S) test and the relevant results are illustrated in Figure 6.7 to Figure 6.9. 
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(a) 

 

(b) 

 

(c) 
Figure 6.4: Comparison of the agreement between the target distribution and the distribution of 

30 selected record sets obtained on the basis of Conditional Spectrum (CS) and Damped 

Conditional Spectrum (DCS). From top to bottom, the rupture with magnitude and distance of (a) 

[6.0,10km] (b) [7.0,15km] (c) [7.5,35km]. The dash lines for different colour corresponds to 2.5 

and 97.5 percentiles of the respective distributions. The exponential logarithmic mean of selected 

records is denoted as the empirical median in the figure. 
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(a) 

 

(b) 

 

(c) 

Figure 6.5: Comparison of the agreement between the target distribution and the distribution of 

50 selected record sets obtained on the basis of Conditional Spectrum (CS) and Damped 

Conditional Spectrum (DCS). From top to bottom, the rupture with magnitude and distance of (a) 

[6.0,10km] (b) [7.0,15km] (c) [7.5,35km]. The dash lines for different colour corresponds to 2.5 

and 97.5 percentiles of the respective distributions. The exponential logarithmic mean of selected 

records is denoted as the empirical median in the figure. 
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(a) 

 

(b) 

 

(c) 
Figure 6.6: Percent of same records being selected to match two different targets (i.e., DCS and 

CS) for three chosen case with magnitude and distance of (a) [6.0, 10km], (b) [7.0,15km] and (c) 

[7.5,35km].   
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Figure 6.7: K-S test with a significance level of 10% for the ground motion records selected on the basis of 

Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS) for the target rupture with magnitude 

of 6.0 and distance of 10 km. From the top to bottom, target number of selected records of 20, 30, 40 and 

50. 
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Figure 6.8: K-S test with a significance level of 10% for the ground motion records selected on the basis of 

Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS) for the target rupture with magnitude 

of 7.0 and distance of 15 km. From the top to bottom, target number of selected records of 20, 30, 40 and 

50. 
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Figure 6.9: K-S test with a significant level of 10% for the ground motion records selected on the basis of 

Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS) for the target rupture with magnitude 

of 7.5 and distance of 35 km. From the top to bottom, target number of selected records of 20, 30, 40 and 

50. 
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Figure 6.7 to Figure 6.9 illustrate the graphical one-sample K−S test results with a significance 

level of 10%. The null hypothesis is rejected if any point on the empirical cumulative density 

function (CDF) curve intersects with the K−S bounds shown with the dashed lines. The null 

hypothesis is that the empirical distribution of samples is from theoretical distribution. Because 

the target distributions of Ds(5-95%) and Ds(5-75%) are not explicitly accounted for in the 

process of the record selection, the intersections of empirical CDF with the bounds arise 

implicitly from the analysis. As appreciated from Figure 6.7 to Figure 6.9, the records selected 

for both DCS and CS target are able to provide relatively good distributions of durations. On 

average, distribution of durations from records selected for the DCS targets provides better 

matching to the theoretical distributions, as indicated by the in general smaller difference 

between the empirical and theoretical distribution obtained from the DCS targets. As a notable 

evidence from the third case, almost all empirical CDFs for the DCS fall within the K−S bound. 

Regarding records selected from the DCS, the match of Ds(5-95%) provides similar 

performance with that of Ds(5-75%). It is likely because the 5-75% and 5-95% significant 

duration have similar dependence upon DCF (Stafford et al., 2008). It should be recalled that 

the Ds(5-95%) and Ds(5-75%) are not considered explicitly in the ground motion selection. 

Therefore, it is not surprising for the bias to arise in the empirical distributions. However, it is 

also expected that the duration matches reasonably well because of the known association 

between damping scaling factors and duration. This enables records selected for the DCS 

targets to implicitly account for the distributions of durations.  
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Table 6.3: Statistics for the peak displacements obtained on the basis of Damped Conditional 

Spectrum (DCS) and Conditional Spectrum (CS) for the SDOF system used in this study for the 

different considered ruptures 

Case 1 (M=6.0, R=10km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.142 0.125 0.326 0.286 0.050 0.000 

30 0.142 0.158 0.265 0.320 0.100 0.067 

40 0.138 0.133 0.301 0.265 0.075 0.075 

50 0.144 0.136 0.346 0.272 0.080 0.040 

Case 2 (M=7.0, R=15km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.235 0.189 0.190 0.297 0.550 0.500 

30 0.209 0.216 0.224 0.263 0.467 0.467 

40 0.226 0.228 0.208 0.263 0.475 0.400 

50 0.223 0.247 0.226 0.258 0.500 0.480 

Case 3 (M=7.5, R=35km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.139 0.149 0.296 0.307 0.050 0.200 

30 0.137 0.150 0.306 0.327 0.067 0.067 

40 0.144 0.145 0.247 0.324 0.125 0.100 

50 0.147 0.158 0.318 0.287 0.080 0.100 

Abbreviations: M, magnitude; R, distance to rupture; DCS, Damped Conditional Spectrum; CS, 

Conditional Spectrum. 

 

Table 6.3 shows the time history response results for all considered cases which are three 

chosen rupture scenario cases combined with four target numbers of ground motion records. 

The response metrics of median, dispersion (i.e., the logarithmic standard deviation) of non-

collapse responses are chosen along with an estimation of collapse probability. Figure 6.10 to 

Figure 6.12 show that the results of the full empirical CDF curves obtained from each target 

are compared amongst themselves for different sizes of target record sets, with respect to each 

different chosen rupture scenario. The collapse probability is viewed as the lumped probability 
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mass associated with each CDF curve where the flat plateau below a value of 1.0 indicates the 

probability of collapse.  

 

Figure 6.10: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 6.0 and distance of 10km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS). 

 

 

Figure 6.11: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 7.0 and distance of 15km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS). 
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Figure 6.12: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 7.5 and distance of 35km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are Conditional Spectrum (CS) and Damped Conditional Spectrum (DCS). 

 

The results shown in Table 6.3 indicate that records selected for both DCS and CS targets are 

able to provide relatively stable values of response metrics along with the different target 

numbers of selected records. On average, the records selected for the DCS targets are able to 

provide more stable response distributions, in comparison of that for CS targets. This can also 

be more easily appreciated from Figure 6.10 to Figure 6.12, especially when an emphasis is 

focused on the evaluation of collapse, and the empirical CDF curves generally appear tighter 

for responses obtained from the DCS targets. The statement is attributed from the fact that the 

equivalent linear parameters in terms of period and damping ratio for the high nonlinearity are 

accounted for in the construction of DCS. The latter implicitly accounts for the impacts of 

duration upon the collapse estimation. The impacts of DCS upon responses should be further 

tested in the future. A multiple degree of freedom model for a real structure should be used to 

test in terms of different damage measures and a wider range of scenarios to explore further 

advantages of DCS. 

As the improved CSM is only able to provide the maximum displacement estimation and the 

optimization method is currently merely able to be used for making the approximate assessment 

of the results from the improved CSM, due to the restriction of the database size. Thus, the 

equivalent linear parameters related to high nonlinearity only are able to be accounted for in 

the construction of a DCS target. When the records in the database enriches significantly 

through inputting more record observations or using adequately reliable simulations, the 

optimization method probably is able to provide the equivalent linear parameters for each 
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specific level of nonlinear for a structure response from the yield to the dynamic instability, as 

discuss in Section 6.7. The incorporation of such equivalent linear parameters enables the 

constructed DCS target provides more information related to the response of the underlying 

structure, which then permits a more robust and efficient estimation of the response 

distribution.   

6.8.3 Influence of a DCS accounting for more damping ratios 

It is well acknowledged that the effective damping ratio increases along with the effective 

period once a structure yields. As the previous discussions have shown, only the effective linear 

parameters associated with the high nonlinearity of a given structure can currently be estimated 

for the establishment of a DCS target. However, it is important to examine the performance of 

a DCS target accounting for multiple damping ratios other than only that corresponding to high 

nonlinearity because this highest level of damping is only experienced for a very short period 

of time. The three rupture scenarios tested in the previous section are repeated with more 

damping ratios being involved in the construction of DCS targets and the values of damping 

ratios for each period of interest are shown in Table 6.4. The values of damping ratios over that 

period range from 1.2s to the values of periods corresponding to high nonlinearity obtained 

from the CSM results are chosen in a subjective manner on the basis of period elongation and 

damping evolving throughout the response. The results obtained for CS targets at 5% damping 

ratio again are used as comparisons. 

 

Table 6.4: The periods range, and the corresponding damping ratios used at three considered 

cases (ruptures) for the DCS targets construction 
 

VP 0.9s 1.0s 1.1s 1.2s 1.3s 1.4s 1.5s 1.6s 1.7s 1.8s 1.9s 2.0s 

Case 1 5 5 5 9 12 15 15 15 16 16 16 16 

Case 2 5 5 5 7 11 14 17 18 20 20 20 21 

Case 3 5 5 5 10 15 16 16 16 17 17 17 17 

Abbreviations: VP, vibration period. 

 

As shown in Table 6.4, the values of effective damping ratios related to the high nonlinearity 

for each considered case are the same as those used in last section (recalling the values shown 

in Table 6.2), but the damping ratios are implemented with different values other than 5% to 

the range of periods from 1.2s to the smallest value of periods chosen for the high nonlinearity 
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in last section. For a target of 30  and 50 records to be selected at all three considered cases, 

the median (exponential logarithmic mean), 2.5th and 97.5th percentiles (mean ±1.96 standard 

deviation) of the response spectra of the selected records obtained from the MCMCGMS 

method 2 for both DCS and CS targets are shown in Figure 6.13 and Figure 6.14. Those figures 

also illustrate the median, 2.5th and 97.5th percentiles of the target distribution for both the CS 

and DCS targets. The MCMCGMS method 2 is still able to provide sets of records with a very 

good match to the respective targets in terms of mean and variance, as shown in Figure 6.13 

and Figure 6.14. All cases are still analysed with the four different target number of records 

selected (while only the 30 and 50 record case was shown in Figure 6.13 and Figure 6.14, 

respectively). The percentage of the same records being selected via both targets (DCS and CS) 

at each number of selected records of interest are shown in Figure 6.15. In comparison of results 

shown in Figure 6.6, on average, fewer records are shared with two selected record sets 

matching to two different targets. This is expected as more damping ratios are accounted for in 

the DCS constructed in this section. The full empirical CDF curves obtained for the different 

target numbers of selected records and each type of target are shown in Figure 6.16 to Figure 

6.18. In these figures each curve is again shown with a lumped probability mass associated 

with collapse. The comparisons of the results from the two types of targets use the same three 

response metrics as used in the last section. Table 6.5 presents the associated results and results 

from the CS are shown again for the direct comparisons. 
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(a) 

 

(b) 

 

(c) 
Figure 6.13: Comparison of agreement between the target distribution and distribution of 30 

selected records obtained on the basis of CS and DCS. From left to right, the rupture with 

magnitude and distance of (a) [6.0,10km] (b) [7.0,15km] (c) [7.5,35km]. The dash lines for 

different colour corresponds to 2.5 and 97.5 percentiles of the respective distributions. The 

exponential logarithmic mean of selected records is denoted as empirical median in the figure 
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(a) 

 

(b) 

 

(c) 
Figure 6.14: Comparison of agreement between the target distribution and distribution of 50 

selected records obtained on the basis of CS and DCS. From left to right, the rupture with 

magnitude and distance of (a) [6.0,10km] (b) [7.0,15km] (c) [7.5,35km]. The dash lines for 

different color corresponds to 2.5 and 97.5 percentiles of the respective distributions. The 

exponential logarithmic mean of selected records is denoted as empirical median in the figure 
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(a) 

 

(b) 

 

(c) 
Figure 6.15: percent of same records being selected to match two different targets (i.e., DCS and 

CS) for three chosen case with magnitude and distance of (a) [6.0, 10km], (b) [7.0,15km] and (c) 

[7.5,35km].   
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Figure 6.16: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 6.0 and distance of 10km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are CS and DCS which accounts for more multiple damping ratios, in comparision 

of that in last section. 

 

 

Figure 6.17: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 7.0 and distance of 15km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are CS and DCS which accounts for more multiple damping ratios, in comparision 

of that in last section. 
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Figure 6.18: Empirical cumulative distribution function for peak displacement of the given system 

for the rupture with magnitude of 7.5 and distance of 35km. Each panel compares the distribution 

using the same type of target for different numbers of ground motion records selected. From left to 

right, the targets are CS and DCS which accounts for more multiple damping ratios, in comparision 

of that in last section. 
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Table 6.5: Statistics for the peak displacements obtained on the basis of the Damped Conditional 

Spectrum (DCS) and the Conditional Spectrum (CS) for the SDOF system used in this study at 

the different considered ruptures 

Case 1 (M=6.0, R=10km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.146 0.125 0.182 0.286 0.050 0.000 

30 0.142 0.158 0.292 0.320 0.033 0.067 

40 0.152 0.133 0.261 0.265 0.075 0.075 

50 0.148 0.136 0.265 0.272 0.080 0.040 

Case 2 (M=7.0, R=15km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.232 0.189 0.177 0.297 0.550 0.500 

30 0.272 0.212 0.294 0.263 0.467 0.467 

40 0.250 0.228 0.229 0.263 0.500 0.400 

50 0.268 0.247 0.228 0.258 0.520 0.480 

Case 3 (M=7.5, R=35km) 

 Median Dispersion Collapse Prob. 

Recs DCS CS DCS CS DCS CS 

20 0.140 0.149 0.207 0.307 0.150 0.200 

30 0.148 0.150 0.319 0.327 0.133 0.067 

40 0.131 0.145 0.307 0.324 0.125 0.100 

50 0.129 0.158 0.228 0.287 0.160 0.100 

Abbreviations: M, magnitude; R, distance to rupture; DCS, Damped Conditional Spectrum; CS, 

Conditional Spectrum. 

 

It can be noted from Table 6.5 and Figure 6.16 to Figure 6.18 that, on average, records selected 

for the DCS target are able to provide more stable response distributions, in comparison that 

for the CS. On average, there does not appear very notable improvements existing in the results 

obtained from the DCS constructed in this section, in comparison with the results from the 

DCS constructed in the last section. However, there are a few improvements being observed. 

The response distribution obtained from the different number of selected records for the second 

case and the collapse estimation for the third case are slightly tighter, in comparison of the 

results of corresponding cases shown in the last section. This is probably due to a fact that when 
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constructing the DCS targets for those two cases, most of IMs at damping ratios of 5% are 

replaced with IMs at other damping ratios and the target at the IMs at damping ratios other than 

5% are closer to the ‘true’ target values. This may not always be the same case, as we can 

currently not obtain the exact values of damping ratios for each specific period. The 

subjectively chosen damping ratios over the period range also probably introduce extra biases 

to the targets. For example, for the case 1, we assume the ‘true’ effective damping ratio related 

to the period of 1.2s is 6% and the chosen damping ratio is 9%. If the damping ratio of 5% is 

used for that period to construct the target, the associated target at such period is closer to the 

‘true’ target than the target established with the use of 9% damping ratio for the period of 1.2s.  

In addition to that, the MCMCGMS method 2 provides more constraints only upon the chosen 

intensity measures. Thus, the IMs not directly included probably may not be able to be 

implicitly considered in the ground motion selection. This may bring more bias in that example 

situation. Therefore, based on such two reasons, more works need to be done in the future in 

order to better understand what appropriate period and damping ranges should be for a given 

structure. For example, further studies in relation to the optimization method introduced in the 

study of this chapter may be helpful (see the contents in Section 6.7.2). In this light, the 

associated range can help to more accurately specify the range of period and damping for the 

construction of DCS.   

6.8 Concluding Remarks 

This chapter presents an approach allowing for a CS-based target accounting for multiple 

damping ratios. The resultant target is referred to as the Damped Conditional Spectrum (DCS) 

target. The currently utilization of DCS aims to more accurately capture the information of a 

given structure in relation to high nonlinearity which is decided on the basis of the results 

obtained from the improved CSM. An optimization method is also introduced to assess the 

results from the improved CSM.  

The performance of DCS upon more accurately involving the information of high nonlinearity 

is evaluated through simple structural analyses and is compared against with the normal CS 

target at a fixed damping ratio of 5%. The results indicate the DCS accounting for the high 

nonlinearity is able to provide a slightly tighter (more efficient) estimation of response 

distribution, specifically for the collapse predictions. This is primarily due to the high 

nonlinearity being more accurately accounted for in a DCS and the multiple damping ratios in 

the DCS implicitly take the duration of the given site into account. 
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The optimization method has potential to provide more accurate estimations of effective period 

and damping ratio at each level for the response process of a given structure, from the yield to 

the dynamic instability, when the database enriches in the future. However, before that, while 

subjectively increasing the damping ratio along with the spectral period in a DCS does not 

guarantee to provide more robust estimation of response distribution, it has been well 

acknowledged that the equivalent linear parameters rapidly increase, once the given structure 

yields.  
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Chapter 7                                                                      

Conclusions and Recommendations for Further Work 

In this thesis, efforts have been concentrated on addressing several issues related to hazard-

consistent ground motion selection for response-history analyses. The contributions that have 

been made relate primarily to two areas: (1) improvements to record-selection algorithms, 

given some target distribution; and (2) the definition and construction of improved target 

distributions. Through Chapters 3-6 brief concluding remarks have been made at the end of 

each chapter. In the present chapter, these concluding remarks are synthesised and 

recommendations for further work are also presented.  

7.1 Ground motion selection for a GCIM target 

Chapter 3 presented new algorithms that can be used to select suites of records that match a 

GCIM target distribution. The following sections outline the principle conclusions from that 

chapter and defines future areas where additional investigations may be made. 

7.1.1 Conclusions related to selection algorithms for a GCIM target 

• Two new efficient ground motion selection algorithms (MCMCGMS methods 1 and 2) 

are developed and presented to select records matching to a GCIM target.  

• The first algorithm, named Markov Chain Monte Carlo Ground Motion selection 

(MCMCGMS) method 1, is developed with a well know Markov Chain Monte Carlo 

(MCMC) algorithm to progressively generate samples against which prospective 

records are selected to match to and a goodness-of-fit test, named as the energy check, 

is adopted to identify the final suite of records.  

• The MCMCGMS method 1 has a high chance of generating a suite of records that are 

consistent with the target distribution and has a good performance in comparison with 

existing alternatives, particularly when the numbers of records to be selected is 

relatively large (at around 40-50 records that are typically required for seismic risk 

analyses).  

• The development of MCMCGMS method 2 is motivated by the concept of the 

acceptance ratio check used within the MCMCGMS method 1.  
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• A set of records with the highest probability density function (PDF) values, i.e., the 

highest likelihoods, are initially selected and these records are already seen to be largely 

consistent with the target distribution. The greedy optimization is then applied to further 

improve the fit of the selected suite of records.  

• The preselection of records on the basis of the values of PDF is additionally proposed 

with the aim of significantly reducing the computational expense of MCMCGMS 

methods whilst not compromising the performance of the algorithms. 

• When the number of records to be selected is relatively large, the MCMCGMS method 

1 is able to provide similar or better results in comparison to the GCIM ground motion 

selection.  

• The MCMCGMS method 2 outperforms the other algorithms considered in Chapter 3, 

for all cases considered, and provides a suite of records with an extremely good match 

to the target, regardless of numbers of records to be selected. 

• The MCMCGMS methods are conceptually straightforward to be applied for selecting 

ground motion simulations. If the scaling is not permitted for the simulations, it is 

possible to obtain ground motion simulations which do not have a consistent value of 

conditional intensity measure. A bunch of ground motion simulations are selected with 

very close value of conditional intensity measure and the selection algorithm are 

applied to those selected records. That way has been successfully undertaken in the 

study of Bradley et al.(2015) in which they introduced a way to use the GCIM-based 

ground motion selection algorithm for the simulations. 

7.1.2 Recommendations for further work 

• As mentioned previously, the MCMCGMS method 1, as presented in Chapter 3, only 

implements the well know MCMC algorithm of Metropolis-Hastings. The use of this 

traditional and relatively simple algorithm was simply motivated by a desire to simplify 

the introduction of this approach to record selection. The algorithm itself can be 

regarded as being agnostic to the particular MCMC sampling strategy that is adopted, 

and there are many such strategies. An obvious extension of the overall MCMCGMS 

method 1 algorithm is to investigate which sampling strategies (as well as parameter 

combinations for these algorithms) are most efficient. This is conceptually a relatively 

simple exercise to undertake, but requires a considerable amount of time due to the 

existence of a large number of alternative algorithms. However, it is clear that 
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advantages can be gained by the use of more sophisticated algorithms tuned more 

closely to the requirements of this particular problem. Specifically, rapid traversal of 

the target distribution using small numbers of samples.   

• The successful adoption of PDF preselection has only been observed for the particular 

combinations of intensity measures and database used in the studies shown in Chapter 

3. It is of interest to examine whether the preselection is still able to be applied on the 

basis of other factors (e.g., Mahalanobis distance) and to other combinations of intensity 

measures and databases.  It is interesting to examine how the PDF preselection performs 

upon the database of ground motion simulations. In particular, a decision of the chosen 

limit on PDF which the database of a large number of simulations is filtered by needs 

to be studied.  

• Potential improvements in the greedy optimization phase can be explored with a 

particular focus upon the definition of the starting point and the adopted step size. A 

current proposal for the future study is that multiple start points (e.g., bootstrapping) 

are chosen, and the optimization is conducted separately for each by the repeated 

application of constructive greedy algorithm and the derivation metrics can be 

evaluated by the use of more than one alternative (e.g., more than one records in the set 

to be tested for the replacement (Baker & Lee, 2018)) with different combinations. 

7.2 Ground motion selection for multiple targets 

Chapter 4 presented a new approach to ground motion selection in which record suites are 

chosen to comply with multiple target distributions simultaneously. The following sections 

outline the principle conclusions from that chapter and defines future areas where additional 

investigations may be made. 

7.2.1 Conclusions related to ground motion selection for multiple targets 

• A new efficient algorithm is developed for obtaining a set of records that simultaneously 

matches to multiple target distributions as closely as possible.  

• This algorithm initially ranks the total collection of records on the basis of the PDF 

value (likelihood) of each record at each given target of interest and subsequently 

provides a set of records which has some degree of simultaneous agreement with the 
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given targets. A further greedy optimization is applied to the resultant records to obtain 

a set of records matching to the multiple targets of interest as closely as possible. 

• When the algorithm is adopted to selected records for IDA, it is referred to as 

Incremental Dynamic Analysis Ground Motion Selection (IDAGMS).  

• The use of multiple GCIM targets are able to provide the improvements upon three 

aspects in terms of efficiency, sufficiency and scaling legitimacy which are of 

importance when hoping to obtain unbiased results from IDA.  

• The performance of IDAGMS mainly relates to one factor. The factor is how the 

spectral shape properties of a GCIM target mean spectrum change along with different 

IM levels of interest.  

• When it is unlikely that a single suite of records can meaningfully match all targets 

simultaneously, it is prudent to partition all targets of interest into several subgroups 

each of which consisting of a sequence of adjacent targets and the IDAGMS is 

subsequently adopted for selecting a set of records to match to each subgroup. This 

approach can be thought of as a broadband equivalent to MSA, i.e., bands of intensity 

measure levels are used in place of a single ‘stripe’ within MSA. 

• Record sets simultaneously matching to respective subgroups have a much better 

overall performance for all targets of interest, in comparison of the identification of a 

record set for all targets of interest in one group.  

• However, the use of subgroups leads to the loss of continuity of the IDA curves and the 

analysis, named as SubIDA, is applied to obtain the response estimations.  

• For the series of examples shown in Chapter 4, the biases introduced through the normal 

IDA which relates to the distribution of ground motions properties changing along with 

different IM levels can be significantly reduced by the use of IDAGMS. 

• For the targets in each group (one group for all targets or one subgroup), the targets are 

aggregated into an aggregation target and the MCMCGMS method 2 is applied for 

selecting records to match this aggregated distribution. The performance of 

MCMCGMS method 2 upon the aggregation target is similar with that of IDAGMS 

upon a series of targets which are used to construct that aggregation target.  

7.2.2 Recommendations for further work 

• The structural analyses conducted in this chapter only make use of simple nonlinear 

SDOF systems and further only focus upon the prediction of peak displacement and 
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collapse. It is highly likely that different results will be obtained when alternative 

structural models are investigated and particularly when different EDPs are 

investigated. Therefore, further studies, making the use of more sophisticated structure 

models which cannot be represented by a SDOF and other structure response 

parameters of interest should be conducted in the future to further test the performance 

of IDAGMS and SubIDA. 

• A particular test that should be evaluated is upon EDPs that are more sensitive to IMs 

that do not scale in proportion to the scale factors applied to the records within IDA. 

For example, examination of EDPs that are sensitive to duration would likely reveal 

greater impact than currently observed in Chapter 4 because the duration values are 

independent of scaling. Scaling the records therefore distorts the inherent correlations 

among IMs and can lead to biases. 

• Related to the above, the rupture scenarios considered in Chapter 4 were identified 

primarily to ensure that the changes among different IM levels in relation to the 

distribution of causal parameters are significant. However, these scenarios also 

coincided with scenarios that are relatively well-represented in the database and this 

meant that limited scaling was required. The consideration of more rare rupture 

scenarios that necessitate greater levels of scaling should also be explored in future 

work. 

• The algorithm, referred to as IDAGMS in Chapter 4, aims to obtain a set of records 

matching simultaneously to multiple targets within the context of IDA. However, as 

discussed in Section 4.8, there are other potential applications of this algorithm that can 

be employed outside of the scope of IDA. An important such application is investigated 

within Chapter 5 where multiple modal contributions to hazard are identified from a 

disaggregation analysis. Additional use cases (e.g., the three example cases shown in 

Section 4.8) should be explored in more detail in subsequent work. 

• Definition of sub-groups in Chapter 4 are currently made in a subjective manner. The 

automated approach based upon the detection of changes in spectral shape properties 

(e.g., the proposed example method shown in Section 4.4) requires further 

development. The curvature-based criteria outlined in Chapter 4 is a useful starting 

point but will not function optimally in all situations (for example, when linear 

variations in magnitude and distance exist over IM levels the curvature-based approach 
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will not identify a need to sub-divide the IM range). Further work associated with 

automating this approach is needed. 

• The algorithm developed in this chapter is conceptually straightforward to be adopted 

for selecting ground motion simulations. If the algorithm is adopted to IDA, the scaling 

needs to be permitted. It is interest to examine the computational expense of the 

algorithm which is a function of the number of prospective simulations. The PDF 

preselection can be used to filter the simulations to significantly reduce the computation 

expense, after the decision of the chosen limit of PDF preselection upon a database with 

a larger number of simulations is studied.  

7.3 Potential bias from the “Exact” CS (or “Exact” CS-based) 

target distribution 

Chapter 5 examined the common misconception that the use of the “Exact” CS (or “Exact” CS-

based) target distribution15 leads to unbiased estimates of response. However, because the 

“Exact” CS (or “Exact” CS-based) target defines a single variance-inflated multivariate 

distribution, it cannot adequately represent disaggregation distributions that are markedly not 

uni-modal. The following sections outline the principle conclusions from that chapter and 

defines future areas where additional investigations may be made. 

7.3.1 Conclusions related to the examination of “Exact” CS-based target 

• The “Exact” CS-based target which is commonly assumed to lead to unbiased response 

within the community has been tested to see whether all ground motion features of 

interest for a given site can be well-represented by the use of one “Exact” CS-based 

target. Tests are conducted for two representative situations where a site has its hazard 

dominated by either one or two main rupture scenarios (i.e., a uni-modal and bi-modal 

disaggregation distribution). 

• The CS targets individually are constructed for each scenario and the MCMCGMS 

method 2 is adopted. The associated CDF of the response (peak displacement of a 

nonlinear SDOF oscillator, and collapse probability) is then obtained as a cumulative 

                                                 
15 The "Exact" CS-based target is directly generalized by the "Exact" CS target. That is, those two targets are 

exactly the same target with an exception of accounting for different IMs. 
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sum of the corresponding results for each scenario – with weight factors representing 

the relative contributions from the disaggregation. These results are treated as the 

benchmark and represent the most comprehensive hazard-consistent analyses that have 

been conducted.  

• For a site with two dominant scenarios (a bi-modal disaggregation distribution), two 

additional techniques, whereby an “Exact CS”-based target or CS-based targets are 

respectively built for two predominated scenarios, are introduced. The MCMCGMS 

method 2 and IDAGMS are both applied for each introduced technique. 

• For both tested situations, while we are not able to statistically reject the null hypothesis 

that the distribution of responses obtained for one “Exact CS”-based target accounting 

for all scenarios is the same as the benchmark, there appears noticeable differences that 

can be explained on physical bases. It is highly likely that these biases are systematic, 

but that formal statistics tests cannot confirm their existence due to the relatively small 

sample sizes and inherently large response variability.  

• For the site with two predominant scenarios, the two newly introduced techniques are 

able to provide the estimations of response distributions that are closer to the 

benchmark. Specifically, two “Exact CS”-based targets built respectively for two 

predominant scenarios and records selected by using the MCMCGSM method 2 are 

able to, on average, outperform in the cases shown in the study of Chapter 5. 

• Throughout Chapter 5, K-mean clustering is shown to be an effective way to partition 

the disaggregation distribution into a small number (two in this particular case) of 

representative rupture scenarios. The weights for each cluster can also be obtained from 

the cluster definitions. 

7.3.2 Recommendations for further work 

• The tests in Chapter 5 are again conducted for a nonlinear SDOF and merely focus upon 

one structure response parameter (i.e., peak displacement). For future studies, the same 

procedure shown in Chapter 5 can be performed with different structural models as well 

as for sites with more varied disaggregation distributions. 

• The differences existing among the results obtained from different approaches and the 

benchmarks can be attributed to two facts: (1) two sets of records can have a similar 

overall match to a target (for some metric that is used to define the match), but these 

sets will lead to different response results; and (2) the weighted linear aggregation used 
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for the construction of “Exact CS”-based target may omit the critical features from 

scenarios with small contributions. The approaches to reduce the impacts from those 

two facts need to be developed and two potential proposals related to that are shown in 

what follows.  For the first one, an approach is needed for constructing restorative bins 

of causal parameters to apply for screening the database. Constructing the bins need the 

knowledge of the range of critical causal parameters and make sure the all critical 

scenarios be involved even if some have small contribution values. The bin cannot be 

overly restrictive which significantly reduces the size of the prospective ground motions 

in the database. For the second one, the weight factors currently are decided in a 

subjective manner, the approach for precisely determining the values of weight factors 

prior to the record selection needs to be developed. This require the sensitive of each 

IM of interest to a specific structural response being tested. 

• The analyses in this chapter require an analyst to manually define how many clusters 

are used to represent the disaggregation distribution. However, automated approaches 

can be developed to understand how many clusters should be defined for a given hazard 

output. Conceptually this is relatively straightforward, but it requires significant 

additional work because the response sensitivity to variations in rupture scenarios needs 

to be accounted for. This implies that multiple different structural models would need 

to be explored and that the overall analyses would be time-consuming. In addition, the 

automation should also account for the extent to which the prospective database is able 

to provide records for each identified cluster. 

• The K-mean clustering in Chapter 5 is currently only applied to the magnitude and 

distance attributes of the disaggregation distribution. This doesn’t quite lead to the most 

comprehensive benchmark case possible. Consideration of epsilon in addition to 

magnitude and distance would refine this analysis and should be explored in future 

work.  

• The apparent differences of a single “Exact” CS-based target for all scenarios of interest 

and the benchmark are overserved in Chapter 5, and the portion of the difference can 

be explained on the physical bases. However, the contribution of the two components 

respectively from a systematic issue and statistical fluctuations are still not quantified. 

Investigation of more scenarios to quantify the difference from the systematic issue are 

necessary in the future. 
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7.4 Conditional spectral targets for multiple damping ratios 

Chapter 6 introduced a new approach to defining a target distribution that accounted for 

multiple damping ratios. The motivation for this is to define response-spectral targets that 

include additional information about equivalent over-damped systems that correlate with non-

spectral IMs (like duration). The following sections outline the principle conclusions from that 

chapter and defines future areas where additional investigations may be made. 

7.4.1 Conclusions related to multiply damped CS target distributions 

• A step-by-step procedure has been described that allows one to construct a CS-based 

target accounting for multiple damping ratios in favour of involving more accurate 

information upon structure response process. The resultant target is referred to as the 

Damped Conditional Spectrum (DCS) target. 

• The definition of a DCS requires the availability of correlations among response 

spectral ordinates at different damping ratios and such a model has been presented for 

the first time in this chapter. 

• The highly nonlinear response of a given structure is able to be targeted through the use 

of a DCS. The effective period range and equivalent damping ratios for the high 

nonlinearity situations are identified on the basis of the results from the improved CSM 

which are evaluated by the application of an optimization method introduced in Chapter 

6. 

• The new optimization method related to the improved CSM presented in Chapter 6 has 

the potential to provide more accurate estimations of each step for the response process 

from yield to dynamic instability, when the prospective database enriches in the future. 

• The proposed DCS target is able to be more accurately capture the high nonlinearity of 

a given structure. This can be appreciated from a series of simple structural analyses 

against with the performance of a normal CS that only allows for different periods at a 

fixed damping ratio.  

• Specifically, the response results obtained from a DCS are in general tighter, in 

comparison of those from a normal CS. This is a consequence of a fact that a DCS not 

only is able to more accurately account for the information of high nonlinearity, but it 

also can implicitly consider intensity measures which are related to different damping 

ratios (such as duration). 



Chapter 7 - Conclusions and Recommendations for Further Work  

254 

 

7.4.2 Recommendations for further work 

• The proposed procedure allows a CS target taking any desirable damping ratio into 

account – but currently does so via interpolation. For Chapter 6 the correlations among 

response spectral ordinates at different periods and damping ratios are simply tabulated. 

Future work could readily develop a parametric model that can more easily be applied 

by end users. 

• The performance of different combinations of period range and damping ratios can be 

conducted for desirable structure response parameters in the future. In particular, the 

analyses in Chapter 6 only focus upon the initial elastic response and the extreme 

nonlinear response, but it should be important to understand how much time is spent at 

intermediate states. A useful exercise would be to examine the temporal distribution of 

equivalent SDOF parameters throughout the response history of an oscillator. These 

distributions can then be used to allocate weights to the various IMs used to define the 

DCS. 

• Again, simple structural analyses of nonlinear SDOF models and only the consideration 

of peak displacement is considered in Chapter 6, more sophisticated structural models 

and different response parameters can be used to test the performance of the DCS. 

• Investigation of the scenario dependence among inter-period correlations at multiple 

damping ratios should be investigated. A degree of scenario dependence has been 

identified for 5%-damped cases (although is commonly ignored in practice), and there 

are theoretical reasons why we should expect scenario dependence for the alternative 

damping ratio cases – particularly given that we recognize explicitly that there is 

duration dependence for spectral ordinates with different levels of damping. 

• The detailed studies related to the performance of proposed optimization method for 

the improved CSM may be conducted in the future, provided the records in the database 

are significantly enriched by adding more ground motion observations or adequately 

reliable simulations. 

 

  



References  

255 

 

References 

Abrahamson, N. & Silva, W. (2008) Summary of the Abrahamson & Silva NGA ground-

motion relations. Earthquake Spectra. 24 (1), 67-97. 

Afshari, K. & Stewart, J. P. (2016a) Physically parameterized prediction equations for 

significant duration in active crustal regions. Earthquake Spectra. 32 (4), 2057-2081. 

Afshari, K. & Stewart, J. P. (2016b) Validation of duration parameters from SCEC broadband 

platform simulated ground motions. Seismological Research Letters. 87 (6), 1355-1362. 

Akkar, S. & Bommer, J. J. (2007) Prediction of elastic displacement response spectra in Europe 

and the Middle East. Earthquake Engineering & Structural Dynamics. 36 (10), 1275-1301. 

Ambraseys, N. N., Douglas, J., Rinaldis, D., Berge‐Thierry, C., Suhadolc, P., Costa, G., 

Sigbjörnsson, R. & Smit, M. P. (2004) Dissemination of European strong-motion data, Volume 

2. CD-ROM collection. Engineering and Physical Sciences Research Council, UK, 2004, . 

Applied Technology Council. (2005) Improvement of nonlinear static seismic analysis 

procedures. Washington, D.C, Applied Technology Council.  

Applied Technology Council. (1996) Seismic evaluation and retrofit of concrete buildings.  

Aslan, B. & Zech, G. (2005) Statistical energy as a tool for binning-free, multivariate goodness-

of-fit tests, two-sample comparison and unfolding. Nuclear Instruments and Methods in 

Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated 

Equipment. 537 (3), 626-636. 

Azarbakht, A. & Dolšek, M. (2010) Progressive incremental dynamic analysis for first-mode 

dominated structures. Journal of Structural Engineering. 137 (3), 445-455. 

Azarbakht, A. & Dolšek, M. (2007) Prediction of the median IDA curve by employing a limited 

number of ground motion records. Earthquake Engineering & Structural Dynamics. 36 (15), 

2401-2421. 

Baker, J. W. (2015a) Efficient analytical fragility function fitting using dynamic structural 

analysis. Earthquake Spectra. 31 (1), 579-599. 

Baker, J. W. (2015b) An Introduction to Probabilistic Seismic Hazard Analysis (PSHA). White 

Paper, Version 2.1.  

Baker, J. W. (2010) Conditional mean spectrum: Tool for ground-motion selection. Journal of 

Structural Engineering. 137 (3), 322-331. 

Baker, J. W. (2007a) Measuring bias in structural response caused by ground motion scaling. 

8th Pacific Conference on Earthquake Engineering, Singapore.  



References  

256 

 

Baker, J. W. (2007b) Probabilistic structural response assessment using vector‐valued intensity 

measures. Earthquake Engineering & Structural Dynamics. 36 (13), 1861-1883. 

Baker, J. W. (2007c) Quantitative classification of near-fault ground motions using wavelet 

analysis. Bulletin of the Seismological Society of America. 97 (5), 1486-1501. 

Baker, J. W. (2005) Vector-valued ground motion intensity measures for probabilistic seismic 

demand analysis. Stanford University. 

Baker, J. W. & Bradley, B. A. (2017) Intensity measure correlations observed in the NGA-

West2 database, and dependence of correlations on rupture and site parameters. Earthquake 

Spectra. 33 (1), 145-156. 

Baker, J. W. & Cornell, C. A. (2008a) Vector-valued intensity measures for pulse-like near-

fault ground motions. Engineering Structures. 30 (4), 1048-1057. 

Baker, J. W. & Cornell, C. A. (2008b) Vector-valued intensity measures incorporating spectral 

shape for prediction of structural response. Journal of Earthquake Engineering. 12 (4), 534-

554. 

Baker, J. W. & Cornell, C. A. (2006a) Correlation of response spectral values for 

multicomponent ground motions. Bulletin of the Seismological Society of America. 96 (1), 215-

227. 

Baker, J. W. & Cornell, C. A. (2006b) Spectral shape, epsilon and record selection. Earthquake 

Engineering & Structural Dynamics. 35 (9), 1077-1095. 

Baker, J. W. & Cornell, C. A. (2005) A vector‐valued ground motion intensity measure 

consisting of spectral acceleration and epsilon. Earthquake Engineering & Structural 

Dynamics. 34 (10), 1193-1217. 

Baker, J. W. & Jayaram, N. (2008) Correlation of spectral acceleration values from NGA 

ground motion models. Earthquake Spectra. 24 (1), 299-317. 

Baker, J. W. & Lee, C. (2018) An improved algorithm for selecting ground motions to match 

a conditional spectrum. Journal of Earthquake Engineering. 22 (4), 708-723. 

Baker, J. W. & Lew, M. (2017) Ground motion selection and acceptance criteria when multiple 

seismic sources contribute to MCE ground motions. 3rd International Conference on 

Performance-based Design in Earthquake Geotechnical Engineering (PBD-III). Vancouver, 

B.C., Canada pp.7p. 

Bayless, J. & Abrahamson, N. A. (2018) Evaluation of the Interperiod Correlation of Ground‐

Motion Simulations. Bulletin of the Seismological Society of America. 108 (6), 3413-3430. 

Bazzurro, P. & Cornell, C. A. (2002) Vector-valued probabilistic seismic hazard analysis 

(VPSHA). Proceedings of the 7th US national conference on earthquake engineering. pp.21-

25. 



References  

257 

 

Bazzurro, P. & Cornell, C. A. (1999) Disaggregation of seismic hazard. Bulletin of the 

Seismological Society of America. 89 (2), 501-520. 

Bazzurro, P., Park, J. & Tothong, P. (2010) Vector-Valued Probabilistic Seismic Hazard 

Analysis of Correlated Ground Motion Parameters. Technical Report Submitted to the USGS, 

21 October 2010.  

Bazzurro, P., Tothong, P. & Park, J. (2009) Efficient approach to vector-valued probabilistic 

seismic hazard analysis of multiple correlated ground motion parameters. 10th, Structural 

safety and reliability; Safety, reliability and risk of structures, infrastructures and engineering 

systems; ICOSSAR2009; 2009; Osaka, Japan. 2009, pp.62. 

Benjamin, J. R. & Cornell, C. A. (2014) Probability, statistics, and decision for civil engineers. 

Courier Corporation.  

Beyer, K. & Bommer, J. J. (2006) Relationships between median values and between aleatory 

variabilities for different definitions of the horizontal component of motion. Bulletin of the 

Seismological Society of America. 96 (4A), 1512-1522. 

Bishop, C. M. (2006) Pattern recognition and machine learning. New York, Springer-Verlag.  

Bommer, J. J. & Abrahamson, N. A. (2006) Why Do Modern Probabilistic Seismic-Hazard 

Analyses Often Lead to Increased Hazard Estimates? Bulletin of the Seismological Society of 

America. 96 (6), 1967-1977. 

Bommer, J. J. & Acevedo, A. B. (2004) The use of real earthquake accelerograms as input to 

dynamic analysis. Journal of Earthquake Engineering. 8 (spec01), 43-91. 

Bommer, J. J., Magenes, G., Hancock, J. & Penazzo, P. (2004) The influence of strong-motion 

duration on the seismic response of masonry structures. Bulletin of Earthquake Engineering. 2 

(1), 1-26. 

Bommer, J. J. & Mendis, R. (2005) Scaling of spectral displacement ordinates with damping 

ratios. Earthquake Engineering & Structural Dynamics. 34 (2), 145-165. 

Bommer, J. J., Scherbaum, F., Bungum, H., Cotton, F., Sabetta, F. & Abrahamson, N. A. (2005) 

On the Use of Logic Trees for Ground-Motion Prediction Equations in Seismic-Hazard 

Analysis. Bulletin of the Seismological Society of America. 95 (2), 377-389. 

Bommer, J. J., Stafford, P. J. & Alarcón, J. E. (2009) Empirical equations for the prediction of 

the significant, bracketed, and uniform duration of earthquake ground motion. Bulletin of the 

Seismological Society of America. 99 (6), 3217-3233. 

Boore, D. M. (2003) Simulation of ground motion using the stochastic method. Pure and 

Applied Geophysics. 160 (3-4), 635-676. 

Boore, D. M. & Atkinson, G. M. (2008) Ground-motion prediction equations for the average 

horizontal component of PGA, PGV, and 5%-damped PSA at spectral periods between 0.01 s 

and 10.0 s. Earthquake Spectra. 24 (1), 99-138. 



References  

258 

 

Bora, S., Scherbaum, F., Kuehn, N. & Stafford, P. J. (2014) Fourier spectral- and duration 

models for the generation of response spectra adjustable to different source-, propagation-, and 

site conditions. Bulletin of Earthquake Engineering. 12 (1), 467-493. 

Bradley, B. A. (2018) On-going challenges in physics-based ground motion prediction and 

insights from the 2010–2011 Canterbury and 2016 Kaikoura, New Zealand earthquakes. Soil 

Dynamics and Earthquake Engineering.  

Bradley, B. A. (2015a) Correlation of arias intensity with amplitude, duration and cumulative 

intensity measures. Soil Dynamics and Earthquake Engineering. 78 89-98. 

Bradley, B. A. (2015b) Discussion on ‘a framework for the evaluation of ground motion 

selection and modification procedures’ by N. Simon Kwong, Anil K. Chopra, and Robin K. 

McGuire. Earthquake Engineering & Structural Dynamics. 44 (5), 817-821. 

Bradley, B. A. (2013) A comparison of intensity‐based demand distributions and the seismic 

demand hazard for seismic performance assessment. Earthquake Engineering & Structural 

Dynamics. 42 (15), 2235-2253. 

Bradley, B. A. (2012a) Empirical correlations between cumulative absolute velocity and 

amplitude-based ground motion intensity measures. Earthquake Spectra. 28 (1), 37-54. 

Bradley, B. A. (2012b) Empirical correlations between peak ground velocity and spectrum-

based intensity measures. Earthquake Spectra. 28 (1), 17-35. 

Bradley, B. A. (2012c) A ground motion selection algorithm based on the generalized 

conditional intensity measure approach. Soil Dynamics and Earthquake Engineering. 40 48-

61. 

Bradley, B. A. (2012d) The seismic demand hazard and importance of the conditioning 

intensity measure. Earthquake Engineering & Structural Dynamics. 41 (11), 1417-1437. 

Bradley, B. A. (2011a) Correlation of significant duration with amplitude and cumulative 

intensity measures and its use in ground motion selection. Journal of Earthquake Engineering. 

15 (6), 809-832. 

Bradley, B. A. (2011b) Empirical correlation of PGA, spectral accelerations and spectrum 

intensities from active shallow crustal earthquakes. Earthquake Engineering & Structural 

Dynamics. 40 (15), 1707-1721. 

Bradley, B. A. (2011c) Empirical equations for the prediction of displacement spectrum 

intensity and its correlation with other intensity measures. Soil Dynamics and Earthquake 

Engineering. 31 (8), 1182-1191. 

Bradley, B. A. (2010) A generalized conditional intensity measure approach and holistic 

ground‐motion selection. Earthquake Engineering & Structural Dynamics. 39 (12), 1321-

1342. 



References  

259 

 

Bradley, B. A., Burks, L. S. & Baker, J. W. (2015) Ground motion selection for simulation‐

based seismic hazard and structural reliability assessment. Earthquake Engineering & 

Structural Dynamics. 44 (13), 2321-2340. 

Bradley, B. A., Cubrinovski, M., Dhakal, R. P. & MacRae, G. A. (2009) Intensity measures 

for the seismic response of pile foundations. Soil Dynamics and Earthquake Engineering. 29 

(6), 1046-1058. 

Bradley, B. A. & Dhakal, R. P. (2008) Error estimation of closed‐form solution for annual rate 

of structural collapse. Earthquake Engineering & Structural Dynamics. 37 (15), 1721-1737. 

Bradley, B. A., Dhakal, R. P., Cubrinovski, M., Mander, J. B. & MacRae, G. A. (2007) 

Improved seismic hazard model with application to probabilistic seismic demand analysis. 

Earthquake Engineering & Structural Dynamics. 36 (14), 2211-2225. 

Bradley, B. A., Pettinga, D., Baker, J. W. & Fraser, J. (2017) Guidance on the Utilization of 

Earthquake-Induced Ground Motion Simulations in Engineering Practice. Earthquake Spectra. 

33 (3), 809-835. Available from: doi: 10.1193/120216EQS219EP.  

Burks, L. S. & Baker, J. W. (2014) Validation of ground‐motion simulations through simple 

proxies for the response of engineered systems. Bulletin of the Seismological Society of 

America. 104 (4), 1930-1946. 

Campbell, K. W. & Bozorgnia, Y. (2010) A ground motion prediction equation for the 

horizontal component of cumulative absolute velocity (CAV) based on the PEER-NGA strong 

motion database. Earthquake Spectra. 26 (3), 635-650. 

Campbell, K. W. & Bozorgnia, Y. (2008) NGA ground motion model for the geometric mean 

horizontal component of PGA, PGV, PGD and 5% damped linear elastic response spectra for 

periods ranging from 0.01 to 10 s. Earthquake Spectra. 24 (1), 139-171. 

Chandramohan, R., Baker, J. W. & Deierlein, G. G. (2016a) Impact of hazard‐consistent 

ground motion duration in structural collapse risk assessment. Earthquake Engineering & 

Structural Dynamics. 45 (8), 1357-1379. 

Chandramohan, R., Baker, J. W. & Deierlein, G. G. (2016b) Quantifying the influence of 

ground motion duration on structural collapse capacity using spectrally equivalent records. 

Earthquake Spectra. 32 (2), 927-950. 

Chiou, B. S. & Youngs, R. R. (2014) Update of the Chiou and Youngs NGA model for the 

average horizontal component of peak ground motion and response spectra. Earthquake 

Spectra. 30 (3), 1117-1153. 

Chiou, B., Darragh, R., Gregor, N. & Silva, W. (2008) NGA project strong-motion database. 

Earthquake Spectra. 24 (1), 23-44. 

Chiou, B. & Youngs, R. R. (2008) An NGA model for the average horizontal component of 

peak ground motion and response spectra. Earthquake Spectra. 24 (1), 173-215. 



References  

260 

 

Chopra, A. K. & Goel, R. K. (2000) Evaluation of NSP to estimate seismic deformation: SDF 

systems. Journal of Structural Engineering. 126 (4), 482-490. 

Chopra, A. K. & Goel, R. K. (1999) Capacity-demand-diagram methods based on inelastic 

design spectrum. Earthquake Spectra. 15 (4), 637-656. 

Cornell, C. A., Jalayer, F., Hamburger, R. O. & Foutch, D. A. (2002) Probabilistic basis for 

2000 SAC federal emergency management agency steel moment frame guidelines. Journal of 

Structural Engineering. 128 (4), 526-533. 

Cowles, M. K. & Carlin, B. P. (1996) Markov chain Monte Carlo convergence diagnostics: a 

comparative review. Journal of the American Statistical Association. 91 (434), 883-904. 

Dolšek, M. & Fajfar, P. (2004) IN2-A simple alternative for IDA. Proceedings of the 13th 

world conference on earthquake engineering, Vancouver, Canada, paper.  

Douglas, J. (2018) Ground motion prediction equations 1964-2018. Ground Motion Prediction 

Equations 1964–2018.  

Eads, L., Miranda, E., Krawinkler, H. & Lignos, D. G. (2013) An efficient method for 

estimating the collapse risk of structures in seismic regions. Earthquake Engineering & 

Structural Dynamics. 42 (1), 25-41. 

Ebrahimian, H., Azarbakht, A., Tabandeh, A. & Golafshani, A. A. (2012) The exact and 

approximate conditional spectra in the multi-seismic-sources regions. Soil Dynamics and 

Earthquake Engineering. 39 61-77. 

Fajfar, P. (1999) Capacity spectrum method based on inelastic demand spectra. Earthquake 

Engineering & Structural Dynamics. 28 (9), 979-993. 

Field, E. H., Jordan, T. H. & Cornell, C. A. (2003) OpenSHA: A developing community-

modeling environment for seismic hazard analysis. Seismological Research Letters. 74 (4), 

406-419. 

Fox, M. J., Stafford, P. J. & Sullivan, T. J. (2016) Seismic hazard disaggregation in 

performance‐based earthquake engineering: occurrence or exceedance? Earthquake 

Engineering & Structural Dynamics. 45 (5), 835-842. 

Freeman, S. A. (1998) Development and use of capacity spectrum method. The 6th US National 

Conference on Earthquake Engineering/EERI, Seattle, Washington, 1998.  

Galasso, C., Zareian, F., Iervolino, I. & Graves, R. W. (2012) Validation of ground‐motion 

simulations for historical events using SDoF systems. Bulletin of the Seismological Society of 

America. 102 (6), 2727-2740. 

Galasso, C., Zhong, P., Zareian, F., Iervolino, I. & Graves, R. W. (2013) Validation of ground‐

motion simulations for historical events using MDoF systems. Earthquake Engineering & 

Structural Dynamics. 42 (9), 1395-1412. 



References  

261 

 

Gilks, W. R., Richardson, S. & Spiegelhalter, D. (1995) Markov chain Monte Carlo in practice. 

Chapman and Hall/CRC.  

Goda, K. & Atkinson, G. M. (2011) Seismic performance of wood‐frame houses in south‐

western British Columbia. Earthquake Engineering & Structural Dynamics. 40 (8), 903-924. 

Goulet, C. A., Haselton, C. B., Mitrani‐Reiser, J., Beck, J. L., Deierlein, G. G., Porter, K. A. & 

Stewart, J. P. (2007) Evaluation of the seismic performance of a code‐conforming reinforced‐

concrete frame building—from seismic hazard to collapse safety and economic losses. 

Earthquake Engineering & Structural Dynamics. 36 (13), 1973-1997. 

Graves, R. W. & Pitarka, A. (2010) Broadband ground-motion simulation using a hybrid 

approach. Bulletin of the Seismological Society of America. 100 (5A), 2095-2123. 

Gustafson, P. (1998) A guided walk Metropolis algorithm. Statistics and Computing. 8 (4), 

357-364. 

Gutenberg, B. & Richter, C. F. (1944) Frequency of earthquakes in California. Bulletin of the 

Seismological Society of America. 34 (4), 185-188. 

Ha, S. J. & Han, S. W. (2016) A method for selecting ground motions that considers target 

response spectrum mean and variance as well as correlation structure. Journal of Earthquake 

Engineering. 20 (8), 1263-1277. 

Haario, H., Saksman, E. & Tamminen, J. (2001) An adaptive Metropolis algorithm. Bernoulli. 

7 (2), 223-242. 

Han, S. W. & Chopra, A. K. (2006) Approximate incremental dynamic analysis using the 

modal pushover analysis procedure. Earthquake Engineering & Structural Dynamics. 35 (15), 

1853-1873. 

Han, S. W., Ha, S. J. & Seok, S. W. (2014) Efficient and accurate procedure for selecting 

ground motions matching target response spectrum. Nonlinear Dynamics. 78 (2), 889-905. 

Hancock, J. & Bommer, J. J. (2007) Using spectral matched records to explore the influence 

of strong-motion duration on inelastic structural response. Soil Dynamics and Earthquake 

Engineering. 27 (4), 291-299. 

Hancock, J. & Bommer, J. J. (2006) A state-of-knowledge review of the influence of strong-

motion duration on structural damage. Earthquake Spectra. 22 (3), 827-845. 

Hancock, J., Bommer, J. J. & Stafford, P. J. (2008) Numbers of scaled and matched 

accelerograms required for inelastic dynamic analyses. Earthquake Engineering & Structural 

Dynamics. 37 (14), 1585-1607. 

Haselton, C. B. & Baker, J. W. (2006) Ground motion intensity measures for collapse capacity 

prediction: Choice of optimal spectral period and effect of spectral shape. 8th National 

Conference on Earthquake Engineering. , Citeseer. pp.18-22. 



References  

262 

 

Ibarra, L. F., Medina, R. A. & Krawinkler, H. (2005) Hysteretic models that incorporate 

strength and stiffness deterioration. Earthquake Engineering & Structural Dynamics. 34 (12), 

1489-1511. 

Idriss, I. M. (2008) An NGA empirical model for estimating the horizontal spectral values 

generated by shallow crustal earthquakes. Earthquake Spectra. 24 (1), 217-242. 

Iervolino, I., Galasso, C. & Cosenza, E. (2010) REXEL: computer aided record selection for 

code-based seismic structural analysis. Bulletin of Earthquake Engineering. 8 (2), 339-362. 

Jalayer, F. (2003) Direct probabilistic seismic anaysis: implementing non-linear dynamic 

assessments. Stanford University Stanford.  

Jalayer, F. & Cornell, C. A. (2009) Alternative non‐linear demand estimation methods for 

probability‐based seismic assessments. Earthquake Engineering & Structural Dynamics. 38 

(8), 951-972. 

Jalayer, F., Ebrahimian, H., Miano, A., Manfredi, G. & Sezen, H. (2017) Analytical fragility 

assessment using unscaled ground motion records. Earthquake Engineering & Structural 

Dynamics. 46 (15), 2639-2663. 

Jayaram, N. & Baker, J. W. (2010) Considering spatial correlation in mixed-effects regression 

and the impact on ground-motion models. Bulletin of the Seismological Society of America. 

100 (6), 3295-3303. 

Jayaram, N. & Baker, J. W. (2008) Statistical tests of the joint distribution of spectral 

acceleration values. Bulletin of the Seismological Society of America. 98 (5), 2231-2243. 

Jayaram, N., Lin, T. & Baker, J. W. (2011) A computationally efficient ground-motion 

selection algorithm for matching a target response spectrum mean and variance. Earthquake 

Spectra. 27 (3), 797-815. 

Katsanos, E. I., Sextos, A. G. & Manolis, G. D. (2010) Selection of earthquake ground motion 

records: A state-of-the-art review from a structural engineering perspective. Soil Dynamics and 

Earthquake Engineering. 30 (4), 157-169. 

Kiani, J. & Khanmohammadi, M. (2015) New approach for selection of real input ground 

motion records for incremental dynamic analysis (IDA). Journal of Earthquake Engineering. 

19 (4), 592-623. 

Kohrangi, M., Bazzurro, P. & Vamvatsikos, D. (2016a) Vector and scalar IMs in structural 

response estimation, Part I: Hazard analysis. Earthquake Spectra. 32 (3), 1507-1524. 

Kohrangi, M., Bazzurro, P. & Vamvatsikos, D. (2016b) Vector and scalar IMs in structural 

response estimation, Part II: Building demand assessment. Earthquake Spectra. 32 (3), 1525-

1543. 

Kohrangi, M., Bazzurro, P., Vamvatsikos, D. & Spillatura, A. (2017) Conditional spectrum‐

based ground motion record selection using average spectral acceleration. Earthquake 

Engineering & Structural Dynamics. 46 (10), 1667-1685. 



References  

263 

 

Kottke, A. & Rathje, E. M. (2008) A semi-automated procedure for selecting and scaling 

recorded earthquake motions for dynamic analysis. Earthquake Spectra. 24 (4), 911-932. 

Kwong, N. S. & Chopra, A. K. (2016) Evaluation of the exact conditional spectrum and 

generalized conditional intensity measure methods for ground motion selection. Earthquake 

Engineering & Structural Dynamics. 45 (5), 757-777. 

Kwong, N. S., Chopra, A. K. & McGuire, R. K. (2015) A ground motion selection procedure 

for enforcing hazard consistency and estimating seismic demand hazard curves. Earthquake 

Engineering & Structural Dynamics. 44 (14), 2467-2487. 

Kyriakides, N., Sohaib, A., Pilakoutas, K., Neocleous, K., Chrysostomou, C., Tantele, E. & 

Votsis, R. (2018) Evaluation of seismic demand for substandard reinforced concrete structures. 

The Open Construction and Building Technology Journal. 12 (1), . 

Lin, T. & Baker, J. W. (2011) Probabilistic seismic hazard deaggregation of ground motion 

prediction models. 5th International conference on earthquake geotechnical engineering. 

pp.10-13. 

Lin, T. & Baker, J. W. (2013) Introducing adaptive incremental dynamic analysis: a new tool 

for linking ground motion selection and structural response assessment.  

Lin, T., Harmsen, S. C., Baker, J. W. & Luco, N. (2013) Conditional spectrum computation 

incorporating multiple causal earthquakes and ground‐motion prediction models. Bulletin of 

the Seismological Society of America. 103 (2A), 1103-1116. 

Lin, T., Haselton, C. B. & Baker, J. W. (2013a) Conditional spectrum‐based ground motion 

selection. Part I: hazard consistency for risk‐based assessments. Earthquake Engineering & 

Structural Dynamics. 42 (12), 1847-1865. 

Lin, T., Haselton, C. B. & Baker, J. W. (2013b) Conditional spectrum‐based ground motion 

selection. Part II: Intensity‐based assessments and evaluation of alternative target spectra. 

Earthquake Engineering & Structural Dynamics. 42 (12), 1867-1884. 

Lin, Y. & Chang, K. (2003) An improved capacity spectrum method for ATC‐40. Earthquake 

Engineering & Structural Dynamics. 32 (13), 2013-2025. 

Luco, N. & Bazzurro, P. (2007) Does amplitude scaling of ground motion records result in 

biased nonlinear structural drift responses? Earthquake Engineering & Structural Dynamics. 

36 (13), 1813-1835. 

Luco, N. & Cornell, C. A. (2007) Structure-specific scalar intensity measures for near-source 

and ordinary earthquake ground motions. Earthquake Spectra. 23 (2), 357-392. 

McGuire, R. K. (1995) Probabilistic seismic hazard analysis and design earthquakes: closing 

the loop. Bulletin of the Seismological Society of America. 85 (5), 1275-1284. 

Metropolis, N., Rosenbluth, A. W., Rosenbluth, M. N., Teller, A. H. & Teller, E. (1953) 

Equation of state calculations by fast computing machines. The Journal of Chemical Physics. 

21 (6), 1087-1092. 



References  

264 

 

Modica, A. & Stafford, P. J. (2014) Vector fragility surfaces for reinforced concrete frames in 

Europe. Bulletin of Earthquake Engineering. 12 (4), 1725-1753. 

Monahan, J. F. (2011) Numerical methods of statistics. Cambridge University Press.  

Naeim, F., Alimoradi, A. & Pezeshk, S. (2004) Selection and scaling of ground motion time 

histories for structural design using genetic algorithms. Earthquake Spectra. 20 (2), 413-426. 

Qi, H. & Sun, D. (2006) A quadratically convergent Newton method for computing the nearest 

correlation matrix. SIAM Journal on Matrix Analysis and Applications. 28 (2), 360-385. 

Rezaeian, S., Bozorgnia, Y., Idriss, I. M., Campbell, K., Abrahamson, N. & Silva, W. (2012) 

Spectral damping scaling factors for shallow crustal earthquakes in active tectonic regions. 

Pacific Earthquake Engineering Research Center.  

Rezaeian, S. & Der Kiureghian, A. (2010) Simulation of synthetic ground motions for specified 

earthquake and site characteristics. Earthquake Engineering & Structural Dynamics. 39 (10), 

1155-1180. 

Shi, Y. & Stafford, P. J. (2018) Markov chain Monte Carlo ground‐motion selection algorithms 

for conditional intensity measure targets. Earthquake Engineering & Structural Dynamics. 47 

(12), 2468-2489. 

Shome, N., Cornell, C. A., Bazzurro, P. & Carballo, J. E. (1998) Earthquakes, records, and 

nonlinear responses. Earthquake Spectra. 14 (3), 469-500. 

Stafford, P. J. (2017) Interfrequency Correlations among Fourier Spectral Ordinates and 

Implications for Stochastic Ground‐Motion SimulationInterfrequency Correlations among 

Fourier Spectral Ordinates and Implications. Bulletin of the Seismological Society of America. 

107 (6), 2774-2791. 

Stafford, P. J., Berrill, J. & Pettinga, J. (2009) New predictive equations for Arias intensity 

from crustal earthquakes in New Zealand. Journal of Seismology. 13 (1), 31-52. 

Stafford, P. J. & Bommer, J. J. (2010) Theoretical consistency of common record selection 

strategies in performance-based earthquake engineering. In: Anonymous Advances in 

Performance-Based Earthquake Engineering. , Springer. pp. 49-58.  

Stafford, P. J. & Bommer, J. J. (2009) Empirical equations for the prediction of the equivalent 

number of cycles of earthquake ground motion. Soil Dynamics and Earthquake Engineering. 

29 (11-12), 1425-1436. 

Stafford, P. J., Mendis, R. & Bommer, J. J. (2008) Dependence of Damping Correction Factors 

for Response Spectra on Duration and Numbers of Cycles. Journal of Structural Engineering. 

134 (8), 1364-1373. Available from: http://ascelibrary.org/doi/abs/10.1061/(ASCE)0733-

9445(2008)134:8(1364). Available from: doi: 8(1364).  

Stafford, P. J., Sullivan, T. J. & Pennucci, D. (2016) Empirical correlation between inelastic 

and elastic spectral displacement demands. Earthquake Spectra. 32 (3), 1419-1448. 

http://ascelibrary.org/doi/abs/10.1061/(ASCE)0733-9445(2008)134:8(1364)
http://ascelibrary.org/doi/abs/10.1061/(ASCE)0733-9445(2008)134:8(1364)


References  

265 

 

Star, L. M., Stewart, J. P. & Graves, R. W. (2011) Comparison of ground motions from hybrid 

simulations to NGA prediction equations. Earthquake Spectra. 27 (2), 331-350. 

Stewart, J. P., Chiou, S., Bray, J. D., Graves, R. W., Somerville, P. G. & Abrahamson, N. A. 

(2001) Ground motion evaluation procedures for performance-based design. PEER report 

2001/09. Pacific Earthquake Engineering Research Center, University of California, Berkeley.  

Taborda, R. & Roten, D. (2014) Physics-based ground-motion simulation. Encyclopedia of 

Earthquake Engineering. 1-33. 

Tarbali, K. & Bradley, B. A. (2016) The effect of causal parameter bounds in PSHA‐based 

ground motion selection. Earthquake Engineering & Structural Dynamics. 45 (9), 1515-1535. 

Tarbali, K. & Bradley, B. A. (2015) Ground motion selection for scenario ruptures using the 

generalised conditional intensity measure (GCIM) method. Earthquake Engineering & 

Structural Dynamics. 44 (10), 1601-1621. 

Tarbali, K., Bradley, B. A. & Baker, J. W. (2018) Consideration and Propagation of Ground 

Motion Selection Epistemic Uncertainties to Seismic Performance Metrics. Earthquake 

Spectra. 34 (2), 587-610. 

Tothong, P. & Cornell, C. A. (2008) Structural performance assessment under near‐source 

pulse‐like ground motions using advanced ground motion intensity measures. Earthquake 

Engineering & Structural Dynamics. 37 (7), 1013-1037. 

Tsioulou, A. & Galasso, C. (2018) Information theory measures for the engineering validation 

of ground‐motion simulations. Earthquake Engineering & Structural Dynamics. 47 (4), 1095-

1104. 

Vamvatsikos, D. & Cornell, C. A. (2006) Direct estimation of the seismic demand and capacity 

of oscillators with multi‐linear static pushovers through IDA. Earthquake Engineering & 

Structural Dynamics. 35 (9), 1097-1117. 

Vamvatsikos, D. & Cornell, C. A. (2005a) Developing efficient scalar and vector intensity 

measures for IDA capacity estimation by incorporating elastic spectral shape information. 

Earthquake Engineering & Structural Dynamics. 34 (13), 1573-1600. 

Vamvatsikos, D. & Cornell, C. A. (2005b) Direct estimation of seismic demand and capacity 

of multidegree-of-freedom systems through incremental dynamic analysis of single degree of 

freedom approximation. Journal of Structural Engineering. 131 (4), 589-599. 

Vamvatsikos, D. & Cornell, C. A. (2004) Applied incremental dynamic analysis. Earthquake 

Spectra. 20 (2), 523-553. 

Vamvatsikos, D. & Cornell, C. A. (2002) Incremental dynamic analysis. Earthquake 

Engineering & Structural Dynamics. 31 (3), 491-514. 

Wang, G. (2011) A ground motion selection and modification method capturing response 

spectrum characteristics and variability of scenario earthquakes. Soil Dynamics and 

Earthquake Engineering. 31 (4), 611-625. 



Appendix A  

266 

 

Appendix A: Correlation of Spectral Acceleration at 

different damping ratios from NGA West-2 database 
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Table A.1: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 5% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.66 0.46 0.33 0.25 0.22 0.18 0.15 0.11 0.13 0.14 0.14 0.14 0.15 0.15 0.16 0.15 0.15 0.15 

0.3 0.66 1 0.83 0.71 0.63 0.59 0.55 0.51 0.45 0.42 0.4 0.4 0.38 0.37 0.36 0.35 0.36 0.35 0.38 

0.5 0.46 0.83 1 0.9 0.82 0.79 0.75 0.71 0.65 0.61 0.58 0.58 0.55 0.52 0.5 0.48 0.47 0.45 0.46 

0.7 0.33 0.71 0.9 1 0.93 0.9 0.86 0.82 0.74 0.7 0.67 0.65 0.62 0.57 0.55 0.53 0.52 0.51 0.53 

0.9 0.25 0.63 0.82 0.93 1 0.98 0.93 0.89 0.82 0.77 0.74 0.72 0.69 0.64 0.62 0.59 0.56 0.54 0.56 

1.0 0.22 0.59 0.79 0.9 0.98 1 0.96 0.91 0.85 0.8 0.77 0.75 0.71 0.66 0.63 0.6 0.57 0.54 0.55 

1.2 0.18 0.55 0.75 0.86 0.93 0.96 1 0.95 0.88 0.84 0.8 0.78 0.75 0.7 0.67 0.63 0.6 0.57 0.59 

1.5 0.15 0.51 0.71 0.82 0.89 0.91 0.95 1 0.93 0.88 0.85 0.83 0.8 0.75 0.72 0.68 0.65 0.61 0.63 

2.0 0.11 0.45 0.65 0.74 0.82 0.85 0.88 0.93 1 0.95 0.92 0.91 0.87 0.82 0.79 0.74 0.7 0.65 0.67 

2.5 0.13 0.42 0.61 0.7 0.77 0.8 0.84 0.88 0.95 1 0.98 0.96 0.92 0.87 0.84 0.79 0.74 0.68 0.68 

2.7 0.14 0.4 0.58 0.67 0.74 0.77 0.8 0.85 0.92 0.98 1 0.99 0.95 0.91 0.88 0.83 0.77 0.7 0.7 

3.0 0.14 0.4 0.58 0.65 0.72 0.75 0.78 0.83 0.91 0.96 0.99 1 0.97 0.92 0.89 0.84 0.78 0.71 0.7 

3.5 0.14 0.38 0.55 0.62 0.69 0.71 0.75 0.8 0.87 0.92 0.95 0.97 1 0.96 0.94 0.89 0.82 0.75 0.72 

4.0 0.15 0.37 0.52 0.57 0.64 0.66 0.7 0.75 0.82 0.87 0.91 0.92 0.96 1 0.98 0.94 0.87 0.81 0.76 

4.5 0.15 0.36 0.5 0.55 0.62 0.63 0.67 0.72 0.79 0.84 0.88 0.89 0.94 0.98 1 0.97 0.91 0.84 0.79 

5.0 0.16 0.35 0.48 0.53 0.59 0.6 0.63 0.68 0.74 0.79 0.83 0.84 0.89 0.94 0.97 1 0.96 0.89 0.84 

6.0 0.15 0.36 0.47 0.52 0.56 0.57 0.6 0.65 0.7 0.74 0.77 0.78 0.82 0.87 0.91 0.96 1 0.96 0.89 

7.0 0.15 0.35 0.45 0.51 0.54 0.54 0.57 0.61 0.65 0.68 0.7 0.71 0.75 0.81 0.84 0.89 0.96 1 0.94 

9.0 0.15 0.38 0.46 0.53 0.56 0.55 0.59 0.63 0.67 0.68 0.7 0.7 0.72 0.76 0.79 0.84 0.89 0.94 1 
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Table A.2: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 7% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.69 0.49 0.36 0.29 0.24 0.22 0.18 0.14 0.16 0.16 0.16 0.16 0.16 0.17 0.17 0.17 0.16 0.17 

0.3 0.69 1 0.85 0.73 0.65 0.6 0.57 0.53 0.47 0.44 0.43 0.42 0.4 0.38 0.38 0.37 0.37 0.37 0.39 

0.5 0.49 0.85 1 0.92 0.84 0.8 0.77 0.73 0.66 0.62 0.6 0.59 0.57 0.53 0.52 0.5 0.49 0.47 0.47 

0.7 0.36 0.73 0.92 1 0.94 0.9 0.87 0.83 0.76 0.71 0.68 0.67 0.63 0.59 0.57 0.55 0.54 0.52 0.54 

0.9 0.29 0.65 0.84 0.94 1 0.98 0.95 0.9 0.83 0.78 0.75 0.74 0.7 0.65 0.63 0.6 0.58 0.55 0.57 

1.0 0.24 0.6 0.8 0.9 0.98 1 0.97 0.92 0.86 0.81 0.78 0.76 0.73 0.67 0.65 0.61 0.58 0.55 0.56 

1.2 0.22 0.57 0.77 0.87 0.95 0.97 1 0.96 0.89 0.85 0.81 0.8 0.76 0.71 0.68 0.65 0.62 0.59 0.6 

1.5 0.18 0.53 0.73 0.83 0.9 0.92 0.96 1 0.94 0.89 0.86 0.84 0.81 0.76 0.73 0.69 0.66 0.62 0.64 

2.0 0.14 0.47 0.66 0.76 0.83 0.86 0.89 0.94 1 0.96 0.93 0.92 0.88 0.83 0.8 0.76 0.72 0.66 0.68 

2.5 0.16 0.44 0.62 0.71 0.78 0.81 0.85 0.89 0.96 1 0.98 0.97 0.93 0.88 0.85 0.81 0.76 0.7 0.69 

2.7 0.16 0.43 0.6 0.68 0.75 0.78 0.81 0.86 0.93 0.98 1 0.99 0.96 0.92 0.89 0.84 0.78 0.72 0.71 

3.0 0.16 0.42 0.59 0.67 0.74 0.76 0.8 0.84 0.92 0.97 0.99 1 0.98 0.93 0.9 0.85 0.8 0.73 0.71 

3.5 0.16 0.4 0.57 0.63 0.7 0.73 0.76 0.81 0.88 0.93 0.96 0.98 1 0.97 0.95 0.9 0.84 0.77 0.74 

4.0 0.16 0.38 0.53 0.59 0.65 0.67 0.71 0.76 0.83 0.88 0.92 0.93 0.97 1 0.99 0.95 0.89 0.82 0.77 

4.5 0.17 0.38 0.52 0.57 0.63 0.65 0.68 0.73 0.8 0.85 0.89 0.9 0.95 0.99 1 0.98 0.92 0.86 0.8 

5.0 0.17 0.37 0.5 0.55 0.6 0.61 0.65 0.69 0.76 0.81 0.84 0.85 0.9 0.95 0.98 1 0.97 0.91 0.85 

6.0 0.17 0.37 0.49 0.54 0.58 0.58 0.62 0.66 0.72 0.76 0.78 0.8 0.84 0.89 0.92 0.97 1 0.97 0.9 

7.0 0.16 0.37 0.47 0.52 0.55 0.55 0.59 0.62 0.66 0.7 0.72 0.73 0.77 0.82 0.86 0.91 0.97 1 0.95 

9.0 0.17 0.39 0.47 0.54 0.57 0.56 0.6 0.64 0.68 0.69 0.71 0.71 0.74 0.77 0.8 0.85 0.9 0.95 1 
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Table A.3: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 10% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.72 0.52 0.4 0.33 0.28 0.26 0.22 0.18 0.19 0.2 0.19 0.19 0.19 0.19 0.2 0.19 0.19 0.19 

0.3 0.72 1 0.87 0.75 0.67 0.61 0.6 0.56 0.5 0.46 0.45 0.44 0.43 0.41 0.4 0.39 0.39 0.39 0.4 

0.5 0.52 0.87 1 0.93 0.86 0.81 0.79 0.75 0.68 0.64 0.63 0.62 0.59 0.56 0.54 0.52 0.5 0.49 0.49 

0.7 0.4 0.75 0.93 1 0.95 0.91 0.89 0.85 0.78 0.73 0.71 0.69 0.66 0.61 0.6 0.57 0.56 0.54 0.55 

0.9 0.33 0.67 0.86 0.95 1 0.98 0.96 0.91 0.85 0.8 0.77 0.76 0.72 0.67 0.65 0.62 0.59 0.57 0.57 

1.0 0.28 0.61 0.81 0.91 0.98 1 0.97 0.93 0.87 0.82 0.79 0.78 0.74 0.69 0.66 0.63 0.6 0.56 0.57 

1.2 0.26 0.6 0.79 0.89 0.96 0.97 1 0.97 0.91 0.86 0.83 0.81 0.78 0.73 0.7 0.67 0.63 0.6 0.61 

1.5 0.22 0.56 0.75 0.85 0.91 0.93 0.97 1 0.95 0.91 0.87 0.86 0.82 0.78 0.75 0.71 0.68 0.64 0.65 

2.0 0.18 0.5 0.68 0.78 0.85 0.87 0.91 0.95 1 0.97 0.94 0.93 0.89 0.85 0.82 0.78 0.74 0.68 0.69 

2.5 0.19 0.46 0.64 0.73 0.8 0.82 0.86 0.91 0.97 1 0.99 0.97 0.94 0.9 0.87 0.83 0.78 0.72 0.71 

2.7 0.2 0.45 0.63 0.71 0.77 0.79 0.83 0.87 0.94 0.99 1 1 0.97 0.93 0.9 0.86 0.8 0.74 0.72 

3.0 0.19 0.44 0.62 0.69 0.76 0.78 0.81 0.86 0.93 0.97 1 1 0.98 0.94 0.91 0.87 0.81 0.75 0.73 

3.5 0.19 0.43 0.59 0.66 0.72 0.74 0.78 0.82 0.89 0.94 0.97 0.98 1 0.98 0.95 0.91 0.86 0.79 0.76 

4.0 0.19 0.41 0.56 0.61 0.67 0.69 0.73 0.78 0.85 0.9 0.93 0.94 0.98 1 0.99 0.96 0.91 0.84 0.79 

4.5 0.19 0.4 0.54 0.6 0.65 0.66 0.7 0.75 0.82 0.87 0.9 0.91 0.95 0.99 1 0.98 0.93 0.87 0.82 

5.0 0.2 0.39 0.52 0.57 0.62 0.63 0.67 0.71 0.78 0.83 0.86 0.87 0.91 0.96 0.98 1 0.97 0.92 0.86 

6.0 0.19 0.39 0.5 0.56 0.59 0.6 0.63 0.68 0.74 0.78 0.8 0.81 0.86 0.91 0.93 0.97 1 0.97 0.91 

7.0 0.19 0.39 0.49 0.54 0.57 0.56 0.6 0.64 0.68 0.72 0.74 0.75 0.79 0.84 0.87 0.92 0.97 1 0.95 

9.0 0.19 0.4 0.49 0.55 0.57 0.57 0.61 0.65 0.69 0.71 0.72 0.73 0.76 0.79 0.82 0.86 0.91 0.95 1 
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Table A.4: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 15% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.76 0.57 0.45 0.38 0.31 0.31 0.27 0.23 0.23 0.24 0.23 0.23 0.23 0.23 0.23 0.22 0.22 0.22 

0.3 0.76 1 0.89 0.78 0.71 0.63 0.63 0.59 0.53 0.49 0.48 0.48 0.46 0.44 0.43 0.43 0.42 0.41 0.42 

0.5 0.57 0.89 1 0.95 0.88 0.82 0.82 0.77 0.71 0.67 0.65 0.64 0.62 0.58 0.57 0.55 0.53 0.51 0.51 

0.7 0.45 0.78 0.95 1 0.97 0.92 0.91 0.87 0.8 0.76 0.73 0.72 0.69 0.64 0.63 0.6 0.58 0.56 0.56 

0.9 0.38 0.71 0.88 0.97 1 0.98 0.97 0.93 0.86 0.82 0.79 0.78 0.74 0.7 0.67 0.65 0.62 0.59 0.59 

1.0 0.31 0.63 0.82 0.92 0.98 1 0.97 0.94 0.88 0.84 0.81 0.8 0.76 0.71 0.68 0.65 0.62 0.58 0.59 

1.2 0.31 0.63 0.82 0.91 0.97 0.97 1 0.98 0.92 0.88 0.85 0.84 0.8 0.75 0.73 0.69 0.66 0.62 0.62 

1.5 0.27 0.59 0.77 0.87 0.93 0.94 0.98 1 0.96 0.92 0.89 0.88 0.85 0.8 0.77 0.74 0.7 0.66 0.66 

2.0 0.23 0.53 0.71 0.8 0.86 0.88 0.92 0.96 1 0.98 0.96 0.94 0.91 0.87 0.84 0.81 0.76 0.71 0.71 

2.5 0.23 0.49 0.67 0.76 0.82 0.84 0.88 0.92 0.98 1 0.99 0.98 0.95 0.91 0.89 0.85 0.8 0.74 0.73 

2.7 0.24 0.48 0.65 0.73 0.79 0.81 0.85 0.89 0.96 0.99 1 1 0.98 0.94 0.91 0.88 0.82 0.76 0.74 

3.0 0.23 0.48 0.64 0.72 0.78 0.8 0.84 0.88 0.94 0.98 1 1 0.99 0.95 0.93 0.89 0.84 0.77 0.75 

3.5 0.23 0.46 0.62 0.69 0.74 0.76 0.8 0.85 0.91 0.95 0.98 0.99 1 0.98 0.96 0.93 0.88 0.82 0.78 

4.0 0.23 0.44 0.58 0.64 0.7 0.71 0.75 0.8 0.87 0.91 0.94 0.95 0.98 1 0.99 0.97 0.92 0.87 0.82 

4.5 0.23 0.43 0.57 0.63 0.67 0.68 0.73 0.77 0.84 0.89 0.91 0.93 0.96 0.99 1 0.99 0.95 0.9 0.84 

5.0 0.23 0.43 0.55 0.6 0.65 0.65 0.69 0.74 0.81 0.85 0.88 0.89 0.93 0.97 0.99 1 0.98 0.94 0.88 

6.0 0.22 0.42 0.53 0.58 0.62 0.62 0.66 0.7 0.76 0.8 0.82 0.84 0.88 0.92 0.95 0.98 1 0.98 0.92 

7.0 0.22 0.41 0.51 0.56 0.59 0.58 0.62 0.66 0.71 0.74 0.76 0.77 0.82 0.87 0.9 0.94 0.98 1 0.96 

9.0 0.22 0.42 0.51 0.56 0.59 0.59 0.62 0.66 0.71 0.73 0.74 0.75 0.78 0.82 0.84 0.88 0.92 0.96 1 
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Table A.5: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 20% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.79 0.61 0.49 0.42 0.34 0.35 0.31 0.26 0.26 0.27 0.27 0.26 0.26 0.25 0.25 0.24 0.24 0.24 

0.3 0.79 1 0.91 0.8 0.73 0.64 0.66 0.62 0.56 0.52 0.51 0.51 0.49 0.47 0.46 0.45 0.44 0.43 0.43 

0.5 0.61 0.91 1 0.96 0.9 0.82 0.84 0.79 0.73 0.69 0.67 0.66 0.64 0.61 0.59 0.57 0.55 0.53 0.52 

0.7 0.49 0.8 0.96 1 0.97 0.92 0.93 0.88 0.82 0.78 0.76 0.74 0.71 0.67 0.65 0.63 0.6 0.58 0.58 

0.9 0.42 0.73 0.9 0.97 1 0.97 0.97 0.94 0.88 0.83 0.81 0.8 0.76 0.72 0.69 0.67 0.64 0.6 0.6 

1.0 0.34 0.64 0.82 0.92 0.97 1 0.97 0.94 0.89 0.85 0.82 0.81 0.77 0.72 0.7 0.67 0.63 0.59 0.6 

1.2 0.35 0.66 0.84 0.93 0.97 0.97 1 0.98 0.93 0.89 0.87 0.85 0.82 0.77 0.75 0.72 0.68 0.64 0.64 

1.5 0.31 0.62 0.79 0.88 0.94 0.94 0.98 1 0.97 0.93 0.91 0.9 0.86 0.82 0.79 0.76 0.72 0.68 0.68 

2.0 0.26 0.56 0.73 0.82 0.88 0.89 0.93 0.97 1 0.98 0.96 0.95 0.92 0.88 0.86 0.82 0.78 0.73 0.72 

2.5 0.26 0.52 0.69 0.78 0.83 0.85 0.89 0.93 0.98 1 0.99 0.99 0.96 0.92 0.9 0.87 0.82 0.76 0.75 

2.7 0.27 0.51 0.67 0.76 0.81 0.82 0.87 0.91 0.96 0.99 1 1 0.98 0.95 0.93 0.89 0.84 0.78 0.76 

3.0 0.27 0.51 0.66 0.74 0.8 0.81 0.85 0.9 0.95 0.99 1 1 0.99 0.96 0.94 0.9 0.85 0.79 0.77 

3.5 0.26 0.49 0.64 0.71 0.76 0.77 0.82 0.86 0.92 0.96 0.98 0.99 1 0.98 0.97 0.94 0.89 0.84 0.8 

4.0 0.26 0.47 0.61 0.67 0.72 0.72 0.77 0.82 0.88 0.92 0.95 0.96 0.98 1 1 0.97 0.94 0.89 0.84 

4.5 0.25 0.46 0.59 0.65 0.69 0.7 0.75 0.79 0.86 0.9 0.93 0.94 0.97 1 1 0.99 0.96 0.91 0.86 

5.0 0.25 0.45 0.57 0.63 0.67 0.67 0.72 0.76 0.82 0.87 0.89 0.9 0.94 0.97 0.99 1 0.98 0.94 0.89 

6.0 0.24 0.44 0.55 0.6 0.64 0.63 0.68 0.72 0.78 0.82 0.84 0.85 0.89 0.94 0.96 0.98 1 0.98 0.93 

7.0 0.24 0.43 0.53 0.58 0.6 0.59 0.64 0.68 0.73 0.76 0.78 0.79 0.84 0.89 0.91 0.94 0.98 1 0.97 

9.0 0.24 0.43 0.52 0.58 0.6 0.6 0.64 0.68 0.72 0.75 0.76 0.77 0.8 0.84 0.86 0.89 0.93 0.97 1 

 

  



Appendix A  

272 

 

Table A.6: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 25% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.82 0.64 0.52 0.45 0.37 0.39 0.34 0.29 0.29 0.29 0.29 0.29 0.28 0.28 0.28 0.26 0.26 0.25 

0.3 0.82 1 0.92 0.82 0.76 0.66 0.69 0.64 0.58 0.55 0.54 0.53 0.52 0.49 0.49 0.48 0.46 0.45 0.44 

0.5 0.64 0.92 1 0.96 0.91 0.83 0.85 0.81 0.75 0.71 0.69 0.68 0.66 0.63 0.61 0.59 0.57 0.55 0.54 

0.7 0.52 0.82 0.96 1 0.98 0.92 0.94 0.9 0.84 0.8 0.77 0.76 0.73 0.69 0.67 0.65 0.62 0.59 0.59 

0.9 0.45 0.76 0.91 0.98 1 0.97 0.98 0.95 0.89 0.85 0.82 0.81 0.78 0.74 0.71 0.69 0.66 0.62 0.62 

1.0 0.37 0.66 0.83 0.92 0.97 1 0.97 0.94 0.89 0.85 0.83 0.82 0.78 0.74 0.71 0.68 0.65 0.61 0.61 

1.2 0.39 0.69 0.85 0.94 0.98 0.97 1 0.99 0.94 0.9 0.88 0.87 0.83 0.79 0.77 0.74 0.7 0.66 0.65 

1.5 0.34 0.64 0.81 0.9 0.95 0.94 0.99 1 0.97 0.94 0.92 0.91 0.87 0.83 0.81 0.78 0.74 0.7 0.69 

2.0 0.29 0.58 0.75 0.84 0.89 0.89 0.94 0.97 1 0.98 0.97 0.96 0.93 0.89 0.87 0.84 0.8 0.75 0.74 

2.5 0.29 0.55 0.71 0.8 0.85 0.85 0.9 0.94 0.98 1 0.99 0.99 0.97 0.93 0.91 0.88 0.83 0.78 0.76 

2.7 0.29 0.54 0.69 0.77 0.82 0.83 0.88 0.92 0.97 0.99 1 1 0.98 0.95 0.94 0.9 0.86 0.8 0.78 

3.0 0.29 0.53 0.68 0.76 0.81 0.82 0.87 0.91 0.96 0.99 1 1 0.99 0.96 0.95 0.92 0.87 0.81 0.78 

3.5 0.29 0.52 0.66 0.73 0.78 0.78 0.83 0.87 0.93 0.97 0.98 0.99 1 0.98 0.97 0.95 0.91 0.85 0.82 

4.0 0.28 0.49 0.63 0.69 0.74 0.74 0.79 0.83 0.89 0.93 0.95 0.96 0.98 1 1 0.98 0.94 0.9 0.85 

4.5 0.28 0.49 0.61 0.67 0.71 0.71 0.77 0.81 0.87 0.91 0.94 0.95 0.97 1 1 0.99 0.96 0.92 0.87 

5.0 0.28 0.48 0.59 0.65 0.69 0.68 0.74 0.78 0.84 0.88 0.9 0.92 0.95 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.26 0.46 0.57 0.62 0.66 0.65 0.7 0.74 0.8 0.83 0.86 0.87 0.91 0.94 0.96 0.99 1 0.98 0.94 

7.0 0.26 0.45 0.55 0.59 0.62 0.61 0.66 0.7 0.75 0.78 0.8 0.81 0.85 0.9 0.92 0.95 0.98 1 0.97 

9.0 0.25 0.44 0.54 0.59 0.62 0.61 0.65 0.69 0.74 0.76 0.78 0.78 0.82 0.85 0.87 0.9 0.94 0.97 1 
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Table A.7: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 30% and the second period is 1.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.83 0.66 0.55 0.48 0.39 0.41 0.37 0.32 0.31 0.32 0.32 0.31 0.31 0.3 0.3 0.28 0.28 0.27 

0.3 0.83 1 0.93 0.84 0.77 0.67 0.71 0.66 0.6 0.57 0.56 0.55 0.54 0.52 0.51 0.5 0.48 0.46 0.45 

0.5 0.66 0.93 1 0.97 0.92 0.83 0.87 0.82 0.76 0.73 0.71 0.7 0.68 0.64 0.63 0.61 0.59 0.56 0.55 

0.7 0.55 0.84 0.97 1 0.98 0.92 0.94 0.91 0.85 0.81 0.79 0.78 0.75 0.71 0.69 0.66 0.64 0.6 0.6 

0.9 0.48 0.77 0.92 0.98 1 0.96 0.98 0.95 0.9 0.86 0.84 0.83 0.79 0.75 0.73 0.7 0.67 0.64 0.63 

1.0 0.39 0.67 0.83 0.92 0.96 1 0.96 0.94 0.89 0.86 0.84 0.82 0.79 0.75 0.72 0.69 0.66 0.61 0.62 

1.2 0.41 0.71 0.87 0.94 0.98 0.96 1 0.99 0.95 0.91 0.89 0.88 0.85 0.8 0.78 0.75 0.72 0.68 0.67 

1.5 0.37 0.66 0.82 0.91 0.95 0.94 0.99 1 0.98 0.95 0.92 0.91 0.88 0.85 0.82 0.79 0.76 0.71 0.7 

2.0 0.32 0.6 0.76 0.85 0.9 0.89 0.95 0.98 1 0.99 0.97 0.96 0.93 0.9 0.88 0.85 0.81 0.76 0.75 

2.5 0.31 0.57 0.73 0.81 0.86 0.86 0.91 0.95 0.99 1 0.99 0.99 0.97 0.94 0.92 0.89 0.85 0.79 0.77 

2.7 0.32 0.56 0.71 0.79 0.84 0.84 0.89 0.92 0.97 0.99 1 1 0.99 0.96 0.94 0.91 0.87 0.81 0.79 

3.0 0.32 0.55 0.7 0.78 0.83 0.82 0.88 0.91 0.96 0.99 1 1 0.99 0.97 0.95 0.92 0.88 0.82 0.8 

3.5 0.31 0.54 0.68 0.75 0.79 0.79 0.85 0.88 0.93 0.97 0.99 0.99 1 0.99 0.98 0.96 0.92 0.86 0.83 

4.0 0.31 0.52 0.64 0.71 0.75 0.75 0.8 0.85 0.9 0.94 0.96 0.97 0.99 1 1 0.98 0.95 0.91 0.86 

4.5 0.3 0.51 0.63 0.69 0.73 0.72 0.78 0.82 0.88 0.92 0.94 0.95 0.98 1 1 0.99 0.97 0.93 0.88 

5.0 0.3 0.5 0.61 0.66 0.7 0.69 0.75 0.79 0.85 0.89 0.91 0.92 0.96 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.28 0.48 0.59 0.64 0.67 0.66 0.72 0.76 0.81 0.85 0.87 0.88 0.92 0.95 0.97 0.99 1 0.98 0.94 

7.0 0.28 0.46 0.56 0.6 0.64 0.61 0.68 0.71 0.76 0.79 0.81 0.82 0.86 0.91 0.93 0.95 0.98 1 0.97 

9.0 0.27 0.45 0.55 0.6 0.63 0.62 0.67 0.7 0.75 0.77 0.79 0.8 0.83 0.86 0.88 0.9 0.94 0.97 1 
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Table A.8: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 5% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.66 0.46 0.33 0.25 0.22 0.18 0.15 0.11 0.13 0.14 0.14 0.14 0.15 0.15 0.16 0.15 0.15 0.15 

0.3 0.66 1 0.83 0.71 0.63 0.59 0.55 0.51 0.45 0.42 0.4 0.4 0.38 0.37 0.36 0.35 0.36 0.35 0.38 

0.5 0.46 0.83 1 0.9 0.82 0.79 0.75 0.71 0.65 0.61 0.58 0.58 0.55 0.52 0.5 0.48 0.47 0.45 0.46 

0.7 0.33 0.71 0.9 1 0.93 0.9 0.86 0.82 0.74 0.7 0.67 0.65 0.62 0.57 0.55 0.53 0.52 0.51 0.53 

0.9 0.25 0.63 0.82 0.93 1 0.98 0.93 0.89 0.82 0.77 0.74 0.72 0.69 0.64 0.62 0.59 0.56 0.54 0.56 

1.0 0.22 0.59 0.79 0.9 0.98 1 0.96 0.91 0.85 0.8 0.77 0.75 0.71 0.66 0.63 0.6 0.57 0.54 0.55 

1.2 0.18 0.55 0.75 0.86 0.93 0.96 1 0.95 0.88 0.84 0.8 0.78 0.75 0.7 0.67 0.63 0.6 0.57 0.59 

1.5 0.15 0.51 0.71 0.82 0.89 0.91 0.95 1 0.93 0.88 0.85 0.83 0.8 0.75 0.72 0.68 0.65 0.61 0.63 

2.0 0.11 0.45 0.65 0.74 0.82 0.85 0.88 0.93 1 0.95 0.92 0.91 0.87 0.82 0.79 0.74 0.7 0.65 0.67 

2.5 0.13 0.42 0.61 0.7 0.77 0.8 0.84 0.88 0.95 1 0.98 0.96 0.92 0.87 0.84 0.79 0.74 0.68 0.68 

2.7 0.14 0.4 0.58 0.67 0.74 0.77 0.8 0.85 0.92 0.98 1 0.99 0.95 0.91 0.88 0.83 0.77 0.7 0.7 

3.0 0.14 0.4 0.58 0.65 0.72 0.75 0.78 0.83 0.91 0.96 0.99 1 0.97 0.92 0.89 0.84 0.78 0.71 0.7 

3.5 0.14 0.38 0.55 0.62 0.69 0.71 0.75 0.8 0.87 0.92 0.95 0.97 1 0.96 0.94 0.89 0.82 0.75 0.72 

4.0 0.15 0.37 0.52 0.57 0.64 0.66 0.7 0.75 0.82 0.87 0.91 0.92 0.96 1 0.98 0.94 0.87 0.81 0.76 

4.5 0.15 0.36 0.5 0.55 0.62 0.63 0.67 0.72 0.79 0.84 0.88 0.89 0.94 0.98 1 0.97 0.91 0.84 0.79 

5.0 0.16 0.35 0.48 0.53 0.59 0.6 0.63 0.68 0.74 0.79 0.83 0.84 0.89 0.94 0.97 1 0.96 0.89 0.84 

6.0 0.15 0.36 0.47 0.52 0.56 0.57 0.6 0.65 0.7 0.74 0.77 0.78 0.82 0.87 0.91 0.96 1 0.96 0.89 

7.0 0.15 0.35 0.45 0.51 0.54 0.54 0.57 0.61 0.65 0.68 0.7 0.71 0.75 0.81 0.84 0.89 0.96 1 0.94 

9.0 0.15 0.38 0.46 0.53 0.56 0.55 0.59 0.63 0.67 0.68 0.7 0.7 0.72 0.76 0.79 0.84 0.89 0.94 1 
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Table A.9: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 7% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.69 0.49 0.36 0.29 0.26 0.22 0.18 0.14 0.16 0.16 0.16 0.16 0.16 0.17 0.17 0.17 0.16 0.17 

0.3 0.69 1 0.84 0.72 0.64 0.61 0.56 0.52 0.46 0.43 0.42 0.41 0.4 0.38 0.37 0.37 0.37 0.36 0.38 

0.5 0.49 0.84 1 0.92 0.84 0.81 0.77 0.73 0.66 0.62 0.6 0.59 0.57 0.53 0.52 0.5 0.49 0.47 0.47 

0.7 0.36 0.72 0.92 1 0.94 0.91 0.87 0.83 0.76 0.71 0.68 0.67 0.63 0.59 0.57 0.55 0.54 0.52 0.54 

0.9 0.29 0.64 0.84 0.94 1 0.99 0.95 0.9 0.83 0.78 0.75 0.74 0.7 0.65 0.63 0.6 0.58 0.55 0.57 

1.0 0.26 0.61 0.81 0.91 0.99 1 0.97 0.92 0.86 0.81 0.78 0.76 0.73 0.67 0.65 0.61 0.58 0.55 0.56 

1.2 0.22 0.56 0.77 0.87 0.95 0.97 1 0.96 0.89 0.85 0.81 0.8 0.76 0.71 0.68 0.65 0.62 0.59 0.6 

1.5 0.18 0.52 0.73 0.83 0.9 0.92 0.96 1 0.94 0.89 0.86 0.84 0.81 0.76 0.73 0.69 0.66 0.62 0.64 

2.0 0.14 0.46 0.66 0.76 0.83 0.86 0.89 0.94 1 0.96 0.93 0.92 0.88 0.83 0.8 0.76 0.72 0.66 0.68 

2.5 0.16 0.43 0.62 0.71 0.78 0.81 0.85 0.89 0.96 1 0.98 0.97 0.93 0.88 0.85 0.81 0.76 0.7 0.69 

2.7 0.16 0.42 0.6 0.68 0.75 0.78 0.81 0.86 0.93 0.98 1 0.99 0.96 0.92 0.89 0.84 0.78 0.72 0.71 

3.0 0.16 0.41 0.59 0.67 0.74 0.76 0.8 0.84 0.92 0.97 0.99 1 0.98 0.93 0.9 0.85 0.8 0.73 0.71 

3.5 0.16 0.4 0.57 0.63 0.7 0.73 0.76 0.81 0.88 0.93 0.96 0.98 1 0.97 0.95 0.9 0.84 0.77 0.74 

4.0 0.16 0.38 0.53 0.59 0.65 0.67 0.71 0.76 0.83 0.88 0.92 0.93 0.97 1 0.99 0.95 0.89 0.82 0.77 

4.5 0.17 0.37 0.52 0.57 0.63 0.65 0.68 0.73 0.8 0.85 0.89 0.9 0.95 0.99 1 0.98 0.92 0.86 0.8 

5.0 0.17 0.37 0.5 0.55 0.6 0.61 0.65 0.69 0.76 0.81 0.84 0.85 0.9 0.95 0.98 1 0.97 0.91 0.85 

6.0 0.17 0.37 0.49 0.54 0.58 0.58 0.62 0.66 0.72 0.76 0.78 0.8 0.84 0.89 0.92 0.97 1 0.97 0.9 

7.0 0.16 0.36 0.47 0.52 0.55 0.55 0.59 0.62 0.66 0.7 0.72 0.73 0.77 0.82 0.86 0.91 0.97 1 0.95 

9.0 0.17 0.38 0.47 0.54 0.57 0.56 0.6 0.64 0.68 0.69 0.71 0.71 0.74 0.77 0.8 0.85 0.9 0.95 1 
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Table A.10: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 10% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.71 0.52 0.4 0.33 0.3 0.26 0.22 0.18 0.19 0.2 0.19 0.19 0.19 0.19 0.2 0.19 0.19 0.19 

0.3 0.71 1 0.84 0.73 0.65 0.62 0.57 0.54 0.48 0.44 0.43 0.43 0.41 0.39 0.39 0.38 0.38 0.37 0.39 

0.5 0.52 0.84 1 0.93 0.86 0.84 0.79 0.75 0.68 0.64 0.63 0.62 0.59 0.56 0.54 0.52 0.5 0.49 0.49 

0.7 0.4 0.73 0.93 1 0.95 0.93 0.89 0.85 0.78 0.73 0.71 0.69 0.66 0.61 0.6 0.57 0.56 0.54 0.55 

0.9 0.33 0.65 0.86 0.95 1 0.99 0.96 0.91 0.85 0.8 0.77 0.76 0.72 0.67 0.65 0.62 0.59 0.57 0.57 

1.0 0.3 0.62 0.84 0.93 0.99 1 0.98 0.94 0.87 0.82 0.8 0.78 0.74 0.69 0.66 0.63 0.6 0.57 0.57 

1.2 0.26 0.57 0.79 0.89 0.96 0.98 1 0.97 0.91 0.86 0.83 0.81 0.78 0.73 0.7 0.67 0.63 0.6 0.61 

1.5 0.22 0.54 0.75 0.85 0.91 0.94 0.97 1 0.95 0.91 0.87 0.86 0.82 0.78 0.75 0.71 0.68 0.64 0.65 

2.0 0.18 0.48 0.68 0.78 0.85 0.87 0.91 0.95 1 0.97 0.94 0.93 0.89 0.85 0.82 0.78 0.74 0.68 0.69 

2.5 0.19 0.44 0.64 0.73 0.8 0.82 0.86 0.91 0.97 1 0.99 0.97 0.94 0.9 0.87 0.83 0.78 0.72 0.71 

2.7 0.2 0.43 0.63 0.71 0.77 0.8 0.83 0.87 0.94 0.99 1 1 0.97 0.93 0.9 0.86 0.8 0.74 0.72 

3.0 0.19 0.43 0.62 0.69 0.76 0.78 0.81 0.86 0.93 0.97 1 1 0.98 0.94 0.91 0.87 0.81 0.75 0.73 

3.5 0.19 0.41 0.59 0.66 0.72 0.74 0.78 0.82 0.89 0.94 0.97 0.98 1 0.98 0.95 0.91 0.86 0.79 0.76 

4.0 0.19 0.39 0.56 0.61 0.67 0.69 0.73 0.78 0.85 0.9 0.93 0.94 0.98 1 0.99 0.96 0.91 0.84 0.79 

4.5 0.19 0.39 0.54 0.6 0.65 0.66 0.7 0.75 0.82 0.87 0.9 0.91 0.95 0.99 1 0.98 0.93 0.87 0.82 

5.0 0.2 0.38 0.52 0.57 0.62 0.63 0.67 0.71 0.78 0.83 0.86 0.87 0.91 0.96 0.98 1 0.97 0.92 0.86 

6.0 0.19 0.38 0.5 0.56 0.59 0.6 0.63 0.68 0.74 0.78 0.8 0.81 0.86 0.91 0.93 0.97 1 0.97 0.91 

7.0 0.19 0.37 0.49 0.54 0.57 0.57 0.6 0.64 0.68 0.72 0.74 0.75 0.79 0.84 0.87 0.92 0.97 1 0.95 

9.0 0.19 0.39 0.49 0.55 0.57 0.57 0.61 0.65 0.69 0.71 0.72 0.73 0.76 0.79 0.82 0.86 0.91 0.95 1 
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Table A.11: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 15% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.75 0.57 0.45 0.38 0.35 0.31 0.27 0.23 0.23 0.24 0.23 0.23 0.23 0.23 0.23 0.22 0.22 0.22 

0.3 0.75 1 0.85 0.74 0.66 0.64 0.59 0.55 0.49 0.46 0.45 0.45 0.43 0.41 0.4 0.4 0.39 0.38 0.4 

0.5 0.57 0.85 1 0.95 0.88 0.86 0.82 0.77 0.71 0.67 0.65 0.64 0.62 0.58 0.57 0.55 0.53 0.51 0.51 

0.7 0.45 0.74 0.95 1 0.97 0.95 0.91 0.87 0.8 0.76 0.73 0.72 0.69 0.64 0.63 0.6 0.58 0.56 0.56 

0.9 0.38 0.66 0.88 0.97 1 0.99 0.97 0.93 0.86 0.82 0.79 0.78 0.74 0.7 0.67 0.65 0.62 0.59 0.59 

1.0 0.35 0.64 0.86 0.95 0.99 1 0.98 0.95 0.89 0.84 0.82 0.8 0.76 0.72 0.69 0.66 0.63 0.6 0.59 

1.2 0.31 0.59 0.82 0.91 0.97 0.98 1 0.98 0.92 0.88 0.85 0.84 0.8 0.75 0.73 0.69 0.66 0.62 0.62 

1.5 0.27 0.55 0.77 0.87 0.93 0.95 0.98 1 0.96 0.92 0.89 0.88 0.85 0.8 0.77 0.74 0.7 0.66 0.66 

2.0 0.23 0.49 0.71 0.8 0.86 0.89 0.92 0.96 1 0.98 0.96 0.94 0.91 0.87 0.84 0.81 0.76 0.71 0.71 

2.5 0.23 0.46 0.67 0.76 0.82 0.84 0.88 0.92 0.98 1 0.99 0.98 0.95 0.91 0.89 0.85 0.8 0.74 0.73 

2.7 0.24 0.45 0.65 0.73 0.79 0.82 0.85 0.89 0.96 0.99 1 1 0.98 0.94 0.91 0.88 0.82 0.76 0.74 

3.0 0.23 0.45 0.64 0.72 0.78 0.8 0.84 0.88 0.94 0.98 1 1 0.99 0.95 0.93 0.89 0.84 0.77 0.75 

3.5 0.23 0.43 0.62 0.69 0.74 0.76 0.8 0.85 0.91 0.95 0.98 0.99 1 0.98 0.96 0.93 0.88 0.82 0.78 

4.0 0.23 0.41 0.58 0.64 0.7 0.72 0.75 0.8 0.87 0.91 0.94 0.95 0.98 1 0.99 0.97 0.92 0.87 0.82 

4.5 0.23 0.4 0.57 0.63 0.67 0.69 0.73 0.77 0.84 0.89 0.91 0.93 0.96 0.99 1 0.99 0.95 0.9 0.84 

5.0 0.23 0.4 0.55 0.6 0.65 0.66 0.69 0.74 0.81 0.85 0.88 0.89 0.93 0.97 0.99 1 0.98 0.94 0.88 

6.0 0.22 0.39 0.53 0.58 0.62 0.63 0.66 0.7 0.76 0.8 0.82 0.84 0.88 0.92 0.95 0.98 1 0.98 0.92 

7.0 0.22 0.38 0.51 0.56 0.59 0.6 0.62 0.66 0.71 0.74 0.76 0.77 0.82 0.87 0.9 0.94 0.98 1 0.96 

9.0 0.22 0.4 0.51 0.56 0.59 0.59 0.62 0.66 0.71 0.73 0.74 0.75 0.78 0.82 0.84 0.88 0.92 0.96 1 
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Table A.12: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 20% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.77 0.61 0.49 0.42 0.39 0.35 0.31 0.26 0.26 0.27 0.27 0.26 0.26 0.25 0.25 0.24 0.24 0.24 

0.3 0.77 1 0.85 0.74 0.67 0.65 0.61 0.56 0.51 0.48 0.47 0.46 0.45 0.43 0.42 0.41 0.4 0.39 0.4 

0.5 0.61 0.85 1 0.96 0.9 0.88 0.84 0.79 0.73 0.69 0.67 0.66 0.64 0.61 0.59 0.57 0.55 0.53 0.52 

0.7 0.49 0.74 0.96 1 0.97 0.96 0.93 0.88 0.82 0.78 0.76 0.74 0.71 0.67 0.65 0.63 0.6 0.58 0.58 

0.9 0.42 0.67 0.9 0.97 1 1 0.97 0.94 0.88 0.83 0.81 0.8 0.76 0.72 0.69 0.67 0.64 0.6 0.6 

1.0 0.39 0.65 0.88 0.96 1 1 0.99 0.96 0.9 0.86 0.83 0.82 0.78 0.74 0.71 0.68 0.65 0.62 0.61 

1.2 0.35 0.61 0.84 0.93 0.97 0.99 1 0.98 0.93 0.89 0.87 0.85 0.82 0.77 0.75 0.72 0.68 0.64 0.64 

1.5 0.31 0.56 0.79 0.88 0.94 0.96 0.98 1 0.97 0.93 0.91 0.9 0.86 0.82 0.79 0.76 0.72 0.68 0.68 

2.0 0.26 0.51 0.73 0.82 0.88 0.9 0.93 0.97 1 0.98 0.96 0.95 0.92 0.88 0.86 0.82 0.78 0.73 0.72 

2.5 0.26 0.48 0.69 0.78 0.83 0.86 0.89 0.93 0.98 1 0.99 0.99 0.96 0.92 0.9 0.87 0.82 0.76 0.75 

2.7 0.27 0.47 0.67 0.76 0.81 0.83 0.87 0.91 0.96 0.99 1 1 0.98 0.95 0.93 0.89 0.84 0.78 0.76 

3.0 0.27 0.46 0.66 0.74 0.8 0.82 0.85 0.9 0.95 0.99 1 1 0.99 0.96 0.94 0.9 0.85 0.79 0.77 

3.5 0.26 0.45 0.64 0.71 0.76 0.78 0.82 0.86 0.92 0.96 0.98 0.99 1 0.98 0.97 0.94 0.89 0.84 0.8 

4.0 0.26 0.43 0.61 0.67 0.72 0.74 0.77 0.82 0.88 0.92 0.95 0.96 0.98 1 1 0.97 0.94 0.89 0.84 

4.5 0.25 0.42 0.59 0.65 0.69 0.71 0.75 0.79 0.86 0.9 0.93 0.94 0.97 1 1 0.99 0.96 0.91 0.86 

5.0 0.25 0.41 0.57 0.63 0.67 0.68 0.72 0.76 0.82 0.87 0.89 0.9 0.94 0.97 0.99 1 0.98 0.94 0.89 

6.0 0.24 0.4 0.55 0.6 0.64 0.65 0.68 0.72 0.78 0.82 0.84 0.85 0.89 0.94 0.96 0.98 1 0.98 0.93 

7.0 0.24 0.39 0.53 0.58 0.6 0.62 0.64 0.68 0.73 0.76 0.78 0.79 0.84 0.89 0.91 0.94 0.98 1 0.97 

9.0 0.24 0.4 0.52 0.58 0.6 0.61 0.64 0.68 0.72 0.75 0.76 0.77 0.8 0.84 0.86 0.89 0.93 0.97 1 
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Table A.13: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 25% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.79 0.64 0.52 0.45 0.43 0.39 0.34 0.29 0.29 0.29 0.29 0.29 0.28 0.28 0.28 0.26 0.26 0.25 

0.3 0.79 1 0.85 0.75 0.68 0.66 0.62 0.57 0.52 0.49 0.48 0.47 0.46 0.44 0.43 0.42 0.41 0.4 0.41 

0.5 0.64 0.85 1 0.96 0.91 0.89 0.85 0.81 0.75 0.71 0.69 0.68 0.66 0.63 0.61 0.59 0.57 0.55 0.54 

0.7 0.52 0.75 0.96 1 0.98 0.97 0.94 0.9 0.84 0.8 0.77 0.76 0.73 0.69 0.67 0.65 0.62 0.59 0.59 

0.9 0.45 0.68 0.91 0.98 1 1 0.98 0.95 0.89 0.85 0.82 0.81 0.78 0.74 0.71 0.69 0.66 0.62 0.62 

1.0 0.43 0.66 0.89 0.97 1 1 0.99 0.96 0.91 0.87 0.84 0.83 0.8 0.75 0.73 0.7 0.67 0.63 0.63 

1.2 0.39 0.62 0.85 0.94 0.98 0.99 1 0.99 0.94 0.9 0.88 0.87 0.83 0.79 0.77 0.74 0.7 0.66 0.65 

1.5 0.34 0.57 0.81 0.9 0.95 0.96 0.99 1 0.97 0.94 0.92 0.91 0.87 0.83 0.81 0.78 0.74 0.7 0.69 

2.0 0.29 0.52 0.75 0.84 0.89 0.91 0.94 0.97 1 0.98 0.97 0.96 0.93 0.89 0.87 0.84 0.8 0.75 0.74 

2.5 0.29 0.49 0.71 0.8 0.85 0.87 0.9 0.94 0.98 1 0.99 0.99 0.97 0.93 0.91 0.88 0.83 0.78 0.76 

2.7 0.29 0.48 0.69 0.77 0.82 0.84 0.88 0.92 0.97 0.99 1 1 0.98 0.95 0.94 0.9 0.86 0.8 0.78 

3.0 0.29 0.47 0.68 0.76 0.81 0.83 0.87 0.91 0.96 0.99 1 1 0.99 0.96 0.95 0.92 0.87 0.81 0.78 

3.5 0.29 0.46 0.66 0.73 0.78 0.8 0.83 0.87 0.93 0.97 0.98 0.99 1 0.98 0.97 0.95 0.91 0.85 0.82 

4.0 0.28 0.44 0.63 0.69 0.74 0.75 0.79 0.83 0.89 0.93 0.95 0.96 0.98 1 1 0.98 0.94 0.9 0.85 

4.5 0.28 0.43 0.61 0.67 0.71 0.73 0.77 0.81 0.87 0.91 0.94 0.95 0.97 1 1 0.99 0.96 0.92 0.87 

5.0 0.28 0.42 0.59 0.65 0.69 0.7 0.74 0.78 0.84 0.88 0.9 0.92 0.95 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.26 0.41 0.57 0.62 0.66 0.67 0.7 0.74 0.8 0.83 0.86 0.87 0.91 0.94 0.96 0.99 1 0.98 0.94 

7.0 0.26 0.4 0.55 0.59 0.62 0.63 0.66 0.7 0.75 0.78 0.8 0.81 0.85 0.9 0.92 0.95 0.98 1 0.97 

9.0 0.25 0.41 0.54 0.59 0.62 0.63 0.65 0.69 0.74 0.76 0.78 0.78 0.82 0.85 0.87 0.9 0.94 0.97 1 
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Table A.14: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 30% and the second period is 0.3s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.8 0.66 0.55 0.48 0.46 0.41 0.37 0.32 0.31 0.32 0.32 0.31 0.31 0.3 0.3 0.28 0.28 0.27 

0.3 0.8 1 0.85 0.75 0.69 0.67 0.63 0.58 0.53 0.5 0.49 0.48 0.47 0.45 0.44 0.43 0.42 0.4 0.41 

0.5 0.66 0.85 1 0.97 0.92 0.9 0.87 0.82 0.76 0.73 0.71 0.7 0.68 0.64 0.63 0.61 0.59 0.56 0.55 

0.7 0.55 0.75 0.97 1 0.98 0.97 0.94 0.91 0.85 0.81 0.79 0.78 0.75 0.71 0.69 0.66 0.64 0.6 0.6 

0.9 0.48 0.69 0.92 0.98 1 1 0.98 0.95 0.9 0.86 0.84 0.83 0.79 0.75 0.73 0.7 0.67 0.64 0.63 

1.0 0.46 0.67 0.9 0.97 1 1 0.99 0.97 0.92 0.88 0.86 0.84 0.81 0.77 0.75 0.72 0.69 0.65 0.64 

1.2 0.41 0.63 0.87 0.94 0.98 0.99 1 0.99 0.95 0.91 0.89 0.88 0.85 0.8 0.78 0.75 0.72 0.68 0.67 

1.5 0.37 0.58 0.82 0.91 0.95 0.97 0.99 1 0.98 0.95 0.92 0.91 0.88 0.85 0.82 0.79 0.76 0.71 0.7 

2.0 0.32 0.53 0.76 0.85 0.9 0.92 0.95 0.98 1 0.99 0.97 0.96 0.93 0.9 0.88 0.85 0.81 0.76 0.75 

2.5 0.31 0.5 0.73 0.81 0.86 0.88 0.91 0.95 0.99 1 0.99 0.99 0.97 0.94 0.92 0.89 0.85 0.79 0.77 

2.7 0.32 0.49 0.71 0.79 0.84 0.86 0.89 0.92 0.97 0.99 1 1 0.99 0.96 0.94 0.91 0.87 0.81 0.79 

3.0 0.32 0.48 0.7 0.78 0.83 0.84 0.88 0.91 0.96 0.99 1 1 0.99 0.97 0.95 0.92 0.88 0.82 0.8 

3.5 0.31 0.47 0.68 0.75 0.79 0.81 0.85 0.88 0.93 0.97 0.99 0.99 1 0.99 0.98 0.96 0.92 0.86 0.83 

4.0 0.31 0.45 0.64 0.71 0.75 0.77 0.8 0.85 0.9 0.94 0.96 0.97 0.99 1 1 0.98 0.95 0.91 0.86 

4.5 0.3 0.44 0.63 0.69 0.73 0.75 0.78 0.82 0.88 0.92 0.94 0.95 0.98 1 1 0.99 0.97 0.93 0.88 

5.0 0.3 0.43 0.61 0.66 0.7 0.72 0.75 0.79 0.85 0.89 0.91 0.92 0.96 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.28 0.42 0.59 0.64 0.67 0.69 0.72 0.76 0.81 0.85 0.87 0.88 0.92 0.95 0.97 0.99 1 0.98 0.94 

7.0 0.28 0.4 0.56 0.6 0.64 0.65 0.68 0.71 0.76 0.79 0.81 0.82 0.86 0.91 0.93 0.95 0.98 1 0.97 

9.0 0.27 0.41 0.55 0.6 0.63 0.64 0.67 0.7 0.75 0.77 0.79 0.8 0.83 0.86 0.88 0.9 0.94 0.97 1 
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Table A.15: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 5% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.66 0.46 0.33 0.25 0.22 0.18 0.15 0.11 0.13 0.14 0.14 0.14 0.15 0.15 0.16 0.15 0.15 0.15 

0.3 0.66 1 0.83 0.71 0.63 0.59 0.55 0.51 0.45 0.42 0.4 0.4 0.38 0.37 0.36 0.35 0.36 0.35 0.38 

0.5 0.46 0.83 1 0.9 0.82 0.79 0.75 0.71 0.65 0.61 0.58 0.58 0.55 0.52 0.5 0.48 0.47 0.45 0.46 

0.7 0.33 0.71 0.9 1 0.93 0.9 0.86 0.82 0.74 0.7 0.67 0.65 0.62 0.57 0.55 0.53 0.52 0.51 0.53 

0.9 0.25 0.63 0.82 0.93 1 0.98 0.93 0.89 0.82 0.77 0.74 0.72 0.69 0.64 0.62 0.59 0.56 0.54 0.56 

1.0 0.22 0.59 0.79 0.9 0.98 1 0.96 0.91 0.85 0.8 0.77 0.75 0.71 0.66 0.63 0.6 0.57 0.54 0.55 

1.2 0.18 0.55 0.75 0.86 0.93 0.96 1 0.95 0.88 0.84 0.8 0.78 0.75 0.7 0.67 0.63 0.6 0.57 0.59 

1.5 0.15 0.51 0.71 0.82 0.89 0.91 0.95 1 0.93 0.88 0.85 0.83 0.8 0.75 0.72 0.68 0.65 0.61 0.63 

2.0 0.11 0.45 0.65 0.74 0.82 0.85 0.88 0.93 1 0.95 0.92 0.91 0.87 0.82 0.79 0.74 0.7 0.65 0.67 

2.5 0.13 0.42 0.61 0.7 0.77 0.8 0.84 0.88 0.95 1 0.98 0.96 0.92 0.87 0.84 0.79 0.74 0.68 0.68 

2.7 0.14 0.4 0.58 0.67 0.74 0.77 0.8 0.85 0.92 0.98 1 0.99 0.95 0.91 0.88 0.83 0.77 0.7 0.7 

3.0 0.14 0.4 0.58 0.65 0.72 0.75 0.78 0.83 0.91 0.96 0.99 1 0.97 0.92 0.89 0.84 0.78 0.71 0.7 

3.5 0.14 0.38 0.55 0.62 0.69 0.71 0.75 0.8 0.87 0.92 0.95 0.97 1 0.96 0.94 0.89 0.82 0.75 0.72 

4.0 0.15 0.37 0.52 0.57 0.64 0.66 0.7 0.75 0.82 0.87 0.91 0.92 0.96 1 0.98 0.94 0.87 0.81 0.76 

4.5 0.15 0.36 0.5 0.55 0.62 0.63 0.67 0.72 0.79 0.84 0.88 0.89 0.94 0.98 1 0.97 0.91 0.84 0.79 

5.0 0.16 0.35 0.48 0.53 0.59 0.6 0.63 0.68 0.74 0.79 0.83 0.84 0.89 0.94 0.97 1 0.96 0.89 0.84 

6.0 0.15 0.36 0.47 0.52 0.56 0.57 0.6 0.65 0.7 0.74 0.77 0.78 0.82 0.87 0.91 0.96 1 0.96 0.89 

7.0 0.15 0.35 0.45 0.51 0.54 0.54 0.57 0.61 0.65 0.68 0.7 0.71 0.75 0.81 0.84 0.89 0.96 1 0.94 

9.0 0.15 0.38 0.46 0.53 0.56 0.55 0.59 0.63 0.67 0.68 0.7 0.7 0.72 0.76 0.79 0.84 0.89 0.94 1 
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Table A.16: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 7% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.69 0.49 0.36 0.29 0.26 0.22 0.18 0.14 0.16 0.16 0.15 0.16 0.16 0.17 0.17 0.17 0.16 0.17 

0.3 0.69 1 0.85 0.73 0.65 0.62 0.57 0.53 0.47 0.44 0.43 0.41 0.4 0.38 0.38 0.37 0.37 0.37 0.39 

0.5 0.49 0.85 1 0.92 0.84 0.81 0.77 0.73 0.66 0.62 0.6 0.58 0.57 0.53 0.52 0.5 0.49 0.47 0.47 

0.7 0.36 0.73 0.92 1 0.94 0.91 0.87 0.83 0.76 0.71 0.68 0.65 0.63 0.59 0.57 0.55 0.54 0.52 0.54 

0.9 0.29 0.65 0.84 0.94 1 0.99 0.95 0.9 0.83 0.78 0.75 0.72 0.7 0.65 0.63 0.6 0.58 0.55 0.57 

1.0 0.26 0.62 0.81 0.91 0.99 1 0.97 0.92 0.86 0.81 0.78 0.75 0.73 0.67 0.65 0.61 0.58 0.55 0.56 

1.2 0.22 0.57 0.77 0.87 0.95 0.97 1 0.96 0.89 0.85 0.81 0.78 0.76 0.71 0.68 0.65 0.62 0.59 0.6 

1.5 0.18 0.53 0.73 0.83 0.9 0.92 0.96 1 0.94 0.89 0.86 0.83 0.81 0.76 0.73 0.69 0.66 0.62 0.64 

2.0 0.14 0.47 0.66 0.76 0.83 0.86 0.89 0.94 1 0.96 0.93 0.91 0.88 0.83 0.8 0.76 0.72 0.66 0.68 

2.5 0.16 0.44 0.62 0.71 0.78 0.81 0.85 0.89 0.96 1 0.98 0.96 0.93 0.88 0.85 0.81 0.76 0.7 0.69 

2.7 0.16 0.43 0.6 0.68 0.75 0.78 0.81 0.86 0.93 0.98 1 0.99 0.96 0.92 0.89 0.84 0.78 0.72 0.71 

3.0 0.15 0.41 0.58 0.65 0.72 0.75 0.78 0.83 0.91 0.96 0.99 1 0.97 0.93 0.9 0.85 0.79 0.72 0.71 

3.5 0.16 0.4 0.57 0.63 0.7 0.73 0.76 0.81 0.88 0.93 0.96 0.97 1 0.97 0.95 0.9 0.84 0.77 0.74 

4.0 0.16 0.38 0.53 0.59 0.65 0.67 0.71 0.76 0.83 0.88 0.92 0.93 0.97 1 0.99 0.95 0.89 0.82 0.77 

4.5 0.17 0.38 0.52 0.57 0.63 0.65 0.68 0.73 0.8 0.85 0.89 0.9 0.95 0.99 1 0.98 0.92 0.86 0.8 

5.0 0.17 0.37 0.5 0.55 0.6 0.61 0.65 0.69 0.76 0.81 0.84 0.85 0.9 0.95 0.98 1 0.97 0.91 0.85 

6.0 0.17 0.37 0.49 0.54 0.58 0.58 0.62 0.66 0.72 0.76 0.78 0.79 0.84 0.89 0.92 0.97 1 0.97 0.9 

7.0 0.16 0.37 0.47 0.52 0.55 0.55 0.59 0.62 0.66 0.7 0.72 0.72 0.77 0.82 0.86 0.91 0.97 1 0.95 

9.0 0.17 0.39 0.47 0.54 0.57 0.56 0.6 0.64 0.68 0.69 0.71 0.71 0.74 0.77 0.8 0.85 0.9 0.95 1 
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Table A.17: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 10% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.72 0.52 0.4 0.33 0.3 0.26 0.22 0.18 0.19 0.2 0.18 0.19 0.19 0.19 0.2 0.19 0.19 0.19 

0.3 0.72 1 0.87 0.75 0.67 0.64 0.6 0.56 0.5 0.46 0.45 0.41 0.43 0.41 0.4 0.39 0.39 0.39 0.4 

0.5 0.52 0.87 1 0.93 0.86 0.84 0.79 0.75 0.68 0.64 0.63 0.58 0.59 0.56 0.54 0.52 0.5 0.49 0.49 

0.7 0.4 0.75 0.93 1 0.95 0.93 0.89 0.85 0.78 0.73 0.71 0.65 0.66 0.61 0.6 0.57 0.56 0.54 0.55 

0.9 0.33 0.67 0.86 0.95 1 0.99 0.96 0.91 0.85 0.8 0.77 0.72 0.72 0.67 0.65 0.62 0.59 0.57 0.57 

1.0 0.3 0.64 0.84 0.93 0.99 1 0.98 0.94 0.87 0.82 0.8 0.75 0.74 0.69 0.66 0.63 0.6 0.57 0.57 

1.2 0.26 0.6 0.79 0.89 0.96 0.98 1 0.97 0.91 0.86 0.83 0.78 0.78 0.73 0.7 0.67 0.63 0.6 0.61 

1.5 0.22 0.56 0.75 0.85 0.91 0.94 0.97 1 0.95 0.91 0.87 0.83 0.82 0.78 0.75 0.71 0.68 0.64 0.65 

2.0 0.18 0.5 0.68 0.78 0.85 0.87 0.91 0.95 1 0.97 0.94 0.91 0.89 0.85 0.82 0.78 0.74 0.68 0.69 

2.5 0.19 0.46 0.64 0.73 0.8 0.82 0.86 0.91 0.97 1 0.99 0.96 0.94 0.9 0.87 0.83 0.78 0.72 0.71 

2.7 0.2 0.45 0.63 0.71 0.77 0.8 0.83 0.87 0.94 0.99 1 0.99 0.97 0.93 0.9 0.86 0.8 0.74 0.72 

3.0 0.18 0.41 0.58 0.65 0.72 0.75 0.78 0.83 0.91 0.96 0.99 1 0.97 0.94 0.91 0.86 0.8 0.73 0.72 

3.5 0.19 0.43 0.59 0.66 0.72 0.74 0.78 0.82 0.89 0.94 0.97 0.97 1 0.98 0.95 0.91 0.86 0.79 0.76 

4.0 0.19 0.41 0.56 0.61 0.67 0.69 0.73 0.78 0.85 0.9 0.93 0.94 0.98 1 0.99 0.96 0.91 0.84 0.79 

4.5 0.19 0.4 0.54 0.6 0.65 0.66 0.7 0.75 0.82 0.87 0.9 0.91 0.95 0.99 1 0.98 0.93 0.87 0.82 

5.0 0.2 0.39 0.52 0.57 0.62 0.63 0.67 0.71 0.78 0.83 0.86 0.86 0.91 0.96 0.98 1 0.97 0.92 0.86 

6.0 0.19 0.39 0.5 0.56 0.59 0.6 0.63 0.68 0.74 0.78 0.8 0.8 0.86 0.91 0.93 0.97 1 0.97 0.91 

7.0 0.19 0.39 0.49 0.54 0.57 0.57 0.6 0.64 0.68 0.72 0.74 0.73 0.79 0.84 0.87 0.92 0.97 1 0.95 

9.0 0.19 0.4 0.49 0.55 0.57 0.57 0.61 0.65 0.69 0.71 0.72 0.72 0.76 0.79 0.82 0.86 0.91 0.95 1 
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Table A.18: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 15% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.76 0.57 0.45 0.38 0.35 0.31 0.27 0.23 0.23 0.24 0.2 0.23 0.23 0.23 0.23 0.22 0.22 0.22 

0.3 0.76 1 0.89 0.78 0.71 0.68 0.63 0.59 0.53 0.49 0.48 0.43 0.46 0.44 0.43 0.43 0.42 0.41 0.42 

0.5 0.57 0.89 1 0.95 0.88 0.86 0.82 0.77 0.71 0.67 0.65 0.58 0.62 0.58 0.57 0.55 0.53 0.51 0.51 

0.7 0.45 0.78 0.95 1 0.97 0.95 0.91 0.87 0.8 0.76 0.73 0.66 0.69 0.64 0.63 0.6 0.58 0.56 0.56 

0.9 0.38 0.71 0.88 0.97 1 0.99 0.97 0.93 0.86 0.82 0.79 0.72 0.74 0.7 0.67 0.65 0.62 0.59 0.59 

1.0 0.35 0.68 0.86 0.95 0.99 1 0.98 0.95 0.89 0.84 0.82 0.75 0.76 0.72 0.69 0.66 0.63 0.6 0.59 

1.2 0.31 0.63 0.82 0.91 0.97 0.98 1 0.98 0.92 0.88 0.85 0.78 0.8 0.75 0.73 0.69 0.66 0.62 0.62 

1.5 0.27 0.59 0.77 0.87 0.93 0.95 0.98 1 0.96 0.92 0.89 0.83 0.85 0.8 0.77 0.74 0.7 0.66 0.66 

2.0 0.23 0.53 0.71 0.8 0.86 0.89 0.92 0.96 1 0.98 0.96 0.91 0.91 0.87 0.84 0.81 0.76 0.71 0.71 

2.5 0.23 0.49 0.67 0.76 0.82 0.84 0.88 0.92 0.98 1 0.99 0.96 0.95 0.91 0.89 0.85 0.8 0.74 0.73 

2.7 0.24 0.48 0.65 0.73 0.79 0.82 0.85 0.89 0.96 0.99 1 0.98 0.98 0.94 0.91 0.88 0.82 0.76 0.74 

3.0 0.2 0.43 0.58 0.66 0.72 0.75 0.78 0.83 0.91 0.96 0.98 1 0.97 0.94 0.91 0.87 0.81 0.74 0.73 

3.5 0.23 0.46 0.62 0.69 0.74 0.76 0.8 0.85 0.91 0.95 0.98 0.97 1 0.98 0.96 0.93 0.88 0.82 0.78 

4.0 0.23 0.44 0.58 0.64 0.7 0.72 0.75 0.8 0.87 0.91 0.94 0.94 0.98 1 0.99 0.97 0.92 0.87 0.82 

4.5 0.23 0.43 0.57 0.63 0.67 0.69 0.73 0.77 0.84 0.89 0.91 0.91 0.96 0.99 1 0.99 0.95 0.9 0.84 

5.0 0.23 0.43 0.55 0.6 0.65 0.66 0.69 0.74 0.81 0.85 0.88 0.87 0.93 0.97 0.99 1 0.98 0.94 0.88 

6.0 0.22 0.42 0.53 0.58 0.62 0.63 0.66 0.7 0.76 0.8 0.82 0.81 0.88 0.92 0.95 0.98 1 0.98 0.92 

7.0 0.22 0.41 0.51 0.56 0.59 0.6 0.62 0.66 0.71 0.74 0.76 0.74 0.82 0.87 0.9 0.94 0.98 1 0.96 

9.0 0.22 0.42 0.51 0.56 0.59 0.59 0.62 0.66 0.71 0.73 0.74 0.73 0.78 0.82 0.84 0.88 0.92 0.96 1 
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Table A.19: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 20% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.79 0.61 0.49 0.42 0.39 0.35 0.31 0.26 0.26 0.27 0.22 0.26 0.26 0.25 0.25 0.24 0.24 0.24 

0.3 0.79 1 0.91 0.8 0.73 0.71 0.66 0.62 0.56 0.52 0.51 0.44 0.49 0.47 0.46 0.45 0.44 0.43 0.43 

0.5 0.61 0.91 1 0.96 0.9 0.88 0.84 0.79 0.73 0.69 0.67 0.58 0.64 0.61 0.59 0.57 0.55 0.53 0.52 

0.7 0.49 0.8 0.96 1 0.97 0.96 0.93 0.88 0.82 0.78 0.76 0.66 0.71 0.67 0.65 0.63 0.6 0.58 0.58 

0.9 0.42 0.73 0.9 0.97 1 1 0.97 0.94 0.88 0.83 0.81 0.72 0.76 0.72 0.69 0.67 0.64 0.6 0.6 

1.0 0.39 0.71 0.88 0.96 1 1 0.99 0.96 0.9 0.86 0.83 0.75 0.78 0.74 0.71 0.68 0.65 0.62 0.61 

1.2 0.35 0.66 0.84 0.93 0.97 0.99 1 0.98 0.93 0.89 0.87 0.78 0.82 0.77 0.75 0.72 0.68 0.64 0.64 

1.5 0.31 0.62 0.79 0.88 0.94 0.96 0.98 1 0.97 0.93 0.91 0.83 0.86 0.82 0.79 0.76 0.72 0.68 0.68 

2.0 0.26 0.56 0.73 0.82 0.88 0.9 0.93 0.97 1 0.98 0.96 0.9 0.92 0.88 0.86 0.82 0.78 0.73 0.72 

2.5 0.26 0.52 0.69 0.78 0.83 0.86 0.89 0.93 0.98 1 0.99 0.95 0.96 0.92 0.9 0.87 0.82 0.76 0.75 

2.7 0.27 0.51 0.67 0.76 0.81 0.83 0.87 0.91 0.96 0.99 1 0.97 0.98 0.95 0.93 0.89 0.84 0.78 0.76 

3.0 0.22 0.44 0.58 0.66 0.72 0.75 0.78 0.83 0.9 0.95 0.97 1 0.97 0.94 0.91 0.87 0.82 0.75 0.74 

3.5 0.26 0.49 0.64 0.71 0.76 0.78 0.82 0.86 0.92 0.96 0.98 0.97 1 0.98 0.97 0.94 0.89 0.84 0.8 

4.0 0.26 0.47 0.61 0.67 0.72 0.74 0.77 0.82 0.88 0.92 0.95 0.94 0.98 1 1 0.97 0.94 0.89 0.84 

4.5 0.25 0.46 0.59 0.65 0.69 0.71 0.75 0.79 0.86 0.9 0.93 0.91 0.97 1 1 0.99 0.96 0.91 0.86 

5.0 0.25 0.45 0.57 0.63 0.67 0.68 0.72 0.76 0.82 0.87 0.89 0.87 0.94 0.97 0.99 1 0.98 0.94 0.89 

6.0 0.24 0.44 0.55 0.6 0.64 0.65 0.68 0.72 0.78 0.82 0.84 0.82 0.89 0.94 0.96 0.98 1 0.98 0.93 

7.0 0.24 0.43 0.53 0.58 0.6 0.62 0.64 0.68 0.73 0.76 0.78 0.75 0.84 0.89 0.91 0.94 0.98 1 0.97 

9.0 0.24 0.43 0.52 0.58 0.6 0.61 0.64 0.68 0.72 0.75 0.76 0.74 0.8 0.84 0.86 0.89 0.93 0.97 1 
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Table A.20: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 25% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.82 0.64 0.52 0.45 0.43 0.39 0.34 0.29 0.29 0.29 0.24 0.29 0.28 0.28 0.28 0.26 0.26 0.25 

0.3 0.82 1 0.92 0.82 0.76 0.73 0.69 0.64 0.58 0.55 0.54 0.44 0.52 0.49 0.49 0.48 0.46 0.45 0.44 

0.5 0.64 0.92 1 0.96 0.91 0.89 0.85 0.81 0.75 0.71 0.69 0.59 0.66 0.63 0.61 0.59 0.57 0.55 0.54 

0.7 0.52 0.82 0.96 1 0.98 0.97 0.94 0.9 0.84 0.8 0.77 0.67 0.73 0.69 0.67 0.65 0.62 0.59 0.59 

0.9 0.45 0.76 0.91 0.98 1 1 0.98 0.95 0.89 0.85 0.82 0.72 0.78 0.74 0.71 0.69 0.66 0.62 0.62 

1.0 0.43 0.73 0.89 0.97 1 1 0.99 0.96 0.91 0.87 0.84 0.75 0.8 0.75 0.73 0.7 0.67 0.63 0.63 

1.2 0.39 0.69 0.85 0.94 0.98 0.99 1 0.99 0.94 0.9 0.88 0.79 0.83 0.79 0.77 0.74 0.7 0.66 0.65 

1.5 0.34 0.64 0.81 0.9 0.95 0.96 0.99 1 0.97 0.94 0.92 0.83 0.87 0.83 0.81 0.78 0.74 0.7 0.69 

2.0 0.29 0.58 0.75 0.84 0.89 0.91 0.94 0.97 1 0.98 0.97 0.9 0.93 0.89 0.87 0.84 0.8 0.75 0.74 

2.5 0.29 0.55 0.71 0.8 0.85 0.87 0.9 0.94 0.98 1 0.99 0.94 0.97 0.93 0.91 0.88 0.83 0.78 0.76 

2.7 0.29 0.54 0.69 0.77 0.82 0.84 0.88 0.92 0.97 0.99 1 0.96 0.98 0.95 0.94 0.9 0.86 0.8 0.78 

3.0 0.24 0.44 0.59 0.67 0.72 0.75 0.79 0.83 0.9 0.94 0.96 1 0.96 0.93 0.91 0.87 0.82 0.76 0.75 

3.5 0.29 0.52 0.66 0.73 0.78 0.8 0.83 0.87 0.93 0.97 0.98 0.96 1 0.98 0.97 0.95 0.91 0.85 0.82 

4.0 0.28 0.49 0.63 0.69 0.74 0.75 0.79 0.83 0.89 0.93 0.95 0.93 0.98 1 1 0.98 0.94 0.9 0.85 

4.5 0.28 0.49 0.61 0.67 0.71 0.73 0.77 0.81 0.87 0.91 0.94 0.91 0.97 1 1 0.99 0.96 0.92 0.87 

5.0 0.28 0.48 0.59 0.65 0.69 0.7 0.74 0.78 0.84 0.88 0.9 0.87 0.95 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.26 0.46 0.57 0.62 0.66 0.67 0.7 0.74 0.8 0.83 0.86 0.82 0.91 0.94 0.96 0.99 1 0.98 0.94 

7.0 0.26 0.45 0.55 0.59 0.62 0.63 0.66 0.7 0.75 0.78 0.8 0.76 0.85 0.9 0.92 0.95 0.98 1 0.97 

9.0 0.25 0.44 0.54 0.59 0.62 0.63 0.65 0.69 0.74 0.76 0.78 0.75 0.82 0.85 0.87 0.9 0.94 0.97 1 
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Table A.21: Correlation coefficients computed from the NGA-West 2 data at different damping ratios (%). The specifies one period is 

shown on the first row in the table at damping ratio of 30% and the second period is 3.0s at 5% damping ratio. The ground-motion 

model of Chiou and Youngs (2014) is used to compute the correlation. 

 

 0.1 0.3 0.5 0.7 0.9 1.0 1.2 1.5 2.0 2.5 2.7 3.0 3.5 4.0 4.5 5.0 6.0 7.0 9.0 

0.1 1 0.83 0.66 0.55 0.48 0.46 0.41 0.37 0.32 0.31 0.32 0.25 0.31 0.31 0.3 0.3 0.28 0.28 0.27 

0.3 0.83 1 0.93 0.84 0.77 0.75 0.71 0.66 0.6 0.57 0.56 0.45 0.54 0.52 0.51 0.5 0.48 0.46 0.45 

0.5 0.66 0.93 1 0.97 0.92 0.9 0.87 0.82 0.76 0.73 0.71 0.59 0.68 0.64 0.63 0.61 0.59 0.56 0.55 

0.7 0.55 0.84 0.97 1 0.98 0.97 0.94 0.91 0.85 0.81 0.79 0.67 0.75 0.71 0.69 0.66 0.64 0.6 0.6 

0.9 0.48 0.77 0.92 0.98 1 1 0.98 0.95 0.9 0.86 0.84 0.72 0.79 0.75 0.73 0.7 0.67 0.64 0.63 

1.0 0.46 0.75 0.9 0.97 1 1 0.99 0.97 0.92 0.88 0.86 0.75 0.81 0.77 0.75 0.72 0.69 0.65 0.64 

1.2 0.41 0.71 0.87 0.94 0.98 0.99 1 0.99 0.95 0.91 0.89 0.78 0.85 0.8 0.78 0.75 0.72 0.68 0.67 

1.5 0.37 0.66 0.82 0.91 0.95 0.97 0.99 1 0.98 0.95 0.92 0.83 0.88 0.85 0.82 0.79 0.76 0.71 0.7 

2.0 0.32 0.6 0.76 0.85 0.9 0.92 0.95 0.98 1 0.99 0.97 0.9 0.93 0.9 0.88 0.85 0.81 0.76 0.75 

2.5 0.31 0.57 0.73 0.81 0.86 0.88 0.91 0.95 0.99 1 0.99 0.94 0.97 0.94 0.92 0.89 0.85 0.79 0.77 

2.7 0.32 0.56 0.71 0.79 0.84 0.86 0.89 0.92 0.97 0.99 1 0.95 0.99 0.96 0.94 0.91 0.87 0.81 0.79 

3.0 0.25 0.45 0.59 0.67 0.72 0.75 0.78 0.83 0.9 0.94 0.95 1 0.95 0.93 0.91 0.87 0.82 0.76 0.76 

3.5 0.31 0.54 0.68 0.75 0.79 0.81 0.85 0.88 0.93 0.97 0.99 0.95 1 0.99 0.98 0.96 0.92 0.86 0.83 

4.0 0.31 0.52 0.64 0.71 0.75 0.77 0.8 0.85 0.9 0.94 0.96 0.93 0.99 1 1 0.98 0.95 0.91 0.86 

4.5 0.3 0.51 0.63 0.69 0.73 0.75 0.78 0.82 0.88 0.92 0.94 0.91 0.98 1 1 0.99 0.97 0.93 0.88 

5.0 0.3 0.5 0.61 0.66 0.7 0.72 0.75 0.79 0.85 0.89 0.91 0.87 0.96 0.98 0.99 1 0.99 0.95 0.9 

6.0 0.28 0.48 0.59 0.64 0.67 0.69 0.72 0.76 0.81 0.85 0.87 0.82 0.92 0.95 0.97 0.99 1 0.98 0.94 

7.0 0.28 0.46 0.56 0.6 0.64 0.65 0.68 0.71 0.76 0.79 0.81 0.76 0.86 0.91 0.93 0.95 0.98 1 0.97 

9.0 0.27 0.45 0.55 0.6 0.63 0.64 0.67 0.7 0.75 0.77 0.79 0.76 0.83 0.86 0.88 0.9 0.94 0.97 1 

 

 


