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ABSTRACT

Ground Motion Intensity Measure Selection for Probabilistic Seismic Risk

Assessment of Multi-response Structural Systems

by

Ao Du

Seismic hazards can pose devastating regional impacts and lead to significant

structural damages, economic losses and casualties, as observed in the past major

earthquake events. Moreover, with rapid urbanization and population growth, espe-

cially in earthquake-prone zones, exposures to seismic threats are also heightening. In

the future, seismic hazards will continue existing as major threats to the human built

environment. Therefore, confident probabilistic seismic risk assessment (PSRA) of the

built environment, is critical to informing decision-making such as retrofit prioritiza-

tion, pre-event planning and risk mitigation, post-event response, as well as insurance

underwriting or risk financing. However, the current PSRA framework largely relies

on scalar conditioning metrics with an underlying conditional independence assump-

tion, which is often times violated in reality. As a result, different conditioning metric

selection can lead to drastically different seismic risk estimates. In this regard, the



overarching goal of this thesis is to facilitate more robust and confident PSRA of

general multi-response structural systems, with particular focus on intensity measure

(IM) selection and uncertainty propagation.

First of all, this thesis addresses a long standing question in PSRA, which is the

lack of multivariate hazard consistent ground motion selection for use in probabilis-

tic seismic demand estimation of structures. Specifically, a novel multivariate return

period (MRP)-based ground motion selection methodology is proposed. MRP gen-

eralizes the return period concept by incorporating the joint rate of exceedance of

a vector of IMs, thereby providing more holistic characterization of the seismic haz-

ard. By leveraging MRP in linking the level of seismic hazard to a vector of IMs,

the proposed MRP-based methodology for the first time achieves multivariate haz-

ard consistency over a vector of IMs, and outperforms all the state-of-the-art ground

motion selection alternatives.

This thesis also proposes new approaches for surrogate demand modeling of com-

plex multi-response structural systems under earthquake excitation. By leveraging

advanced multivariate statistical and machine learning techniques, multivariate sur-

rogate demand models (MvSDMs) are developed to facilitate more unified and joint

demand estimation and uncertainty propagation. The formulation of the MvSDMs

consists of two major components including a systematic trend model to character-

ize the mean response hypersurface, and an error covariance model to quantify the

correlated model errors. The efficacy of different MvSDMs is thoroughly examined



in terms of both predictive performance and system fragility curves, and promising

MvSDM alternatives are identified.

A preliminary general IM comparative study is then carried out to examine the

explanatory power potential and the applicability of different IM formulations, includ-

ing those conventional IMs, recently proposed advanced IMs, and other potential IM

candidates not yet studied. The IM comparative study is based on general hysteretic

single-degree-of-freedom (SDOF) systems with a wide range of structural parameters.

The underlying mechanisms of different IM formulations are explored and promising

IM formulations are identified.

Finally, enabled by the above-mentioned study and information theory, an entropy-

based IM selection methodology is proposed. This is the first IM selection approach

able to holistically consider multiple sources of uncertainties, all the way from seis-

mic hazards to demand modeling. Practical heuristics and workflow are developed

to enable entropy-based IM selection in both site-specific and regional-level PSRA.

The efficacy of the proposed IM selection method and the influence of IM selection

on PSRA of individual structures as well as spatially distributed structural portfolios

is thoroughly evaluated. Moreover, the influence of vector-IM record updating on un-

certainty reduction of spatial ground motion random field as well as on risk estimates

in post-event regional-level PSRA is examined.

Overall, this thesis provides powerful tools and methodologies for ground mo-

tion selection, multivariate surrogate demand modeling, and IM selection in PSRA,



which collectively contribute to more confident seismic risk estimates of general multi-

response structural systems, and better inform decision making under earthquake

hazards.
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Chapter 1

Introduction

1.1 Background and Motivation

Seismic hazards can pose devastating regional impacts and lead to significant struc-

tural damages, economic losses and casualties, as observed in the past major earth-

quake events. For example, during the 1994 Northridge earthquake, the building

damage (including contents) was estimated to be more than $25 billion and the busi-

ness interruption loss estimated to be $6.5 billion [1]. 233 bridges within the Greater

Los Angeles area were damaged, causing a total of $1.9 billion repair cost [2]. During

the 1995 Kobe earthquake, over 200,000 houses and office buildings were destroyed

and the economic loss is estimated to be $100 billion [3]. During the 2008 Wenchuan

earthquake, the direct economic loss was estimated to be about $125 billion [4]. 6140

bridges were damaged, which accounted for a major part of the over $10 billion eco-

nomic losses to the transportation systems [5]. The main event and its aftershocks led

to a total number of 69,227 people dead and 374,643 people injured, leaving 17,923

people still missing five months later.

Moreover, with rapid urbanization and population growth, especially in earthquake-
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prone zones, exposure to seismic threats are heightening. Pesaresi et al. [6] pointed

out that, earthquakes rank the No.1 hazard in terms of potentially affected global

population. As shown in Figure 1.1, over the last 40 years, the global seismic ex-

posure has increased significantly both in terms of the population (from 1.4 to 2.7

billion) and the built-up surface (from 97,000 km2 to 238,000 km2). A recent study

by Jaiswal et al. [7] from U.S. Geological Survey (USGS) suggested that about 143

million people in the U.S are now exposed to significant seismic risk, as it can be seen

from Figure 1.2. The population under seismic risk nearly doubled compared to the

previous estimate by USGS [8], which was based on data in the 1990s. Huang et al. [9]

reported that the urban land area of China in the most seismically hazardous areas

(MSHAs) has expanded by 6767 km2 from 1992 to 2015. Due to rapid urbanization,

the population of China within the MSHAs has increased by 32.53 million from 1990

to 2010 [10].

Given the devastating regional impacts and consequences that earthquakes can in-

cur and the ever-increasing seismic hazard exposure of the built environment and pop-

ulation, confident probabilistic seismic risk assessment (PSRA) of structural systems

(e.g., residential and office buildings, transportation systems, water and electricity

delivery systems), is critical to informing decision-making processes such as retrofit

prioritization, pre-event planning and risk mitigation [11], post-event response, as

well as insurance underwriting or risk financing [12]. In performance-based earth-

quake engineering, the Pacific Earthquake Engineering Research (PEER) center seis-



3

Figure 1.1 : Potential exposure to moderate to extreme seismic hazards for: (a) global
population; (b) global built-up surface (Source: [6])

Figure 1.2 : Map showing the population exposure overlaid on top of the 2014 prob-
abilistic seismic hazard map in terms of MMI for 2% probability of exceedance in 50
years (Source: [7])

mic performance assessment framework [13,14] is currently widely-adopted for PSRA

of structural systems. Within this framework, the mean annual rate of exceedance of
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a decision variable (DV), is expressed by a multiple integral as shown in Equation 1.1:

λ(DV ) =

∫∫∫
G(DV |DM) · |dG(DM |EDP )| · |dG(EDP |IM)| · |dλ(IM)| (1.1)

where λ(·) denotes the mean annual rate of exceedance, G(·) denotes the comple-

mentary cumulative distribution function, DM denotes the damage measure, EDP

denotes the engineering demand parameter, and IM denotes the ground motion in-

tensity measure. This formulation decomposes PSRA into multiple parts (e.g., seismic

hazard analysis for λ(IM), demand modeling for G(EDP |IM), damage modeling for

G(DM |EDP ), and consequence modeling for G(DV |DM)), which are then studied

by experts from different domains. In the ideal case, the final risk estimate of Equa-

tion 1.1 should be invariant with respect to the selection of the conditioning metrics

(e.g., DM, EDP, and IM). However, this framework largely relies on scalar condition-

ing metrics with an underlying conditional independence assumption, which is often

times violated in reality. As a result, the risk estimates are actually found to be

dependent on the selection of conditioning metrics (particularly the IMs) according

to many past studies [15, 16, 17, 18]. Currently, holistic and quantitative methods to

properly guide the IM selection are still lacking not only for site-specific PSRA of

individual structures, but also for regional-level PSRA of portfolios of structures.

1.2 Objectives and Scope of Research

To facilitate more robust and confident uncertainty propagation in PSRA of general

multi-response structural systems, the overarching goal of this thesis is to develop
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new tools and methodologies to extend the original PEER framework (Equation 1.1

into vector form as shown in Equation 1.2, with particular focus on IM selection and

uncertainty propagation.

λ(DV ) =

∫∫∫
G(DV |DM) · |dG(DM|EDP)| · |dG(EDP|IM)| · |dλ(IM)| (1.2)

Specifically, this thesis aims to:

• Develop a new ground motion selection methodology with improved hazard

consistency over a vector of IMs.

• Investigate multivariate seismic surrogate demand modeling approaches to bet-

ter characterize the correlated seismic demands for complex multi-response

structural systems.

• Provide better understanding of the underlying mechanisms as well as the ap-

plicability of different IMs, and explore new IM formulations.

• Propose a new quantitative IM evaluation metric that can holistically consider

multiple sources of uncertainties throughout the PSRA pipeline.

• Develop practical IM selection frameworks to incorporate this new IM eval-

uation metric for site-specific PSRA of individual structures, as well as for

regional-level PSRA of spatially distributed structural portfolios.

• Develop an IM co-simulation method to enable the regional hazard computabil-

ity of advanced scalar and vector IMs.



6

• Explore the efficacy of vector-IM record updating in post-event regional-level

PSRA.

• Examine and demonstrate the influence of IM selection on seismic risk estimates.

1.3 Thesis Outline

The remaining part of this thesis is organized into seven chapters. The workflow for

Chapter 3 to 7 is shown in Figure 1.3. A brief overview of each chapter is provided

below:

Figure 1.3 : Flowchart of Chapter 3 to 7

• Chapter 2 provides a literature review of existing studies, focusing on IM

selection, ground motion selection, seismic demand modeling, and regional seis-
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mic risk assessment, and highlights the major research gaps that motivate this

thesis.

• Chapter 3 proposes a multivariate return period (MRP)-based ground motion

selection methodology to provide more hazard-consistent ground motion inputs

for seismic demand estimation and surrogate demand modeling. The merit of

the MRP-based ground motion selection is demonstrated by comparing with

other state-of-the-art record selection alternatives in terms of target spectra

and the resulting seismic demand estimates of several case-study structures.

• Chapter 4 develops new multivariate surrogate demand modeling approaches

for more accurate and efficient seismic demand estimation of complex multi-

response structural systems. The influence of different multivariate surrogate

demand model formulations on seismic demand estimation and system fragility

modeling is studied based on a case-study three-span concrete-girder highway

bridge structure, and promising MvSDM alternatives are identified.

• Chapter 5 conducts a thorough investigation of the performance of different

IM formulations, based on general hysteretic single-degree-of-freedom (SDOF)

systems covering a wide range of structural configurations. The explanatory

power potential, underlying mechanisms, and hazard computability of different

IM formulations, including the conventional IMs, recently proposed advanced

IMs, and other potential IM formulations not yet studied, are examined.
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• Chapter 6 proposes a novel entropy-based IM evaluation criterion based on

the uncertainty of unconditional structural seismic demands, thus offering a

holistic consideration of different sources of uncertainties. Practical frameworks

are developed to facilitate the implementation of the entropy-based IM selection

in site-specific PSRA. The merit of the proposed entropy-based IM selection

methodology is demonstrated, and the influence of IM selection on demand

entropy and loss estimation in PSRA is evaluated, based on two individual

case-study highway bridges.

• Chapter 7 further extends the site-specific entropy-based IM selection method-

ology to regional-level PSRA, where spatially distributed structural portfolios

are considered. A co-simulation method that enables the regional hazard com-

putability of advanced spectral averaging IMs is derived. The efficacy of the

regional-level entropy-based IM selection methodology is demonstrated along

with practical heuristics for alleviating the computational burden, based on a

hypothetical highway bridge portfolio. Moreover, insights into record updat-

ing in reducing the level of uncertainty of the spatial IM random field, and its

implication on IM selection in post-event RSRA, are also provided.

• Chapter 8 summarizes the major contributions of this thesis, and sheds light

on future research opportunities.
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Chapter 2

Literature Review

This chapter presents a detailed literature review of several important modules along

the probabilistic seismic risk assessment (PSRA) pipeline. First, the research status

on ground motion selection, which is crucial in providing hazard-consistent seismic

inputs for demand estimation, is illustrated. Then, a review of seismic surrogate

demand modeling approaches, which are essential in delivering computationally effi-

cient and accurate joint seismic demand estimation of multi-response structural sys-

tems, is provided. Next, performance evaluation metrics and available formulations

of ground motion intensity measures (IMs) are reviewed. Finally, the research status

on regional-level PSRA is elaborated.

2.1 Ground Motion Selection

In performance based earthquake engineering (PBEE), ground motion selection is

a crucial step in providing the seismic inputs for accurate and reliable structural

seismic demand estimation. One major task of ground motion selection is to select

a suite of records that are consistent with a given level of seismic hazard for the

site of interest. To this end, different ground motion selection methods have been
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proposed over the past several decades. Among the many record selection alternatives,

selecting records to match a target uniform hazard spectrum (UHS) used to be a

widely adopted approach [19, 20, 21]. A UHS consists of spectral acceleration (Sa)

ordinates at different periods of the same return period, which are obtained from

the marginal probabilistic seismic hazard analyses (PSHAs). However, the UHS-

based record selection only provides ground motions that either match the UHS in an

average sense, or match the spectral ordinate of a specific period (e.g., the first-mode

period of the structure of interest) [22], without any constraint on the variability

of the selected ground motions. Note that such spectral variability is important

in probabilistic characterization of the seismic demand in PBEE. Moreover, a UHS

does not realistically reflect the spectral shape of an actual recorded ground motion,

as the spectral ordinates at different periods on a UHS are usually dominated by

different causal earthquakes, which are very unlikely to occur within a single ground

motion [23,24].

To address the shortcomings of the UHS-based method, conditional spectrum

(CS)-based ground motion selection methods have been proposed to provide a prob-

abilistic description of the target spectra and capture the spectral variability. Specif-

ically, Baker [25], Jayaram et al. [26], and Lin et al. [27] established the CS-Sa

record selection approach considering a single Sa at a specific period as the condi-

tioning IM. CS-Sa provides a mathematically consistent formulation by anchoring

on the conditioning spectral ordinate associated with a given return period, while
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still preserving the correlation structure of the response spectra. The target spec-

tra are randomly generated from a conditional multivariate Gaussian distribution,

and recorded or synthetic ground motions are then selected to match the target spec-

tra. Similarly, Bradley [28,29] proposed the generalized conditional intensity measure

(GCIM), which is a generalized version of CS-Sa by accounting for the correlation

with respect to other non-Sa IMs such as the Arias intensity, the cumulative abso-

lute velocity, and the significant duration. Despite the fact that CS-Sa and GCIM

offer the first probabilistic and mathematically rigorous formulation toward hazard

consistent ground motion selection, one major limitation of the two methods is that

they are only conditioned on a scalar IM, typically Sa at a specific period. This

results in a suite of butterfly-shaped target spectra, where there is no variability at

the conditioning period. Conditioning only on a single Sa to a great extent ignores

the hazard information at other spectral periods, thus does not guarantee the hazard

consistency at other spectral periods. Because of this, different conditioning period

selection can lead to distinct target spectra distribution and thereby different seismic

demand or risk estimates [30,31].

In this regard, several recent studies strived to develop ground motion selection

methods that can further improve the hazard consistency over a vector of IMs (i.e.,

multivariate hazard consistency). Such multivariate hazard consistency is important

in facilitating more accurate and reliable seismic demand estimation, since real struc-

tural systems (e.g., individual structures or structural portfolios) are often sensitive
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to multiple IMs. Kohrangi et al. [32] proposed a CS-based record selection method

(CS-Savg) by conditioning on the average spectral acceleration (Savg). Since Savg

is the geometric mean of multiple individual Sa at different periods, CS-Savg can

better incorporate the hazard information at multiple spectral periods (though in an

weighted averaged sense), and facilitate improved hazard consistency over a broader

period range. As a result, the target spectra no longer exhibit the butterfly shape

typically observed in the CS-Sa method. Nevertheless, the CS-Savg method is still

conditioned on a scalar IM (i.e., Savg), and only partially resolves the multivariate

hazard consistency issue. Kishida [33], and Kwong and Chopra [31] proposed a vec-

tored CS-based method (CS-Sa), by modifying CS-Sa to accommodate a vector of

conditioning periods. However, for vector IMs, unlike the scalar IM case, a unique

solution is no longer available in determining the conditioning vector IM ordinates.

For simplicity, the conditioning IM ordinates are directly extracted from the UHS,

which, as is stated before, are impossible to occur simultaneously thus still causing

hazard inconsistency. Due to this reason, although offering advances in considering

vector-valued IMs, the CS-Sa method results in a suite of multi-butterfly-shaped tar-

get spectra, which still may not reflect a realistic spectral shape. From the above

literature review, more advanced ground motion selection methods are still lacking

to further improve the multivariate hazard consistency, which is essential in enabling

more accurate seismic demand estimation.
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2.2 Surrogate Seismic Demand Modeling

In probabilistic seismic risk assessment (PSRA), accurate estimation of the engineer-

ing demand parameters (EDPs) of structure systems is crucial in ensuring reliable

seismic risk estimates. Although the advances in finite element modeling and com-

putational resources can afford improved accuracy and efficiency in estimating struc-

tural responses, nonlinear time history analyses (NLTHAs) are still time consuming,

especially when high fidelity finite element models are considered. Moreover, the risk

integral of PSRA can hardly be solved in closed form, typically requiring a large num-

ber of Monte-Carlo simulations. Therefore, the computationally efficient surrogate

demand models (SDMs) are commonly employed as substitutes of the NLTHAs.

Generally speaking, SDMs are statistical models that provide computationally ef-

ficient estimates of the EDPs given a set of predictors (e.g., intensity measures (IMs)

and structural parameters). Various types of SDMs have been proposed during the

past several decades. Perhaps the most widely adopted one is the “Cloud” model as

proposed by Cornell et al. [34]; typically, this model uses linear regression to charac-

terize the relationship between an scalar IM and an EDP in logarithmic space and

assumes the conditional distribution of the EDP is lognormal with a constant disper-

sion. Later on, alternative methods such as incremental dynamic analysis (IDA) [35]

and multiple stripe analysis (MSA) [36] were proposed to more accurately characterize

the seismic demands at different intensity levels. The aforementioned SDM formu-

lations are usually conditioned on a single predictor (i.e., a scalar IM). However,
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when multiple predictors are considered (e.g., vector IMs and structural parameters),

parameterized metamodels are needed to tackle this high-dimensional regression prob-

lem. Metamodels such as Polynomial Response Surface Model (PRSM), Multivariate

Adaptive Regression Splines (MARS), Artificial Neural Network (ANN) have been

recently adopted in the area of earthquake engineering [37, 38, 39]. Metamodels are

reported to provide significantly improved predictive performance owing to the intro-

duction of additional predictors and the improved ability in capturing the nonlinear

relationships among the predictors and EDPs.

For practical complex structural systems, multiple EDPs within the same struc-

ture are usually of concern since they may be related to different failure modes. For

example, for building structures, interstory drift ratio (IDR) and peak floor accel-

eration (PFA) are typically considered as the damage indicators for structural and

non-structural components [40,41]; for highway bridge structures, column drift ratio,

deformations of bearings and abutments are important indicators of seismic damage

of these bridge components [42,43]. However, for such multi-response structural sys-

tems, at present, the typical demand modeling method remains developing multiple

univariate SDMs (UvSDMs) for each of the EDPs [42, 43, 38, 44, 17]. This approach

can be cumbersome due to the repeated model tuning and training especially when so-

phisticated metamodels are considered, and the correlations between different EDPs

may not be sufficiently considered. In this regard, multivariate surrogate demand

models (MvSDMs), where multiple dependent variables are handled jointly within
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a single model, are promising alternatives. Moreover, MvSDMs may be more ad-

vantageous when the dependent variables are multicollinear [45, 46], which is often

the case for the different EDPs within the same structure. A general graphical com-

parison of the univariate and multivariate surrogate demand modeling approaches is

provided in Figure 2.1. To date, very few studies have adopted multivariate regres-

sion methods to model the correlated structural seismic demands. Luco et al. [46]

employed multivariate linear regression for the IDR demands at different stories for

steel moment-resisting frame buildings. Goda and Tesfamariam [47] developed MvS-

DMs using copulas to model the maximum and residual IDR, and PFA at different

stories of a non-ductile reinforced concrete frame. Mangalathu et al. [39] applied

artificial neural networks in surrogate demand modeling of the different structural

components in highway bridges. Moreover, since SDMs are simplified surrogates of

the NLTHAs of complex finite element models, it is inevitable that they cannot pro-

vide a perfect fit to the data. Model fitting error (ε in Figure 2.1) should be explicitly

considered when conducting uncertainty propagation in PSRA. However, most of the

advanced metamodels mentioned before mainly focus on providing the point estimates

of the EDPs. In surrogate demand modeling of multi-response structural systems,

only a few studies explicitly touched upon the modeling of multivariate model errors.

Nielson [42] proposed a joint probabilistic demand modeling approach, where the

correlated error terms are assumed to follow a zero-mean multivariate-lognormal dis-

tribution with a covariance matrix approximated using sample demand correlations.
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Goda and Tesfamariam [47] employed copulas to characterize the multivariate model

errors. Still, other potential multivariate surrogate demand modeling approaches

remain unexamined and a comparative study of the MvSDMs is lacking.

Figure 2.1 : Comparison of the univariate and multivariate surrogate demand mod-
eling approaches

2.3 IM Performance Evaluation and Formulations

In the PEER seismic performance assessment framework (Equation 1.1), the ground

motion intensity measure (IM) quantifies the level of ground excitation and serves

as an important link between the seismic hazard and the seismic demands. An IM

can either be a scalar metric (e.g., peak ground acceleration, peak ground velocity

and the 5%-damped spectral acceleration) or a vector of scalar metrics. In order

to obtain accurate and reliable seismic risk estimates, IM selection has been a focus

topic within the earthquake engineering community over the years. In terms of IM

performance evaluation, efficiency, sufficiency and hazard computability are perhaps
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the most widely adopted marginal evaluation criteria [44]. Specifically, efficiency

refers to the level of dispersion of a regression demand model conditioned on an IM

[48]; and sufficiency refers to the conditional independence of the regression residuals

of the demand model with respect to other earthquake related parameters such as

magnitude (M) and distance (R) [49]. Hazard computability refers to the amount

of effort required in performing probabilistic seismic hazard analysis (PSHA) [48],

and the availability of the ground motion prediction equations (GMPEs) of an IM is

central to this hazard computability given their essential role when conducting actual

risk assessments [44]. Particularly, efficiency and sufficiency have been the major IM

evaluation criteria adopted in many past studies [50,51,52,44].

Numerous IMs have been proposed and investigated during the past several decades.

While a comprehensive review of state-of-the-art IMs will not be presented herein,

readers may refer to the relevant IM comparative studies [53, 54, 55] for more de-

tails. Among these IMs, conventional IMs such as the peak ground acceleration

(PGA), peak ground velocity (PGV ), peak ground displacement (PGD), and the

5%-damped spectral acceleration (Sa) are most commonly employed because of their

ease of implementation and widely available hazard computability. However, it is

also acknowledged that the performance (i.e., efficiency and sufficiency) of these IMs

is rather limited. For instance, the peak ground response IMs only show moderate

efficiency within specific spectral regions, i.e., PGA for acceleration sensitive region,

PGV for velocity sensitive region and PGD for displacement sensitive region. As for
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Sa, though it shows high efficiency for nearly elastic and first-mode dominated struc-

tures, its performance decreases drastically for highly inelastic structures or structures

presenting higher-mode effects due to the lack of spectral information at periods other

than T1 [56, 57].

Because of the above mentioned limitations of the conventional IMs, more ad-

vanced IMs with improved explanatory power have been developed in recent years.

In particular, average spectral accelerations that take the form of the geometric mean

of spectral accelerations at multiple periods across a period range have been reported

with significantly improved efficiency and robustness [56, 57, 58, 52, 59]. Recently,

Shafieezadeh et al. [60] introduced fractional order IMs (FO-IMs) that leverage frac-

tional order operations on the ground motion record or spectral response estimates.

Considerable improvement of the FO-IMs is reported compared with the conventional

IMs in probabilistic seismic demand modeling of highway bridge portfolios. However,

the underlying mechanism of the FO-IMs remains unexplained. Except the preceding

scalar IMs, vector IMs are found to exhibit further potential in improving the demand

model predictive performance [57,24,18].

Despite the preceding advanced IMs, other promising IM formulations remain un-

examined. In studies on inelastic peak displacement approximation [61, 62, 63] and

direct-displacement based design [64], equivalent linearization is a commonly adopted

approach. The inelastic structural system is approximated by an equivalent linear

elastic SDOF system with longer fundamental period and higher damping ratio to
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account for the effect of period elongation and increased energy dissipation capacity

due to inelastic behavior. However, in the context of probabilistic seismic risk assess-

ment (PSRA), the 5% damped Sa is still prevalently adopted and the effect of higher

damping remains generally overlooked. Only early work by Shome [22] reported that

normalizing ground motion records to the median of higher-damped Sa of a ground

motion bin helps to reduce the level of variability in EDPs.

For many of the above mentioned IM formulations, one or more IM parame-

ters (e.g., the spectral period in Sa, and the period range of the spectral-averaging

IMs) need to be determined as they generally vary with respect to the considered

structures and the level of seismic hazard [57, 52, 60]. For ease of implementation, a

general-purpose IM parameter set based on some case-studies is usually suggested for

practical implementation. Obviously, there will be a level of performance trade-off due

to this simplification and such trade-off may be quite substantial in some cases [57].

To ensure accurate and reliable seismic risk estimates, it is necessary to introduce a

posterior optimal IM parameter identification subroutine in PSRA, where case-specific

optimal IM parameters are identified and adopted for a given IM formulation. In this

regard, a general IM comparative study is needed to examine the applicability and

potential (i.e., explanatory power and hazard computability) and understand the un-

derlying mechanisms of different IM formulations, including the conventional IMs, the

recently proposed advanced IMs and other potential IM candidates to be studied, for

structural systems with a wide range of structural configurations. Moreover, it should
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be pointed out that IM evaluation solely based on efficiency and sufficiency does not

necessarily reflect the overall IM performance, since efficiency and sufficiency only

reflects the predictive performance of the demand model. The final risk estimate of

the multiple integral in Equation 1.1 is dependent not only on the demand model but

also on the IM hazard uncertainty (i.e., standard deviation and epistemic uncertainty

of the GMPEs). In this regard, IM selection solely based on efficiency and sufficiency

may lead to biased IM selection. Although several past studies [15, 65, 17, 18] inves-

tigated the influence of IM selection by propagating the uncertainties from seismic

hazard all the way up to unconditional seismic demands or decision variables, still no

quantitative IM evaluation measure is available that can holistically consider different

sources of uncertainties and guide the IM selection.

From the above discussion, it follows that a more rational IM evaluation should

instead be based on the unconditional EDP estimates, which are the direct outcomes

of the convolution of the demand model and seismic hazard. For a given scenario

earthquake (SE), assuming that the demand model and the GMPEs are appropri-

ately formulated without significant systematic bias, it is reasonable to expect that

the optimal IM should provide seismic demand estimates with the lowest level of un-

certainty [32]. For uncertainty quantification of seismic demands in the traditional

univariate case, where a single scalar EDP, D, is of interest and is characterized by

the ‘Cloud’ model [34] as shown in Equation 2.1 and 2.2, the resulting uncertainty of
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lnD can be expressed in Equation2.3 [22]:

lnD|ln IM ∼ N(µlnD|ln IM , σ
2
lnD|ln IM) (2.1)

µlnD|ln IM = a+ b ln IM (2.2)

σlnD|SE =
√
σ2

lnD|ln IM + (bσln IM |lnSE)2 (2.3)

where a and b are the regression coefficients from ordinary linear regression, σlnD|ln IM

denotes the regression dispersion (i.e., efficiency), and σln IM |lnSE denotes the standard

deviation of the IM from a GMPE for the given SE. Clearly, the unconditional de-

mand uncertainty (σlnD|SE) is dependent on both the demand model and the GMPE.

However, in the case of seismic demand modeling depicted by more sophisticated

but accurate parameterized nonlinear surrogate demand models [38, 37, 39], includ-

ing those enabled by recent advances in statistical and machine learning, closed-form

solution like Equation 2.3 is generally no longer available. Moreover, for complex

structural systems, multivariate EDPs (i.e., multiple correlated responses) within the

same structure may be of interest as they relate to different failure modes. At present,

quantification methods for the uncertainty of multivariate EDPs, which form the basis

toward more holistic IM selection for PSRA, are yet to be explored.

2.4 Regional-level Probabilistic Seismic Risk Assessment

Spatially distributed structural systems such as transportation networks, power grid

systems, water supplying systems and urban building portfolios are assets known to
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be vulnerable to seismic hazard. Interruptions or failures of these systems due to

seismic hazard have caused tremendous casualty, structural damage and economic

losses during the past major earthquakes [66, 67, 68]. In this regard, accurate and

reliable regional-level probabilistic seismic risk assessment (RSRA) is important in

informing decision making such as retrofit prioritization, pre-event planning and risk

mitigation [11], post-event response, and insurance underwriting or risk financing [12].

During the past decade, RSRA has received emerging attention owing to the need

for better understanding of the seismic performance of regional built environment

as well as the advances in computational resources and simulation techniques. Un-

like traditional site-specific PSRA, where only an individual structure is of interest,

in RSRA, portfolios of structures are included and correlations of the spatially dis-

tributed ground motion intensities should be considered [69, 12, 70]. Built upon the

general PSRA framework (Equation 1.1), simulation-based RSRA framework is com-

monly employed because of its feasibility in explicitly accounting for the variability

and spatial correlations of ground motion intensity measures (IMs) as well as the

structural parameter and limit state capacity uncertainties [71,72,73]. In the context

of simulation-based RSRA, many research questions have been investigated by past

studies. Different considerations of IM spatial correlations were found to result in

different loss estimates as reported by several studies [69,12,70,72]. De Risi et al. [74]

investigated the effect of different site response analysis approaches in RSRA at an ur-

ban scale. Kotha et al. [75] proposed a computationally efficient approach to account
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for the epistemic uncertainty in seismic hazard, with less bias in the mean aggregated

loss estimates. Baker and Jayaram [76] developed a data reduction method to reduce

the number of stochastic earthquake ground-motion intensity maps, which can sig-

nificantly reduce the computational burden in lifeline risk assessment. However, in

RSRA, conventional IMs such as PGA and Sa are still prevalently adopted, which is

largely because of their readily-available regional hazard simulation (co-simulation)

computability and the vast availability of fragility and vulnerability models condi-

tioned on these conventional IMs. Despite the improved explanatory power of the

advanced IMs as mentioned in Section 2.3, the co-simulation method for many of

the advanced IMs mentioned is still lacking. Moreover, optimal IM identification for

RSRA as well as the influence of IM selection on the final risk estimates of RSRA

still remain unexamined. Additionally, in post-event RSRA, leveraging the record-

ings available from the spatially distributed seismic stations (i.e., record updating)

can provide further uncertainty reduction of the spatial IM random field, thereby

contributing to more confident regional risk estimates. Miano et al. [73] conducted

pioneering work on the effect of record updating on loss estimates of a portfolio of

regional highway bridges in Italy. They only considered PGA as the updating IM

and the influence of updating IM selection is yet to be answered. Moreover, methods

are lacking to effectively quantify the uncertainty reduction of the spatial IM random

field due to record updating, and the implication of such uncertainty reduction on

the optimal IM identification needs further investigation.
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2.5 Closure

An extensive literature review focusing on the critical components within the prob-

abilistic seismic risk assessment framework is carried out in this chapter. Several

research gaps are identified, which form the major tasks and objectives of this thesis

(as shown in Section 1.2). The following chapters aim to address these research gaps,

and collectively contribute to the overarching goal of this study in facilitating more

confident seismic risk assessment.
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Chapter 3

Multivariate Return Period-based Ground Motion
Selection for Improved Hazard Consistency over a

Vector of IMs

This chapter is adapted from:
[77] A. Du and J. E. Padgett, “Multivariate Return Period-based Ground Motion Selection for
Improved Hazard Consistency over a Vector of IMs,” Earthquake Engineering and Structural
Dynamics (In Review).

Ground motion selection is a fundamental step in probabilistic seismic performance

assessment of structural systems, as it directly provides the seismic inputs to time

history analyses. Particularly, identifying ground motion records representative of the

seismic hazard of interest has long been the major focus of ground motion selection. In

this chapter, a multivariate return period (MRP)-based record selection methodology

with improved hazard consistency over a vector of IMs, is proposed to provide more

realistic and holistic characterization of the ground excitation. The merit of the MRP-

based ground motion selection is demonstrated by comparing the target spectra and

the resulting seismic demand estimates for several case-study structures with other

state-of-the-art record selection alternatives.
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3.1 Multivariate Return Period-based Ground Motion Selec-

tion Methodology

In the perfect sense, multivariate hazard consistency of a ground motion record im-

plies that the joint rate of exceedance of the record’s entire high dimensional IMs,

which characterize this ground motion in different aspects (e.g., spectral ordinates,

duration, and energy content), should be consistent with the specified hazard level

(e.g., return period). However, the univariate return period (URP), which is only

based on the marginal PSHA of a scalar IM and is not able to consider such joint

rate of exceedance of multiple IMs, still serves as the basis for many state-of-the-art

record selection methods (e.g., UHS, CS-Sa, GCIM, CS-Savg, and CS-Sa). As a re-

sult, these record selection methods generally fail to provide ground motions that are

hazard consistent with a vector of IMs (i.e., multivariate hazard consistency). In this

section, the theoretical background of the concept of the multivariate return period

(MRP) is introduced first. Next, the detailed implementation workflow is illustrated

for the proposed MRP-based record selection methodology, which for the first time

enables mathematically rigorous ground motion selection with multivariate hazard

consistency.

3.1.1 Univariate Return Period of Ground Excitation

In performance-based earthquake engineering (PBEE), the level of seismic hazard is

commonly characterized by the univariate return period of a scalar ground motion
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intensity measure (IM). The annual rate of the IM exceeding a specific IM level, im,

is defined as follows [78]:

λIM =
Nexceed

Nyr

=
NeventsP (IM > im)

Nyr

(3.1)

where: Nexceed denotes the number of instances that IM exceeds im; Nyr denotes

the observation time in years; Nevents denotes the number of earthquake events that

occurred during the observation time; and P (IM > im) is the conditional exceedance

probability of IM given the occurrence of an earthquake event. For a sufficiently

long observation time, a convergent estimate of λIM can be obtained as shown in

Equation 3.2:

λIM = lim
Nyr→∞

(
NeventsP (IM > im)

Nyr

)
= λtotP (IM > im) = λtot(1− P (IM 6 im))

(3.2)

where λtot denotes the summation of the annual rate of occurrence of all the pos-

sible earthquake ruptures, and is constant once the surrounding seismic sources are

specified. Then the univariate return period (URP), which is the average recurrence

interval, is defined as the reciprocal of λIM as shown in Equation 3.3

Tr =
1

λIM
=

1

λtot(1− P (IM 6 im))
(3.3)

The IM ordinate (im) for a given URP can be conveniently identified from the

IM hazard curve from a marginal probabilistic seismic hazard analysis (PSHA). The

above URP formulation provides a simple and analytically consistent approach to link

a scalar IM to a specific hazard level. However, such univariate hazard-return period



28

relationship is highly localized or biased because the hazard information only from

a single scalar IM is utilized, whereas the information from the other IMs is greatly

neglected. This is why the CS-based ground motion selection methods (i.e., CS-Sa,

GCIM, and CS-Savg) conditioned a scalar IM fail to provide ground motion records

with holistic hazard consistency over a vector of IMs.

3.1.2 Multivariate Return Period of Ground Excitation

In order to further improve the multivariate hazard consistency in ground motion

selection, the concept of multivariate return period (MRP) is introduced herein to

generalize the return period definition and account for the joint rate of exceedance

of a vector of IMs. However, in this multivariate context, unlike the univariate case,

the definition of exceedance of a vector of IMs (in short, multivariate exceedance) is

no longer unique, and different MRP definitions exist. Therefore, it is necessary to

investigate the implication of different MRP definitions on ground motion selection.

Some early efforts focused on directly defining the multivariate exceedance based on

the vector IM ordinates both in the earthquake engineering domain as well as other

natural hazards. Specifically, Zhang and Singh [79] considered the concept of arbitrary

exceedance, where the multivariate exceedance is deemed occurred when any one of

the IM ordinates is exceeded (in other words, the exceedance does not occur only when

all the IM ordinates are simultaneously not exceeded). They adopted MRP based on

the arbitrary exceedance to characterize the joint return period of multiple IMs such
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as intensity, depth and duration for rainfall events; whereas Bazzurro and Cornell

[80] considered the definition of simultaneous exceedance, where the exceedance is

considered occurred only when all the IM ordinates are simultaneously exceeded, in

developing the vector-valued PSHA methodology. Consider a vector of IMs (IM =

[IM1, IM2, . . . , IMk]), the MRP formulations based on the above two multivariate

exceedance definitions are provided as follows:

MRP based on arbitrary exceedance:

MRPA =
1

λtot(1− P (IM 6 im)
(3.4)

MRP based on simultaneous exceedance:

MRPS =
1

λtot(1− P (IM > im)
(3.5)

where: im = [im1, im2, . . . , imk] denotes the IM ordinates of a target spectrum or a

ground motion record; P (IM 6 im) = P (IM1 6 im1, IM2 6 im2, ..., IMk 6 imk)

and P (IM > im) = P (IM1 > im1, IM2 > im2, ..., IMk > imk). However, the two

MRP definitions only correspond to two extreme cases, either too conservative (the

case of MRPA) or too unconsertive (the case of MRPS) as will be shown in Section 3.3.

In fact, in such a multivariate setting, it is difficult to define exceedance directly

based on the vector IM ordinates. In this regard, Salvadori and De Michele [81]

proposed a Kendall’s distribution function-based MRP (MRPK) in characterizing the

joint occurrence of multiple IMs for flood events:

MRPK =
1

λtot(1−K(t))
(3.6)



30

where: K(t) is the Kendall’s distribution function of the vector IMs, which is a mea-

sure of the stochastic orderings of random vectors [82], and its empirical estimation

can be obtained via Monte Carlo simulations shown as follows [82]:

K̂(t) =
1

Nsim

Nsim∑
i=1

1(P (IM 6 im(i)) 6 t) (3.7)

where: 1(·) is the indicator function; im(i)(i = 1 : Nsim) are the simulated vector IM

ordinates, which can be obtained via Step 4 in Section 3.1.3. Note that is actually

the empirical CDF of the joint CDF of the simulated IM ordinates. Therefore, the

multivariate exceedance definition based on Kendall’s distribution function ranks the

Nsim simulated vector IM ordinates based on their corresponding joint CDF value

rather than directly based on the IM ordinates. As a result, MRPK incorporates the

joint CDF of the vector IMs while still maintaining the dichotomous property of the

univariate return period [81], thus making it a promising MRP definition.

3.1.3 Ground Motion Selection for a Given Multivariate Return Period

Despite the different MRP definitions, the general workflow of the proposed MRP-

based ground motion selection methodology is similar. From Equation 3.4-3.6, once

the seismic sources are specified, the value of the distribution function (either P (IM 6

im), P (IM > im), or K(t)) is solely dependent on the return period of interest.

Therefore, the major task is to first identify target spectra corresponding to the value

of the distribution function, then select a suite of ground motion records that match

the target spectra (note that the target spectra mentioned here are not only limited
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to Sa at different periods, but can also include other non-Sa type IMs). In fact,

this is a multivariate quantile identification problem, where an infinite number of

solutions exist. Since an analytical solution is not readily available for this problem,

a Monte Carlo simulation-based approach is adopted herein. A detailed workflow

of the proposed MRP-based record selection methodology, compatible with differ-

ent multivariate exceedance definitions (i.e., MRPA, MRPS, MRPK), is introduced

subsequently.

• Step 1: Target return period, spectra IM, and conditioning IM spec-

ification

First of all, the hazard level (i.e., the target return period Tr), the IMs adopted in

constructing the target spectra (i.e., the spectra IMs, IMS = [IMS1, IMS2, . . . , IMSn]),

and the conditioning IMs (IMC = [IMC1, IMC2, . . . , IMCm], based on which the

distribution functions will be evaluated) should be specified. IMC are consid-

ered to be a subset of IMS to avoid the time-consuming evaluation of high-

dimensional distribution functions.

• Step 2: Seismic source identification

In the second step, the seismic sources and their rate of occurrence should

be identified, which are commonly available in the current hazard models and

software (e.g., the foundation of the USGS hazard maps [83] and OpenQuake

[84]).

• Step 3: Candidate spectra distribution assembly
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For a given earthquake rupture, it is widely recognized that a scalar IM at the

site of interest can be characterized by a univariate Gaussian distribution in the

logarithmic space:

ln IM ∼ N(µ, σ) (3.8)

where the mean (µ) and the standard deviation (σ) can be obtained from a

ground motion prediction equation (GMPE). Additionally, by reasonably as-

suming that a vector of IMs also follow a multivariate Gaussian distribution [85],

the probabilistic distribution of the spectra IMs (IMS) for the given rupture

can be expressed as follows:

ln IMS ∼ N(µ,Σ) (3.9)

µ = [µ1, µ2, ..., µn] (3.10)

Σ =



σ2
1 ρ12σ1σ2 · · · ρ1nσ1σn

ρ21σ2σ1 σ2
2 · · · ρ2Nσ2σn

...
... . . . ...

ρn1σnσ1 ρn2σnσ2 · · · σ2
n


(3.11)

where µi and σi denote the GMPE mean and standard deviation for the ith

spectra IM, IMSi; ρij denotes the correlation coefficient between ln IMSi and

ln IMSj, and can be obtained from empirical correlation models [86, 87, 88, 89].

Owing to the multivariate normality assumption of the vector IMs under a

given rupture, when considering all the distinct potential ruptures within the
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considered seismic sources, the spectra IMs (IMS) actually follow a multivari-

ate Gaussian mixture distribution whose the joint probability density function

(PDF) is expressed as follows:

p(IMS) =

nrup∑
i=1

λi
λtot

pi(IMS) (3.12)

where: nrup is the total number of distinct ruptures (i.e., without duplicates);

λi is the annual rate of occurrence of the ith rupture; and pi(IMS) denotes the

multivariate Gaussian PDF of IMS subjected to the ith rupture. The above

multivariate Gaussian mixture distribution thus conveniently enables candi-

date spectra sampling and distribution function evaluation as will be shown

later. However, the distribution function evaluation of the multivariate Gaus-

sian mixture distribution turns out to be the major computational constraint

of the proposed MRP-based record selection methodology. The computational

expenses are directly dependent on two aspects: (1) the number of components

(i.e., distinct ruptures) included in the assembly of the multivariate Gaussian

mixture distribution; and (2) the dimension of the conditioning IMs (IMC),

since the distribution functions are evaluated based on IMC. Here, a simplifica-

tion procedure is implemented to condense the multivariate Gaussian mixture

distribution (i.e., reducing the number of components). Note that in actual

applications, hundreds and thousands of distinct ruptures surrounding the site

of interest may be involved. It is thus proposed here to only consider a sub-

set of these ruptures that still sufficiently cover the whole magnitude-distance
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space of the original ruptures, and the rate of occurrence of each of the subset

ruptures is also adjusted accordingly. The above procedure can be conveniently

realized using the ‘uniquetol’ function in MATLAB [90], and can significantly

reduce the number of distinct ruptures involved in constructing the multivariate

Gaussian mixture distribution while still maintaining satisfactory convergence

in the target spectra shape as will be shown in Section 3.3.1.

• Step 4: Candidate spectra simulation

Next, a large number (Nsim) of candidate spectra are randomly sampled from

the condensed multivariate Gaussian mixture distribution, which can be com-

putationally efficiently realized. It should be noted that the resulting candidate

spectra are still associated with the full spectrum of return periods, thus one ad-

ditional step (Step 5) is required to identify those target spectra corresponding

to the target value of the distribution function.

• Step 5: Distribution function evaluation and target spectra identifi-

cation

In this step, the value of the distribution function for each of the candidate spec-

tra is evaluated based on the conditioning IMs (IMC). Also, depending on the

considered MRP definition (i.e., MRPA, MRPS, MRPK), the target value of the

distribution function (i.e., P (IM 6 im), P (IM > im), or K(t)) corresponding

to the target return period (Tr) can be obtained as follows:
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For MRPA and MRPK:

Ptarget = 1− 1

Trλtot
(3.13)

For MRPS:

Ptarget =
1

Trλtot
(3.14)

Those candidate spectra with a distribution function value close to the tar-

get one are then identified as the qualified target spectra for the target return

period. In the present study, the tolerance level is determined such that the ac-

tual multivariate return period of a target spectrum should be within the ±5%

tolerance range of the target return period, which is found to provide satisfac-

tory convergence yet retaining sufficient target spectra. In actual applications,

in order to determine the required number of simulations (Nsim) so that suffi-

cient target spectra can be identified, several trial runs with a smaller number

of simulations can be performed first. Note that the value of the distribution

function calculated based on the conditioning IMs (IMC) is not equivalent to

the one based on the high-dimensional spectra IMs (IMS). Therefore, the re-

sulting target spectra are only multivariate hazard consistent with respect to

the conditioning IMs rather than the entire spectra IMs. As will be shown later,

this approximation can still yield reasonable convergence, with significantly re-

duced the computational expenses owing to the adaptation of lower dimensional

conditioning IMs.
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• Step 6: Spectral matching and record selection

Finally, a number of records (Ngm) are selected from a ground motion database

for a given return period. To this end, the same number of target spectra

should be first selected, which is done by random drawings without replace-

ment from the qualified target spectra. Next, a suite of scaled ground motion

records (either as-recorded or synthetic) that best match the Ngm target spectra

are selected. In the present study, the record selection algorithm is modified

from Jayaram et al. [26] and Tarbali and Bradley [91]. For a specific target

spectrum, the sum of squared error (SSE) between the target spectrum and

the response spectrum of the scaled jth ground motion record from the ground

motion database is defined as follows:

SSE =
n∑
i=1

(
ln im

(target)
i − ln (Cαimj,i)

)2

(3.15)

where: imj,i denotes the ordinate of IMi for the unscaled jth ground motion,

im
(target)
i is the ordinate of IMi for the target spectrum, C is a scalar scaling

factor, and α is an IM-specific constant to ensure the IM consistency during

scaling [29] (e.g., α = 1 for Sa, α = 0 for significant duration). An optimization

procedure (Equation 3.16) on the scaling factor for each of the ground motion

records within a given ground motion database is then conducted so that the

sum of squared error (SSE) with respect to the target spectrum is minimized.

The scaled ground motion record that leads to the lowest SSE is considered as

the best match for the target spectrum of interest. This process is repeated for
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each of the target spectra, and each time one best-match scaled ground motion

record (without duplication) is selected.

Ĉ = argmin
C∈R+

(
n∑
i=1

(
ln im

(target)
i − ln (Cαimj,i)

)2
)

(3.16)

In practice, usually a relatively small number (e.g., 20-50 [26,91,92]) of ground

motion records are selected for a given return period. Due to the inherent

randomness and the mismatch between the ground motion records and the

target spectra, the sample mean and standard deviation of the resulting ground

motion suite do not necessarily match those of the target spectra [26]. In this

regard, a higher number of qualified spectra (> Ngm) can be first generated, and

multiple replicates (Nrep) of the above selection process (i.e., random drawing of

the target spectra, spectral matching, and record selection) can be performed.

The ground motion ensemble that leads to the lowest ensemble error (as shown

in Equation 3.17) is finally selected [91].

SSE
(ensemble)
k =

n∑
i=1

((
µ

(target)
i − µ(ensemble)

k,i

)2

+
(
σ

(target)
i − σ(ensemble)

k,i

)2
)

(3.17)

where: µ(target)
i and σ

(target)
i denote the sample mean and standard deviation

(STD) of IMi for all of the qualified target spectra, since convergent estimates

of the two statistics of the target spectra require a higher number of samples;

whereas and denote the sample mean and STD of IMi for the kth replicate.

Note that the sample mean and STD are both calculated in the logarithmic
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space.

3.2 Case Study Description

In order to illustrate the efficacy of the proposed MRP-based ground motion selec-

tion and compare with other state-of-the-art record selection alternatives, several

case-study structures located at a hypothetical site (35.2°N, 89.9°W) in Memphis,

Tennessee, USA, are considered.

3.2.1 Seismic Hazard Characterization

The potential ruptures and their associated annual rate of occurrence are obtained

based on the 2008 USGS hazard model [93] from OpenQuake [84], where a stochastic

earthquake catalog (with a total of 9501 ruptures including 8622 distinct ruptures)

is generated via Monte Carlo simulations considering 4000 replicates of 50-year in-

vestigation time including all the potential ruptures with the moment magnitude

Mw > 5.0 and the Joyner-Boore distance (RJB) up to 278 km. The fault mecha-

nism is assumed to be strike-slip for these stochastic scenarios. The averaged shear-

wave velocity to 30 m depth of the soil (VS30) is assumed to be 260 m/s for the

considered site. For demonstration purposes, only the spectral IMs (i.e., Sa at dif-

ferent periods) are considered, although the proposed record selection methodology

has the potential to also accommodate other non-spectral IMs. A vector of Sa at

{0.05, 0.1, 0.2, 0.3, 0.5, 0.75, 1, 1.5, 2, 3, 5} (s) are considered as the spectra IMs (IMS)
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in constructing the response spectra, and the conditioning IMs (IMC) can be any

arbitrary subset of IMS. The HA14 GMPE for the Eastern North America (ENA)

by Hassani and Atkinson [94], and the empirical IM correlation model by Baker and

Jayaram [87] (BJ08) are adopted. It is acknowledged that the BJ08 correlation model

was derived based on the CY08 [95] GMPE and the NGA-West1 database [96], thus

not strictly consistent with the HA14 GMPE and the ENA region. However, due to

the lack of correlation model for the studied region and also as a proof of concept,

this implementation is deemed reasonable in the present study.

3.2.2 Case Study Structures

In order to evaluate the influence of ground motion selection on structural seismic

demands, three case-study structures with different structural characteristics are con-

sidered, including two single-degree-of-freedom (SDOF) structures and one multi-

degree-of-freedom (MDOF) structure. As for the two SDOF structures, the first one

is perfectly elastic with a fundamental period (T1 = 0.5 s) and 5% damping ratio;

whereas the second one is inelastic with the same fundamental period (0.5 s), 5%

damping ratio, and non-deteriorating bilinear hysteresis behavior (10% base shear

coefficient, 6.25% post-yield stiffness ratio corresponding to an elongated period up

to 2.0 s). The peak displacement is considered as the engineering demand parame-

ter (EDP) for the elastic SDOF, and the ductility ratio (the ratio between the peak

inelastic displacement and the yield displacement) is considered as the EDP for the
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inelastic SDOF. For the MDOF structure, an elastic five-story shear frame with ac-

centuated higher mode contribution is adopted from Chopra [97]. The five-story shear

frame is idealized as a 5-DOF lumped mass model, where a lumped mass (44,640 kg)

is applied at each floor, the lateral stiffness of each story is 5524 kN/m, the story

height is 3.66 m, and 5% damping ratio is assumed for each vibration mode. The five

natural periods are 2.0, 0.69, 0.43, 0.34, and 0.30 (s), respectively, and the (peak)

interstory drift ratio (IDR) is considered as the EDP of interest. Note that for all of

the three case-study structures, the EDPs for the two horizontal components of each

record are combined via geometric mean.

3.3 Target Spectra Evaluation

The algorithm for identifying the target spectra is typically the core of a ground mo-

tion selection method, and also what most differentiates it from other record selection

alternatives. In this section, the target spectra obtained from the proposed record

selection method are evaluated and are compared with those obtained from the other

state-of-the-art record selection methods. The proposed MRP-based record selection

methodology considering the three different MRP definitions will be referred to as

MRP-A, MRP-S, and MRP-K, respectively. Two CS-based record selection methods

including CS-Sa [25,26,27] and CS-Savg [32] are considered in the comparison. They

are both formulated in their exact version following Lin et al. [27], which provides

mathematically rigorous expressions for the conditional mean and covariance. The
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deaggregation weights are calculated based on equaling. This study did not consider

the GCIM method [28, 29] since it is equivalent to CS-Sa when only considering Sa

as the IMs; as well as the CS-Sa method [31, 33] due to its inconsistency of simulta-

neously conditioning on multiple UHS ordinates. Three target return periods (475,

975, and 2475 years), respectively corresponding to a 0.1, 0.05 and 0.02 probability

of exceedance in 50 years, are considered.

3.3.1 Convergence Check on the Number of Subset Ruptures

It is important to first investigate the convergence of the target spectra distribution on

the number of subset ruptures, since the multivariate Gaussian mixture distribution

condensation is crucial in reducing the computational burden for the proposed MRP-

based record selection methodology. Based on the formulation, the target spectra

geometric mean and logarithmic standard deviation (STD) of the three MRP-based

alternatives (MRP-A, MRP-S, and MRP-K) are actually mathematically equivalent

to those of the CS-Sa (exact) when considering the same conditioning Sa. This pro-

vides us a common ground to investigate the convergence on the number of subset

ruptures, as well as demonstrating the validity of the proposed MRP-based method

when only considering a scalar IM. CS-Sa is conducted using the entire set of orig-

inal ruptures. A convergence check on the number of subset ruptures is conducted

by comparing the mean and STD of the target spectra obtained from CS-Sa (ex-

act) and the MRP-based method conditioned on the same Sa (MRP-Sa). Without
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loss of generality, the target spectra distribution comparison is shown in Figure 3.1

(conditioning period: 0.5 s; 975-year return period). Overall, very good convergence

is observed between CS-Sa and MRP-Sa. Based on this convergence check, the re-

sults for the MRP-based record selection in the rest of this study are all based on

the 127 subset ruptures. This condensation step effectively reduces the number of

components in the multivariate Gaussian mixture distribution from 8622 to only 127,

and the magnitude-distance distribution of the original ruptures and the 127 subset

ruptures is also shown in Figure 3.2.
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Figure 3.1 : Target spectra distribution comparison between CS-Sa(0.5) (exact) and
MRP-Sa(0.5) (return period: 975 years; solid lines: mean spectra, dashed lines: mean
±1σ spectra)
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Figure 3.2 : Magnitude-distance distribution of the stochastic earthquake catalog
(grey circles: the original stochastic ruptures; colored circles: the 127 subset ruptures
with the colors indicating the associated weights in the multivariate Gaussian mixture
distribution)

3.3.2 Target Spectra Comparison for Different Record Selection Methods

The target spectra obtained from different record selection methods are compared

herein. Table 3.1 shows the considered record selection alternatives. The conditioning

periods are selected so that the influence of the record selection methods and the

conditioning periods can be clearly isolated for sake of comparison. Since there is

no analytical expression for the target spectra mean and STD for the MRP-based

methods, a large number of simulations (Nsim = 107) are performed so that a sufficient

number of qualified spectra (as shown in Table 3.2) are obtained for statistically

convergent target spectra distribution estimates.
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Table 3.1 : List of the considered record selection alternatives

Record selection method Abbreviation Conditioning periods (s)

CS-Sa
CS-Sa(0.1) 0.1
CS-Sa(0.5) 0.5
CS-Sa(2.0) 0.5

CS-Savg CS-Savg3 [0.1, 0.5, 2]
MRP-A MRP-A3 [0.1, 0.5, 2]
MRP-S MRP-S3 [0.1, 0.5, 2]
MRP-K MRP-K3 [0.1, 0.5, 2]

Table 3.2 : Number of qualified spectra for the three MRP-based record
selection alternatives for different return periods (Nsim = 107)

Record selection method
Number of qualified spectra

Tr = 475 yrs. Tr = 975 yrs. Tr = 2475 yrs.

MRP-A3 13,788 4054 728
MRP-S3 84,477 45,309 22,905
MRP-K3 44,429 21,645 8528

3.3.2.1 Influence of MRP Definition on the MRP-based Record Selection

Method

Due to the presence of multiple MRP definitions, the implication of MRP definition on

the resulting target spectra for the proposed MRP-based method is first evaluated.

As a demonstration, the target spectra geometric mean and logarithmic standard

deviation along with 50 randomly selected target spectra obtained from the three

MRP-based alternatives are shown in Figure 3.3 for a 975-year return period. As

for MRP-A3 (Figure 3.3(a)), where the multivariate exceedance is defined based on

arbitrary exceedance, it can be seen that the UHS ordinates actually serve as the
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lower bound of the target spectra. According to the univariate return period (URP)

definition (Equation 3.3) and the MRPA definition (Equation 3.4), for the same target

return period, the following equality holds:

P (IMCi 6 imURP
Ci ) = P (IMC 6 imMRPA

C )

= P (IMC1 6 imMRPA
C1 , ..., IMCi 6 imMRPA

Ci , ..., IMCm 6 imMRPA
Cm ) (i = 1 : m)

(3.18)

Then using the monotonically non-decreasing property of the joint CDF:

P (IMC1 6 imMRPA
C1 , ..., IMCi 6 imMRPA

Ci , ..., IMCm 6 imMRPA
Cm )

6 P (IMCi 6 imMRPA
Ci ) (i = 1 : m) (3.19)

By comparing Equation 3.18 with Equation 3.19, the following inequality holds:

P (IMCi 6 imURP
Ci ) 6 P (IMCi 6 imMRPA

Ci ) (i = 1 : m) (3.20)

Thus:

imURP
Ci 6 imMRPA

Ci (i = 1 : m) (3.21)

Note that imURP
Ci is exactly the UHS ordinate of IMCi from the marginal PSHA.

The inequality in Equation 3.21 proves that, at the conditioning IMs, the UHS ordi-

nates provide a lower bound for the target spectra of MRP-A. However, this finding

no longer holds when it comes to MRP-S, where the multivariate exceedance is de-

fined based on simultaneous exceedance (MRPS), which leads to the following exactly
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opposite results:

P (IMCi > imURP
Ci ) = P (IMC > imMRPS

C )

= P (IMC1 > imMRPS
C1 , ..., IMCi > imMRPS

Ci , ..., IMCm > imMRPS
Cm ) (i = 1 : m) (3.22)

P (IMC1 > imMRPS
C1 , ..., IMCi > imMRPS

Ci , ..., IMCm > imMRPS
Cm )

6 P (IMCi > imMRPS
Ci ) (i = 1 : m) (3.23)

P (IMCi > imURP
Ci ) 6 P (IMCi > imMRPS

Ci ) (i = 1 : m) (3.24)

imURP
Ci > imMRPS

Ci (i = 1 : m) (3.25)

which states that, at the conditioning IMs, the UHS ordinates provide an upper

bound for the target spectra of the MRP-S record selection method, as observed in

Figure 3.3(b). Finally, the target spectra distribution of the MRP-K method (Fig-

ure 3.3(c)) is found to lie somewhere in between the above two MRP-based methods.

In fact, for the same target spectrum, the return period MRPK is typically higher

than MRPA, according to Salvadori and De Michele [81], which explains why the

intensity of the target spectra by MRP-K is generally lower than that of MRP-A.

Overall, from the above results, it can be seen that the MRP definition poses large

influence on the resulting target spectra distribution.
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Figure 3.3 : Target spectra distribution comparison for the MRP-based method con-
sidering different MRP definitions (return period: 975 years): (a) MRP-A3; (b) MRP-
S3; (c) MRP-K3

3.3.2.2 Comparison of Target Spectra Distribution for Different Record

Selection Methods

For illustration purpose, the target spectra obtained from different record selection

methods are compared in Figure 3.4 for a 975-year return period, similar results are
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also observed for the other two return periods (475-year and 2475-year). As for the

three CS-Sa alternatives, it is first noticed that the mean target spectra differ signifi-

cantly with respect to the selection of the conditioning period, and the corresponding

standard deviation (STD) spectra, as is expected [26,27], exhibit the typical butterfly

shape with no variability at the conditioning period. The reason why CS-Sa is so

sensitive to the conditioning period selection is that the hazard information is concen-

trated at this particular conditioning period whereas the information (except for the

correlation structure) from the non-conditioning periods is greatly neglected in gener-

ating the target spectra. Comparatively, the butterfly spectral shape issue is greatly

alleviated by the CS-Savg method, which is conditioned on Savg that combines mul-

tiple Sa in an averaged sense. Nevertheless, CS-Savg is still based on a scalar IM, and

cannot fully leverage the joint distribution property of a vector of conditioning IMs.

On the other hand, such joint distribution property is fully incorporated within the

MRP-based record selection method, though with increased complexity in defining the

exceedance in this multivariate context. Among the three MRP-based alternatives,

the target spectra provided by MRP-A are relatively conservative with very a high

mean intensity level, whereas MRP-S tends to deliver target spectra with relatively

low mean intensity. As a result of the adoption of the two very extreme multivariate

exceedance definitions, MRP-A and MRP-S may be of limited practical significance.

On the other hand, MRP-K, which is based on Kendall’s distribution function in the

MRP definition, delivers promising results. Particularly, the mean target spectrum of
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MRP-K is located inside the envelope of the mean target spectra of the three CS-Sa

alternatives (CS-Sa(0.5), (1.0), and (2.0)), suggesting that the spectral information

at the three conditioning periods is somewhat adequately incorporated without any

significance bias. Moreover, the STD of the target spectra by MRP-K is moderately

low across the whole spectra period range.

Figure 3.4 : Target spectra distribution comparison for different record selection
alternatives (return period: 975 years): (a) target spectra geometric mean; (b) target
spectra logarithmic standard deviation

3.3.2.3 Sensitivity of CS-Savg and MRP-K on the Conditioning IM Se-

lection

From the above results, it turns out that both CS-Savg and MRP-K provide com-

paratively reasonable target spectra, but it is still not clear which ground motion

selection method is more reliable. In this section, further investigation is conducted

on the sensitivity of conditioning IM selection on CS-Savg and MRP-K. A superior
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ground motion selection method should be less sensitive to the conditioning IM selec-

tion, and should demonstrate good convergence when the number of conditioning IMs

increases. As shown in Table 3.3, different numbers of conditioning periods covering

a wide period range are considered to provide target spectra that generally represent

the entire spectral shape. Note that with a limited number of conditioning periods,

it is more effective to adopt widely separated conditioning periods to increase the

hazard information gain from an information theory point of view (see Section 6.2,

since the correlation is relatively low for widely separated periods [87].

Table 3.3 : Number of qualified spectra for the three MRP-based
record selection alternatives for different return periods (Nsim =
107)

Record selection method Abbreviation Conditioning periods (s)

CS-Savg
CS-Savg2 [0.1, 2]
CS-Savg3 [0.1, 0.5, 2]
CS-Savg4 [0.1, 0.5, 2, 5]

MRP-K
MRP-K2 [0.1, 2]
MRP-K3 [0.1, 0.5, 2]
MRP-K4 [0.1, 0.5, 2, 5]

The comparison of the target spectra distribution is shown in Figure 3.5 for three

target return periods (475, 975, and 2475 years). As for the mean target spectra

(Figure 3.5(a), (b), (c)), MRP-K is constantly less sensitive to the conditioning IM

selection as opposed to CS-Savg. In particular, with only two conditioning IMs, MRP-

K2 is able to achieve very good convergence to the other two higher-dimensional

MRP-K alternatives. As for the standard deviation (STD) of the target spectra



52

(Figure 3.5(d), (e), (f)), comparatively larger inconsistency is observed for the three

CS-Savg alternatives. On the other hand, owing to the direct incorporation of the

joint distribution property of a vector of conditioning IMs, much better consistency

is observed when it comes to the three MRP-K cases, and improved convergence is

achieved with the increase of the conditioning IM dimension.

Figure 3.5 : Target spectra distribution comparison among different CS-Savg and
MRP-K record selection alternatives: (a), (b), (c) target spectra geometric mean;
(d), (e), (f) target spectra logarithmic standard deviation

Moreover, for the three MRP-K cases, it is noticed that the target spectra STD

at the lower spectral periods (less than 0.5 s) remains relatively low, whereas the

target spectra STD at the higher spectral periods (higher than 1.0 s) tends to in-
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crease with the decrease of return period. This phenomenon can be appreciated by

examining the spectral shape from the GMPE. For example, as shown in Figure 3.6,

the GMPE spectral shape is compared for two representative scenarios from the two

major clusters of the stochastic earthquake catalog (according to Figure 3.2), includ-

ing one rupture (Mw = 7.7, RJB = 64 km) representing the high magnitude cluster,

and the other one (Mw = 5.05, RJB = 98 km) representing the low magnitude cluster.

Clearly, the GMPE spectral shape of the two distinct ruptures shows larger discrep-

ancy at the higher spectral period. Recall that MRP-K reserves the multi-modal

probabilistic distribution of all the possible ruptures via the multivariate Gaussian

mixture distribution. The reason why the target spectra STD tends to be higher at

higher spectral periods for the lower return periods is that, for lower return periods,

more target spectra from those low magnitude rupture cluster are present, whereas

for high return period (as is the case for the 2475-year one), the target spectra are

dominated by the high magnitude rupture cluster. Therefore, owing to the multivari-

ate Gaussian mixture distribution, MRP-K is able to realistically capture the spectral

shape variability due to multiple possible earthquake ruptures. However, as for the

CS-based methods (CS-Sa and CS-Savg), even with the exact formulation (i.e., using

the exact target spectra mean and covariance), the target spectra are still assumed

to follow a single multivariate Gaussian distribution, thereby losing the flexibility to

correctly capture the above multi-modal spectral shape variability.
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Figure 3.6 : GMPE spectral shape comparison between two representative earthquake
ruptures

Based on the findings in this section, MRP-K reveals itself to be a superior record

selection alternative, which can effectively improve the multivariate hazard consis-

tency in ground motion selection. Such an advancement in multivariate hazard con-

sistency can greatly improve the accuracy of seismic demand estimation for actual

complex structures that are potentially sensitive to multiple IMs. In terms of the

computational expenses in identifying the qualified target spectra (e.g., 100 quali-

fied target spectra for the 2475-year return period for the case at hand), MRP-K2

only takes 5 seconds and MRP-K3 takes about 50 min on a personal computer (Intel

Core i7-6700 CPU @ 3.40GHz + 24 GM RAM). Also note that for MRP-K, the re-

quired number of simulations (Nsim) is dependent on the target return period, where

a lower Nsim is required for a lower target return period and vice versa. If higher
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dimensional (>3) conditioning IMs are considered, high performance computational

resources (e.g., via the DesignSafe cyberinfrastructure [98]) can be leveraged to further

reduce the computation time via parallel computing. Additionally, the computation

expenses can be alleviated by considering a fewer number of subset ruptures in con-

densing the multivariate Gaussian mixture distribution (in Step 3, Section 3.1.3) as

well as by relaxing the return period tolerance level (in Step 5, Section 3.1.3).

3.4 Influence of Ground Motion Selection on Seismic Demand

Estimation

3.4.1 Ground Motion Selection

For the case-study structures, based on the results from the previous section, four

ground motion selection alternatives are considered, including CS-Sa(0.5) and CS-

Sa(2.0); CS-Savg3; and MRP-K3, to evaluate the influence of ground motion selection

methods on seismic demand estimation. Record selection is conducted for the three

target return periods (475, 975, and 2475 years). For each return period, 50 scaled

ground motion records (each with two horizontal components) are selected from the

NGA-West2 database [99]. For consistency, record selection for the CS-Sa and CS-

Savg cases is also performed in a similar manner to Step 6 in Section 3.1.3, where the

scaling factors are obtained via optimization (Equation 3.16) instead of by directly

scaling to the conditioning IM level, which is originally adopted in the CS-based record

selection [26, 29]. This optimization-based record selection is considered to be more
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reasonable, since overall improved spectral matching and reduced ensemble error are

observed. The response spectra for some of the selected ground motion records are

shown in Figure 3.7. Because of the superior hazard consistency demonstrated by

MRP-K, the seismic demands obtained from the suites of MRP-K3 are taken as the

benchmark in the subsequent discussions.

Figure 3.7 : Example response spectra of the selected records: (a) CS-Sa(0.5), Tr =
475 years; (b) CS-Savg3, Tr = 975 years; (c) MRP-K3, Tr = 2475 years

3.4.2 Demand Distribution Comparison for the Case-study Structures

The influence of ground motion selection on the seismic demand distribution of the

two SDOF systems is examined first. The seismic demand statistics including the

median and the logarithmic standard deviation (i.e., dispersion) are provided in Ta-

ble 3.4 and Table 3.5, respectively for the elastic and the inelastic SDOF systems.

For the elastic SDOF (T1 = 0.5 s), because of the butterfly spectral shape, the lowest

demand dispersion is observed for CS-Sa(0.5), which is conditioned on a period that
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is the same as Tn. It should be noted that the reason why the demand dispersion is

not strictly zero is that: (1) the record selection are performed without strictly scal-

ing to the conditioning IM level (as is mentioned in Section 3.4.1), which contributes

to the major portion of the dispersion; and (2) the EDPs corresponding to the two

horizontal components of each record are combined via geometric mean, whereas the

record selection is based on the RotD50 values, thus causing another slight dispersion

increase. However, even for this very special CS-Sa case (i.e. when the condition-

ing period coincides with the structural fundamental period), which is traditionally

deemed ‘hazard consistent’ [26,18], the demand estimates from CS-Sa(0.5) deviate a

lot from those of the benchmark MRP-K3. This is because the multivariate hazard

consistency offered by MRP-K3 also alters the marginal target spectra distribution

at a specific IM, as observed from the target spectra mean and standard deviation

(see Figure 3.4). It is also noticed that how sensitive are the demand estimates to

the conditioning period selection for CS-Sa. Although the demand dispersion from

CS-Savg3 exhibits improved consistency with respect to MRP-K3, CS-Savg3 may

lead to significant overestimation of the median demand level as is noticed in the

case of the 2475-year return period. Even for this simple elastic SDOF system, the

three CS-based record selection methods can lead to significantly different demand

estimates compared with the benchmark MRP-K3. Similar findings are also observed

from the demand statistics of the inelastic SDOF system as shown in Table 3.5.
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Table 3.4 : Summary of seismic demand statistics of the elastic SDOF system for different
ground motion selection alternatives (EDP: peak displacement, unit: cm)

Record selection method
Tr = 475 yrs. Tr = 975 yrs. Tr = 2475 yrs.

Median Dispersion Median Dispersion Median Dispersion
CS-Sa(0.5) 1.32 0.25 2.17 0.25 3.24 0.22
CS-Sa(2.0) 1.16 0.62 1.60 0.62 2.22 0.58
CS-Savg3 1.20 0.46 1.89 0.43 3.37 0.46
MRP-K3 1.2 0.44 1.57 0.46 2.42 0.38

Table 3.5 : Summary of seismic demand statistics of the inelastic SDOF system for different
ground motion selection alternatives (EDP: ductility ratio)

Record selection method
Tr = 475 yrs. Tr = 975 yrs. Tr = 2475 yrs.

Median Dispersion Median Dispersion Median Dispersion
CS-Sa(0.5) 1.97 0.40 3.23 0.47 4.89 0.50
CS-Sa(2.0) 1.79 0.59 2.95 0.63 4.84 0.64
CS-Savg3 1.82 0.49 3.49 0.51 5.77 0.62
MRP-K3 1.86 0.51 2.80 0.52 4.27 0.44

For the case-study MDOF system, the median (peak) interstory drift ratio (IDR)

and the IDR logarithmic standard deviation (dispersion) are shown in Figure 3.8 for

the three different return periods. Here, more pronounced discrepancy in the median

EDP estimates is observed. Compared with the benchmark MRP-K3, the CS-based

methods can result in an overestimation of the median IDR up to 73%. As for the IDR

dispersion, CS-Sa(2.0), with a conditioning period coincident with the first fundamen-

tal period of the MDOF system, significantly underestimates the dispersion level due

to the butterfly spectral shape. Because of the lack of multivariate hazard consis-

tency in the target spectra and hence the selected ground motion records, the EDP

estimates from the three CS-based methods generally exhibit large discrepancy with
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respect to the benchmark case MRP-K3. Overall, all the above results in this section

are consistent with the observations from the target spectra shape (Section 3.3), high-

lighting the importance of multivariate hazard consistent ground motion selection in

accurate seismic demand estimation regardless of the structural characteristics (e.g.

for elastic or inelastistic structural behavior; for single- or multi-degree-of-freedom

systems).

Figure 3.8 : Comparison of the seismic demands of the five-story elastic MDOF
system for different record selection alternatives: (a), (b), (c) median IDR; (d), (e),
(f) standard deviation of ln(IDR)
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3.5 Closure

In order to further improve the hazard consistency in ground motion selection, this

chapter proposes a multivariate return period (MRP)-based record selection method-

ology. Unlike the traditional univariate return period definition, which is solely an-

chored on a scalar intensity measure (IM), multivariate return period (MRP) gen-

eralizes the return period concept by incorporating the joint rate of exceedance of

a vector of IMs, thereby providing more holistic characterization of the seismic haz-

ard. By leveraging MRP in linking the level of seismic hazard to a vector of IMs,

the proposed MRP-based method for the first time offers a mathematically rigorous

yet practical solution to achieve multivariate hazard consistent ground motion se-

lection. To alleviate the computational burden and improve the practicality of the

proposed method, a condensation step is proposed to significantly reduce the number

of components in the multivariate Gaussian mixture distribution assembly, yet still

maintaining satisfactory convergence in the target spectra distribution. The efficacy

of the proposed MRP-based method is compared with other state-of-the-art record

selection alternatives including the Conditional Spectrum (CS) based method condi-

tioned on a spectral acceleration (i.e., CS-Sa), and the CS-based method conditioned

on an average spectral acceleration (i.e., CS-Savg). The influence of ground motion

selection on the resulting target spectra as well as on the seismic demand estimates

for three case-study structures with different structural characteristics, is thoroughly

investigated. Some major conclusions are drawn as follows.
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Unlike the univariate return period, for multivariate return period, the definition of

exceedance is no longer unique in this multivariate context. In the present study, the

proposed MRP-based ground motion selection is evaluated considering three different

multivariate exceedance definitions, i.e., arbitrary exceedance (MRP-A), simultaneous

exceedance (MRP-S), and Kendall’s distribution function-based exceedance (MRP-

K). It should be noted that under the special case where the conditioning IM is a

scalar, the target spectra geometric mean and logarithmic standard deviation of the

MRP-based method (for all the three MRP definitions) are equivalent to those of

CS-Sa. From the results, it is observed that MRP-A is relatively conservative and

significantly overestimates the overall intensity level of the target spectra, whereas

MRP-S is too unconservative. On the other hand, MRP-K outperforms the other

ground motion selection methods, including CS-Sa and CS-Savg, and turns out to

be a superior and promising record selection alternative. Specifically, (1) MRP-K

holistically leverages the hazard information over a vector of conditioning IMs by

means of Kendall’s distribution function, which is the empirical distribution function

of the joint cumulative distribution of the conditioning IMs; (2) MRP-K delivers

target spectra distribution without any significant bias toward a specific conditioning

IM, and leads to moderately low dispersion across the entire period range without

any butterfly spectral shape issue typical in CS-Sa; (3) MRP-K is much less sensitive

to the conditioning IM selection and is able to achieve satisfactory target spectral

shape convergence with relatively low dimensional conditioning IMs; (4) Owing to the
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implementation of the multivariate Gaussian mixture distribution, MRP-K can more

realistically capture the spectral shape variability due to multiple possible earthquake

ruptures, whereas the target spectra of the CS-based methods are simply assumed to

follow a single multivariate Gaussian distribution.

Beyond influence of ground motion selection methods on the target spectra, the

results of this paper also shed light on the influence of ground motion selection on

the resulting seismic demand estimates of an elastic single-degree-of-freedom (SDOF)

system, an inelastic SDOF system, and an elastic multi-degree-of-freedom (MDOF)

system. Compared with the more hazard consistent benchmark MRP-K, it is observed

for all the three case-study structures and for the different target return periods, that

the CS-based methods (CS-Sa and CS-Savg) can result in large discrepancy in the de-

mand estimates. MRP-K is able to deliver ground motions with multivariate hazard

consistency over a vector of conditioning IMs, and more reliable and accurate demand

estimates can be expected for individual structures with different structural charac-

teristics (e.g., period elongation due to inelastic behavior and higher-mode effects).

The proposed MRP-K ground motion selection can also offer improved hazard consis-

tency of the seismic inputs for multivariate seismic demand estimation and surrogate

modeling (Chapter 4), where structures with multiple correlated EDPs sensitive to

different IMs are considered. Moreover, because of the improved multivariate hazard

consistency, a common general ground motion suite can now be employed in proba-

bilistic seismic performance assessment of different individual structures or structural
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portfolios, which in return greatly simplifies the ground motion selection process.

Overall, this chapter presents a powerful new ground motion selection approach for

improved multivariate hazard consistency, and provides insights into how the no-

tion of multivariate return period can be leveraged in advancing the seismic hazard

characterization.
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Chapter 4

Multivariate Seismic Surrogate Demand Modeling of
Multi-response Structural Systems

This chapter is adapted from:
[100] A. Du and J. E. Padgett, “Investigation of Multivariate Seismic Surrogate Demand Modeling
for Multi-response Structural Systems,” Engineering Structures, vol. 207, 2020 (Online).

The ground motion selection methodology proposed in the previous chapter offers

hazard consistent seismic inputs to nonlinear time history analyses (NLTHAs), the

outcomes of which are commonly employed to inform surrogate demand modeling.

However, for complex multi-response structural systems, multiple engineering demand

parameters (EDPs) may be related to different failure modes. There is a lack of study

on joint seismic demand estimation, which is crucial to reliable system-level perfor-

mance assessment. This chapter aims to explore advanced multivariate surrogate

demand models (MvSDMs), which are able to provide joint estimation of the mul-

tivariate EDPs. The influence of MvSDM selection on seismic demand and fragility

modeling is examined, and promising MvSDM formulations are identified based on a

typical highway bridge structure in the Central and Southeastern US.
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4.1 Multivariate Surrogate Demand Models

Multivariate surrogate demand models (MvSDMs) establish the mapping between p

predictors [X1, X2, ..., Xp] (e.g., ground motion intensity measures (IMs) and struc-

tural design parameters) and m dependent variables [Y1, Y2, ..., Ym] (e.g., different

EDPs within the same structure). For a specific predictor vector x ∈ R1×p, the

mapping can be generally expressed as follows:

ŷ = ȳ(x) + ε(x) (4.1)

where the model prediction ŷ ∈ R1×m is comprised of the point estimates (ȳ ∈ R1×m)

from a multivariate systematic trend model, and the correlated model errors (ε ∈

R1×m). Therefore, the two major tasks in establishing a MvSDM are respectively:

(Step1) modeling of the systematic trend ȳ; and (Step2) modeling of the correlated

model errors ε. The theoretical background of the considered multivariate surrogate

demand modeling approaches is briefly introduced subsequently, within the context

of seismic demand modeling of complex structural systems. In the remaining of this

study, X ∈ Rn×p is denoted as the predictor data matrix (n is the total number of

samples); Y ∈ Rn×m is the data matrix for the m EDPs obtained from nonlinear

time history analyses (NLTHAs). Note that all the predictors (X) and EDPs (Y)

are log-transformed prior to model fitting in order to reduce the influence of different

units (or magnitudes) of the parameters.



66

4.1.1 Multivariate Systematic Trend Model (Step 1)

In the present study, three multivariate regression models are considered, namely

Multivariate Linear Regression (MvLR), Partial Least Squares Regression (PLSR)

and Artificial Neural Network (ANN). These models are able to deliver a single model

for the systematic trend, i.e., response hypersurface, of multiple EDPs.

4.1.1.1 Multivariate Linear Regression (MvLR)

MvLR seeks to find linear relationships between X and Y through the following

equation:

Y = XMvLRBMvLR + E (4.2)

where XMvLR = [1,X] is an n by (p+1) matrix with an all-one first column, BMvLR is

a (p+1) by m matrix of unknown parameters and E ∈ Rn×m is the regression residual

matrix. The least squares estimator of BMvLR can be obtained as follows [101]:

B̂MvLR =
(
XT

MvLRXMvLR

)−1
XMvLRY (4.3)

Note that the regression coefficients in the above equation are equivalent to those

obtained from a suite of separate univariate linear regression models for each of the

EDPs. In this study, the MvLR model is limited to a single predictor (i.e., the IM)

to comply with the typical “Cloud” approach and also to avoid potential numerical

issues due to an ill conditioned sample covariance matrix XT
MvLRXMvLR when multiple

collinear predictors are included.
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4.1.1.2 Partial Least Squares Regression (PLSR)

PLSR establishes the mapping between the independent variables and the dependent

variables by means of mutually orthogonal latent variables (or PLS components).

PLSR first performs matrix decomposition of the centered matrices X and Y as

follows:

X = TPT + EX (4.4)

Y = UQT + EY (4.5)

T = XW,U = YR (4.6)

where T = [t1, t2, ..., tk] and U = [u1,u2, ...,uk] are matrices of the extracted k PLS

components of X and Y; P and Q represent the loading matrices; EX and EY are

the residual matrices; W = [w1,w2, ...,wk] and R = [r1, r2, ..., rk] are the weights of

the PLS components of X and Y. The PLS components ti and ui as well as their

corresponding weights wi and ri are successively extracted by maximizing the covari-

ance between X and Y. Next, ordinary least squares regression is performed between

the extracted PLS components T and the responses Y as shown in Equation 4.7.

Note that the PLS components T are mutually orthogonal, which is favorable for

least squares regression.

Y = TC + E (4.7)

where C is the matrix of regression coefficients. The above equation can also be

rewritten in terms of X:

Y = XBPLSR + E (4.8)
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where BPLSR = WC. The optimal number of PLS components can be determined

via cross validation. PLSR extracts the components in a supervised manner, thereby

fewer components are required compared with Principle Component Regression (PCR)

[45]. PLSR achieves dimensionality reduction and regression simultaneously and is

found to be robust to predictor multicollinearity [45, 102, 103, 104]. PLSR can be

further implemented in conjunction with a kernel transformation of the original X

matrix [45]:

K(xi,xj) =< g(xi), g(xj) > (4.9)

where K(·) denotes the kernel transformation, xi, xj are two generic rows of X, g(·)

denotes a nonlinear mapping to a higher-dimension feature space, < · > denotes the

inner product. By mapping the original feature space to a higher-dimensional feature

space, the potential nonlinear relations among the predictors and EDPs can be better

captured. In the present study, kernel PLSR (K-PLSR) with three different kernels

are considered, including the 2nd order and 3rd order polynomial kernels as shown in

Equation 4.10 (note that polynomial kernels higher than 3rd order are not considered

since they will significantly increase the computational expenses with only marginal

predictive performance improvement), and the radial basis function (RBF) kernel

(also known as the Gaussian kernel) as shown in Equation 4.11. The three K-PLSR

models are denoted as K-PLSR-2, K-PLSR-3, and K-PLSR-RBF, respectively. The

PLSR method using the original X without any kernel transformation will be referred

to as the Linear PLSR (L-PSLR). For the PLS components extraction, the SIMPLS
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[105] algorithm is adopted for the L-PLSR, K-PLSR-2 and K-PLSR-3 models, and

the kernel-NIPALS algorithm [45] is adopted for the K-PLSR-RBF model.

K(xi,xj) =
(
xT
i xj + 1

)d (4.10)

K(xi,xj) = exp

(
−‖xi − xj‖2

2l2

)
(4.11)

where d = 2 or 3 denotes the order of the polynomial kernel; l defines the width factor

of the Gaussian distribution.

4.1.1.3 Artificial Neural Network (ANN)

The general structure of an ANN is shown in Figure 4.1. Inspired by the networked

structures of human brain neurons, ANN is comprised of a suite of inter-connected

processing units (or neurons) associated to three types of layers: the input layer,

the hidden layers and the output layer. In the present study, a single hidden layer

is considered per Mangalathu et al. [39]. The mapping between the inputs and the

outputs is modeled through the connections of the neurons.

The output of the jth neuron in the (i+ 1)th layer a(i+1)
j is a function of the linear

combinations of the outputs from the neurons in the previous layer:

a
(i+1)
j = f

(∑
k

w
(i)
k a

(i)
k + b(i)

)
(4.12)

where f(·) is the activation function and the commonly used sigmoid function (Equa-

tion 4.13) is adopted, a(i)
k , w(i)

k and b(i) respectively denote the outputs, the weights
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Figure 4.1 : Schematic of the artificial neural network structure

and the bias term from the previous layer.

f(x) =
1

1 + e−x
(4.13)

The network weights are first randomly initiated and are adjusted on the training

set via a backpropagation algorithm (the Levenberg-Marquartdt backpropagation al-

gorithm [106] is adopted herein). A validation set is employed to determine the

termination point of the training process.

4.1.2 Modeling of the Correlated Model Errors (Step 2)

The systematic trend models mentioned above only provide the point estimates of the

EDPs. For uncertainty propagation in PSRA, the correlated model errors (ε in Equa-

tion 4.1) should also be incorporated. This model error term, which is characterized

by the error covariance model, accounts for both of the: (1) difference between the
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systematic trend model and the physics-based finite element model used in deriving

the training data; and (2) record-to-record variability. Note that the record-to-record

variability is inherent in the training data due to inactive inputs, where an intensity

measure (IM) is employed within the predictors X to represent the ground motion

input instead of the actual ground excitation time series, whereas the responses Y

are obtained via nonlinear time history analyses (NLTHAs). In this section, the the-

oretical background of three error covariance modeling approaches is introduced. A

common assumption in the three methods is that the error terms are multivariate

normally distributed, whereas the difference lies in the modeling strategies of the

joint distribution (i.e., mean and covariance matrix). In the present study, epistemic

uncertainty of the physics-based finite element model is not considered, but it can

be incorporated as a kind of measurement error by introducing additional diagonal

variances into the error covariance matrix.

4.1.2.1 Joint Probabilistic Seismic Demand Model (JPSDM)

Nielson [42] proposed the JPSDM method to provide the joint probability distribu-

tion of the multivariate model errors in seismic demand modeling of highway bridge

structures. The error terms are assumed to follow a constant zero-mean multivariate

normal distribution and the error covariance matrix Σ̂JPSDM ∈ Rm×m is computed as

follows:

Σ̂JPSDM(i, j) = βiβjρ
D
ij (i, j = 1 : m) (4.14)
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where β denotes the dispersion estimates (i.e., the standard deviations from the re-

gression trend model) for each EDP and ρDij denotes the sample demand correlation

coefficients (in logarithmic space). The correlated errors are assumed to follow a

multivariate normal distribution ε ∼ N(0, Σ̂JPSDM). However, as an approximation

method, the JPSDM method exists one potential mathematical inconsistency that

the error term correlations are assumed to be equal to the sample demand correla-

tions irrespective of the regression models, while the regression standard deviations

are dependent on the regression model used.

4.1.2.2 Sample Regression Residual Covariance (SCOV)

Similar to the JPSDM method, the SCOV method also adopts a constant zero mean

multivariate normal distribution to model the correlated error terms. By reasonably

assuming that the sample mean of the regression residuals is zero, the maximum

likelihood estimator of the error covariance matrix can be obtained as follows [101]:

Σ̂SCOV =
ETE

n
(4.15)

Note that Σ̂SCOV converges to the sample regression residual covariance matrix

(where the denominator is n − 1) when the sample size n is sufficiently large, thus

this method is named as the sample regression residual covariance method. Then,

the correlated errors ε can be generated from N(0, Σ̂SCOV). What makes the SCOV

method differ from the JPSDM method is that the error covariance matrix is now

solely determined by the sample regression residuals E. Therefore, the SCOV method
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is mathematically more consistent than the JPSDM method. Though Equation 4.15

is well-established in the field of multivariate statistics, to the authors’ knowledge,

the SCOV method has not yet been applied in the context of multivariate seismic

surrogate demand modeling.

4.1.2.3 Multi-output Gaussian Process Regression (MOGP)

The MOGP method enables more flexible and sophisticated considerations of the

spatial correlations among the predictors as well as the cross-correlations among the

outputs. Denote εi = εi(xi) = [εi,1, εi,2, ..., εi,m]T as the m error terms for the ith sam-

ple. The error term vectors are first arranged into a stacked vector ε0 = [ε1; ε2; ...; εn].

Also denote x∗ as the queried point where a prediction is to be made, and ε∗ = ε(x∗)

as the corresponding error term vector. MOGP assumes that the error terms jointly

follow a multivariate normal distribution as follows: ε∗
ε0

 ∼ N

0,

 Σ∗ + ΣS Σ∗,0

ΣT
∗,0 Σ0 + ΣM


 (4.16)

where: ΣS = diag(δ2
1, δ

2
2, ..., δ

2
m) ∈ Rm×m is a diagonal signal noise variance matrix

(also known as the nuggets), which is usually used to model the measurement errors

of the signals in experiments [107]. Note that without the nugget terms, MOGP will

perfectly interpolate the training data; whereas MOGP becomes an approximation

method when the nugget terms are included. In the context of seismic surrogate de-

mand modeling, the structural seismic demands are usually obtained from determinis-

tic finite element models, which will return identical results once the model parameters
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and ground motion inputs are specified. However, the nuggets are still necessary to

capture the unexplainable variability emerging from the following two sources: (1)

inactive inputs [107] (for example, a reduced set of IMs, in scalar or vector form,

are commonly used to represent the full ground motion accelerograms); (2) model

misspecification due to inaccurate assumptions on stationarity or covariance struc-

ture [108]. Σ∗ = C(ε∗, ε∗) ∈ Rm×m (C(·) denotes the multi-output covariance ma-

trix); Σ∗,0 = [C(ε∗, ε1),C(ε∗, ε2), ...,C(ε∗, εn)] ∈ Rm×nm; ΣM = In ⊗ΣS ∈ Rnm×nm

(⊗ denotes the Kronecker operator); and:

Σ0 =



C(ε1, ε1) C(ε1, ε2) · · · C(ε1, εn)

C(ε2, ε1) C(ε2, ε2) · · · C(ε2, εn)

...
... . . . ...

C(εn, ε1) C(εn, ε2) · · · C(εn, εn)


(4.17)

The posterior distribution of ε∗ is still multivariate normal with the mean ε̂∗ ∈ Rm×1

and covariance Σ̂∗ ∈ Rm×m shown as follows:

ε̂∗ = Σ∗,0(Σ0 + ΣS)−1ε0 (4.18)

Σ̂∗ = Σ∗ −Σ∗,0(Σ0 + ΣM)−1ΣT
∗,0 + ΣS (4.19)

In the present study, the Linear Model of Coregionalization (LMC) [109, 110], com-

monly adopted in geostatistics, is considered to model the covariance structure of

C(·):

C(εi, εj) =

Q∑
q=1

AqRq(xi,xj) (4.20)
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where Aq ∈ Rm×m denotes the output covariance matrix and Rq(xi,xj) denotes the

correlation function between xi, xj, for the qth latent process. Here, Q = 1, 2 latent

processes is considered per Nguyen and Bonilla [111]. The parameterization scheme

of Aq by Bonilla et al. [112] is adopted:

Aq = LqL
T
q (4.21)

Lq =



γ
(q)
1 0 · · · 0

γ
(q)
2 γ

(q)
3

. . . ...

...
... . . . 0

γ
(q)
1
2
m(m−1)+1

γ
(q)
1
2
m(m−1)+2

· · · γ
(q)
1
2
m(m+1)


∈ Rm×m (4.22)

As for the predictor correlation function Rq(·), the commonly employed stationary

squared exponential correlation functions with isotropic length scale (SE-ISO, Equa-

tion 4.23), and with automatic relevance determination (SE-ARD, Equation 4.24) are

considered:

SE− ISO :Rq(xi,xj) = exp

(
− 1

2θ2
q

(xi − xj)
T(xi − xj)

)
(4.23)

SE− ARD :Rq(xi,xj) = exp

(
−1

2
(xi − xj)

TD−1
q (xi − xj)

)
(4.24)

where: θq denotes the characteristic length scale for the SE-ISO correlation function;

Dq = diag(θ2
q,1, θ

2
q,2, ..., θ

2
q,p) and θq,k denotes the characteristic length scales for each of

the p predictors for the SE-ARD correlation function. The hyper-parameters (δ,γ,θ)

for the MOGP model can be inferred via negative marginal log-marginal-likelihood

minimization [113], and a hybrid optimization scheme is employed to solve this high-

dimension minimization problem per Svenson [114]. The computation burden of
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this optimization is largely due to the Cholesky decomposition of the big covariance

matrix (Σ0 + ΣM), which is of computational complexity O((nm)3). The predictors

are standardized into [0, 1]p prior to the model fitting.

With the above descriptions for Step 1 and Step 2, different combinations of

systematic trend models and error covariance models exist — either in the literature

or are proposed for the first time in this paper — to enable multivariate surrogate

demand modeling of complex structures. Questions remain regarding the viability

of these alternative approaches for seismic response prediction and the relative ad-

vantages or disadvantages of alternative model forms. In the remaining sections of

this study, the performance and efficacy of different multivariate surrogate demand

modeling approaches (i.e., different selection of the systematic trend model and error

covariance model) will be evaluated based on a case-study structural system.

4.2 Case-study Structural System and Ground Motion Selec-

tion

4.2.1 Case-Study Highway Bridge and Design of Experiment

A three-span simply-supported concrete girder bridge, typical in the Central and

Southeastern US region, is considered as the case-study multi-response structure.

The bridge is assumed to be located at a hypothetical site (35.2◦N, 89.9◦W) in Mem-

phis, Tennessee, USA. The bridge configurations are adopted from Nielson [42] as

shown in Figure 4.2. The bridge has a span length of 24.4 m and a deck width of
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15 m. Three datasets respectively with 360, 1000 and 10,000 bridge samples are

generated via the Latin Hypercube Sampling (LHS) technique to investigate the per-

formance of the MvSDMs under different sample sizes. To account for the structural

parameter uncertainties as shown Table A.1, normalized LHS samples (in the range

of 0-1) are generate first, then each dimension of these normalized LHS samples is

marginally transformed based on the marginal distribution and parameter bounds.

Each bridge sample is then randomly paired with a ground motion record selected

in Section 4.2.2. Parameterized OpenSees [115] 3-D finite element models used in

this study are modified from Kameshwar et al. [116]. The schematic of this bridge

and the hysteresis models for some of the major bridge components are shown in

Figure 4.2. The bridge columns are modeled using displacement-based beam-column

elements with a fiber section composed of un-confined and confined concrete as well

as steel reinforcement. The Concrete04 material in OpenSees is considered and the

material properties of the un-confined and confined concrete are assigned per Karthik

and Mander [117]. Longitudinal steel reinforcements are modeled with the Steel02

material in OpenSees and the material properties are determined according to Terzic

and Stojadinovic [118]. The expansion hysteresis and fixed hysteresis for the bearings

are modeled as the composite behavior of the elastomeric bearing pad and the steel

dowels with a dowel gap. The only difference between the two types of hysteresis

models is that the dowel gap of the expansion one is much larger than that of the

fixed one. The expansion hysteresis model is assigned to the longitudinal behavior of
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the expansion bearings, and the fixed hysteresis model is assigned to the longitudinal

behavior of the fixed bearings as well as the transverse behavior of the expansion and

fixed bearings. The abutment hysteresis behavior consists of the longitudinal-active

action, longitudinal-passive action and transverse action. The median fundamental

period (T1) of the bridge samples is 0.56 s and the spectral acceleration, Sa(0.56),

is selected as the ground motion intensity measure (IM). Eight EDPs (as shown in

Table 4.1) are recorded.

Figure 4.2 : Schematics of the case study three-span simply-supported highway bridge
(unit: m) and hysteresis models for the major bridge components

4.2.2 Ground Motion Selection for Surrogate Demand Modeling

To generate a ground motion suite consistent with the seismic hazard of the considered

site, the CS-Savg method by Kohrangi et al. [32], which was the best ground motion
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Table 4.1 : Definitions of the EDPs for the case-study MSSS-Con bridge

EDPs Definition Abbreviation
Y1 Column drift ratio (%) Col
Y2 Expansion bearing deformation – Longitudinal (mm) Ebl
Y3 Expansion bearing deformation – Transverse (mm) Ebt
Y4 Fixed bearing deformation – Longitudinal (mm) Fbl
Y5 Fixed bearing deformation – Longitudinal (mm) Fbt
Y6 Abutment deformation – Active (mm) Aba
Y7 Abutment deformation – Passive (mm) Abp
Y8 Abutment deformation – Transverse (mm) Abt

selection alternative at the time of this study, is employed with Savg10(0.1−5s) as the

primary conditioning IM. Further improved multivariate hazard consistency can be

achieved by the proposed MRP-based ground motion selection as shown in Chapter 3.

The period range of 0.1-5 s for the Savg is considered to ensure hazard consistency

over a wide range of spectral periods, considering the potential period elongation of

the bridge samples once the bridge components enter post-yield behaviors. Proba-

bilistic seismic hazard analysis is conducted based on the 2008 USGS hazard model

in OpenQuake [119]. The ground motion prediction equations for the Eastern North

America by Hassani and Atkinson [94] and the Sa correlation model by Baker and

Jayaram [87] are adopted. Detailed implementation of the CS-Savg record selection

method can be found in Kohrangi et al. [32]. In order to cover a wide range of ground

motion intensities, 12 sets of ground motion records corresponding to return periods

ranging from 30 to 105 years are selected from the PEER NGA-West2 database [99].

Each ground motion set contains 30 scaled ground motions, resulting in a total of 360
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ground motion records. Figure 4.3 shows the conditional mean and the mean ±1σ

spectra for the 12 return periods, and the response spectra of the selected individual

ground motion records. The selected ground motion records are then randomly paired

with the bridge samples generated in Section 4.2.1, and nonlinear time history analy-

ses (NLTHAs) are performed in OpenSees on the DesignSafe cyberinfrastructure [98]

(a web-based research and computation platform for the natural hazard engineering

community) to obtain the sample bridge seismic demands as shown in Figure 4.4. The

generated datasets will later be used in the subsequent surrogate demand modeling.

Figure 4.3 : Conditional mean and mean ±1σ spectra for the 12 return periods and
response spectra of the 360 selected ground motion records
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Figure 4.4 : Schematic of the data derivation for surrogate demand modeling

4.3 Results and Discussion

4.3.1 Comparison of the Systematic Trend Models

4.3.1.1 Optimal Tuning Parameter Determination and Predictive Per-

formance Comparison of the systematic trend models via cross-

validation

The model selection (i.e., determination of the optimal model tuning parameters)

and predictive performance comparison of different systematic trend models are con-

ducted via repeated 5-fold cross validation (CV), a typical resampling approach to

evaluate the model predictive performance on unseen data. The 5-fold CV is consid-
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ered primarily to ensure sufficient number of leave-out validation samples, especially

when the sample size is small (e.g., the 360-sample dataset). For the ANN model,

a training-validating-testing data splitting (60%-20%-20%) is considered to comply

with the 5-fold CV. Note that for the ANN and PLSR models, the IM and all the

related structural parameters in Table A.1 are included as the predictors while for

the MvLR model, only the IM is considered as the predictor. The optimal model

tuning parameters are identified via cross-validated grid search based on the total

cross-validated mean squared error (MSE) of all the m EDPs:

MSEtot =
m∑
i=1

MSEYi (4.25)

whereMSEYi denotes the average cross-validated MSE from the repeated CV for the

EDP Yi. The identified optimal tuning parameters for the trend models are listed in

Table 4.2. As the sample size increases, the optimal number of PLS components and

neurons increase for the PLSR and ANN model respectively, suggesting that more

sophisticated nonlinear relationships among the predictors and EDPs are captured.

It should be noted that model tuning of PLSR is very convenient since only one or

two tuning parameters to be determined, and it is also computationally efficient [104].

Moreover, PLSR can be used for feature selection and dimensionality reduction when

facing a large number of predictors [104]. On the other hand, the tuning of ANN

model is more complex and time-consuming in determining the network structures

(e.g., number of hidden layers and number of neurons per layer), training algorithm

and training parameters.
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Table 4.2 : Optimal model tuning parameters for the different systematic trend models

Trend model
Sample size

360 1000 10,000
MvLR1

L-PLSR2 5 comps 11 comps 14 comps
K-PLSR-22 17 comps 16 comps 25 comps
K-PLSR-32 22 comps 23 comps 66 comps
K-PLSR-RBF3 l = 2; 9 comps l = 2; 17 comps l = 2; 29 comps
ANN4 3 neurons; reg = 1e-3 5 neurons; reg = 1e-3 10 neurons; reg = 1e-4

1 No tuning parameter is needed

2 The tuning parameter for the L-PLSR and K-PLSR-2(3) models is the number of PLS com-

ponents (comps)

3 The tuning parameters for the K-PLSR-RBF model are the width factor l and the number

of PLS components (comps)

4 The tuning parameters for the ANN models are the number of neurons in the hidden layer

and the regularization parameter (reg)

The comparison of the cross-validated MSE among the different trend models is

shown in Table 4.3. The last column in Table 4.3 also gives MSEtot across all of

the eight EDPs. In general, the parameterized metamodels (L-PLSR, K-PLSR and

ANN) are found to deliver a much lower MSE level than the MvLR model. As is

mentioned earlier, MvLR only considers the IM as the sole predictor whereas the rest

of the trend models (PLSR and ANN) are parameterized not only on the IM, but also

on the bridge-specific parameters. The additional explanatory power provided by the

bridge-specific parameters is particularly prominent for the bearing and abutment

demands.
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Among L-PLSR, kernel-PLSR (K-PLSR) and ANN, L-PLSR exhibits the highest

MSE level for all the three sample sizes, due its lack of consideration of higher-

order nonlinear interactions among the predictors. Further improvement is witnessed

for the kernel-PLSR models. Particularly, the K-PLSR model with the RBF kernel

demonstrates the best predictive performance among the three K-PLSR models, and

even outperforms the ANN model for the 360- and 1000-sample datasets. The fact

that K-PLSR is able to better handle small sample size and large number of predictors

can be beneficial in cases where each single run of NLTHA is so time consuming that

one cannot afford to generate a sufficiently large dataset. For a sufficiently large

dataset (i.e., the 10,000-sample dataset), the ANN model is able to better capture

the highly nonlinear hysteretic behaviors of the bridge structural components and

demonstrates the best predictive performance.
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Table 4.3 : Cross-validated mean squared error comparison of different
systematic trend models

Trend model Col Ebl Ebt Fbl Fbt Aba Abp Abt Total
360 samples
MvLR 0.05 0.1 0.59 0.21 0.58 0.59 0.27 0.37 2.75
L-PLSR 0.05 0.08 0.56 0.17 0.55 0.27 0.26 0.17 2.11
K-PLSR-2 0.03 0.08 0.43 0.17 0.42 0.13 0.25 0.15 1.65
K-PLSR-3 0.03 0.08 0.43 0.16 0.42 0.13 0.26 0.14 1.65
K-PLSR-RBF 0.04 0.09 0.39 0.12 0.37 0.13 0.24 0.14 1.53
ANN 0.05 0.1 0.4 0.15 0.39 0.16 0.26 0.16 1.67
1000 samples
MvLR 0.06 0.1 0.56 0.2 0.55 0.58 0.29 0.33 2.66
L-PLSR 0.05 0.09 0.53 0.17 0.53 0.26 0.26 0.16 2.06
K-PLSR-2 0.03 0.09 0.42 0.17 0.4 0.12 0.25 0.12 1.61
K-PLSR-3 0.03 0.09 0.42 0.15 0.4 0.12 0.24 0.12 1.57
K-PLSR-RBF 0.03 0.09 0.39 0.14 0.38 0.1 0.22 0.1 1.46
ANN 0.04 0.09 0.38 0.14 0.36 0.12 0.24 0.12 1.49
10,000 samples
MvLR 0.06 0.1 0.57 0.2 0.58 0.57 0.28 0.34 2.7
L-PLSR 0.05 0.09 0.53 0.18 0.55 0.26 0.25 0.16 2.06
K-PLSR-2 0.03 0.08 0.41 0.17 0.42 0.12 0.23 0.11 1.57
K-PLSR-3 0.03 0.08 0.39 0.14 0.4 0.1 0.21 0.1 1.45
K-PLSR-RBF 0.03 0.08 0.36 0.13 0.37 0.1 0.18 0.1 1.34
ANN 0.03 0.08 0.34 0.12 0.35 0.08 0.17 0.09 1.28

4.3.1.2 Predictive Performance Evaluation of MOGP-augmented Trend

Models

In the above section, the predictive performance and the optimal tuning parameters

of different trend models were evaluated via cross-validation. Considering that the

MOGP models return a posterior mean, it is also necessary to examine their predictive

performance. However, cross-validating the MOGP models is not practical due to the
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large computation burden. Instead, the testing performance of the final trend models

(trained using the 1000-sample dataset) on a separate test dataset (the 360-sample

dataset) is compared. For brevity and without loss of generality, only the results of

the MOGP-augmented ANN models are compared herein. The final trend models

are developed using the optimal tuning parameters identified in Table 4.2. The ANN

model augmented by the MOGP models will be referred to as ANN-MOGP, with

the consideration of the SE-ISO and SE-ARD correlation functions and one and

two LMC latent processes (-ISO1, -ISO2, -ARD1, and -ARD2). The test MSEs of

the ANN-MOGP models are compared against that of the benchmark ANN model

as shown in Table 4.4. In general, the difference in the test MSEs is quite small.

Among the four ANN-MOGP models, the ANN-MOGP-ARD2 model demonstrates

the best predictive performance owing to the increased modeling flexibility of the

-ARD2 covariance structure.

Table 4.4 : Comparison of the test MSEs of the ANN-MOGP trend models on
the 360-sample test dataset

Trend model Col Ebl Ebt Fbl Fbt Aba Abp Abt Total
ANN 0.04 0.07 0.34 0.12 0.34 0.09 0.19 0.13 1.31
ANN-MOGP-ISO1 0.03 0.07 0.35 0.12 0.35 0.09 0.19 0.13 1.34
ANN-MOGP-ISO2 0.03 0.07 0.34 0.12 0.34 0.09 0.19 0.12 1.29
ANN-MOGP-ARD1 0.03 0.07 0.35 0.11 0.37 0.08 0.19 0.12 1.32
ANN-MOGP-ARD2 0.03 0.06 0.34 0.11 0.35 0.08 0.18 0.11 1.27
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4.3.2 Comparison of the Error Covariance Models

Section 4.3.1 is mainly concerned with the predictive performance of the trend models.

Here, the error covariance matrices obtained from the three error covariance modeling

strategies (i.e., JPSDM, SCOV and MOGP) are evaluated. Since the development of

the error covariance models relies on the specification of the systematic trend model,

for brevity, the error covariance models are developed based on the final ANN trend

model trained using the 1000-sample dataset.

The error covariance matrices obtained from the JPSDM and SCOV methods

(as shown in Table 4.5 and 4.6) are compared first, since both of them are constant

and are only dependent on the training dataset. As is mentioned before, the SCOV

method is mathematically consistent since it is solely dependent on the regression

residuals, whereas the JPSDMmethod is not due to its adoption of the sample demand

correlations. As a result, although the diagonal terms in the error covariance matrices

are the same, significant difference in the off-diagonal terms are observed between the

two methods. Particularly, the JPSDM method tends to overestimate the off-diagonal

covariance entries, thus leading to stronger correlations between the error terms. Such

discrepancy in the error covariance matrix will further lead to the difference in system

fragility curves as shown in Section 4.3.3.4.

The MOGP models are able to provide sample-specific covariance matrices, where

the predictor information from the queried sample point is utilized. Because of

this sample-specific nature, the average value along with the coefficient of variation
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(C.O.V) of each of the predicted covariance matrix entries for the MOGP models

computed on the 360-sample test dataset are shown in Table 4.7. Without loss of

generality, only the results for the MOGP-ARD2 model are shown herein. It can be

seen that the average covariance matrix is almost identical to the covariance matrix

from the SCOV method (Table 4.6). The C.O.Vs of the covariance matrix entries

are typically below 0.05, suggesting that there is not much sample-specific covariance

variability. This can be attributed to possible model misspecification (e.g., inaccurate

covariance function, violation of the stationarity assumption within the training data),

such that the MOGP models cannot identify any strong spatial correlation [120]. In

other words, only when the queried sample point is within close vicinity of one of

the training sample points will the MOGP models provide more different covariance

estimates. It should be noted that such model misspecifications may be commonly

encountered for high-dimensional datasets and complex nonlinear structural systems

as used in the present study. Specifically, for the case at hand, significant nonlinearity

is observed in the bearing and abutment responses.
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Table 4.5 : Error covariance matrix from the JPSDM
method

Col Ebl Ebt Fbl Fbt Aba Abp Abt
Col 0.04 0.05 0.09 0.06 0.09 0.04 0.07 0.05
Ebl 0.08 0.14 0.09 0.14 0.06 0.11 0.07
Ebt 0.34 0.18 0.32 0.1 0.21 0.14
Fbl 0.12 0.18 0.07 0.13 0.09
Fbt 0.33 0.1 0.21 0.14
Aba Symmetric 0.09 0.1 0.09
Abp 0.19 0.11
Abt 0.11

Table 4.6 : Error covariance matrix from the SCOV
method

Col Ebl Ebt Fbl Fbt Aba Abp Abt
Col 0.04 0.02 0.02 0.02 0.02 0.01 0.03 0.02
Ebl 0.08 0.01 0.05 0.01 0.01 0.07 -0.01
Ebt 0.34 0.02 0.22 0 0.02 0.07
Fbl 0.12 0.02 0.02 0.06 0
Fbt 0.33 0 0.02 0.07
Aba Symmetric 0.09 0.04 0.01
Abp 0.19 0.01
Abt 0.11

Table 4.7 : Average values and coefficients of variation of the error covariance matrix entries from the
MOGP-ARD2 model on the 360-sample test dataset

Col Ebl Ebt Fbl Fbt Aba Abp Abt

Col 0.03 (0.04) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.01 (0.03) 0.03 (0.03) 0.02 (0.04)

Ebl 0.08 (0.02) 0.01 (0.06) 0.04 (0.03) 0.01 (0.05) 0.02 (0.05) 0.06 (0.03) 0.00 (0.26)

Ebt 0.34 (0.02) 0.02 (0.04) 0.22 (0.03) 0.00 (0.15) 0.02 (0.03) 0.07 (0.03)

Fbl 0.12 (0.01) 0.02 (0.03) 0.02 (0.04) 0.06 (0.03) 0.00 (0.07)

Fbt 0.33 (0.02) 0.01 (0.05) 0.02 (0.03) 0.07 (0.03)

Aba Symmetric 0.07 (0.06) 0.04 (0.03) 0.00 (0.85)

Abp 0.19 (0.01) 0.01 (0.04)

Abt 0.09 (0.05)
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4.3.3 Comparison of the System Fragility Curves

In PSRA, system fragility curves are commonly employed tools that provide the

exceedance probability of a certain limit state conditioned on the ground shaking

intensity (IM) for the structural systems. Note that for a multi-response structural

system, the system fragilities are dependent not only on the point estimates but also

on the error covariance modeling of the multivariate EDPs. Therefore, to examine the

accuracy and efficacy of different surrogate demand modeling approaches in actual

PSRA applications, system-level fragility curves obtained from different MvSDMs

as well as the benchmark empirical fragilities of the case-study highway bridge are

compared subsequently.

4.3.3.1 System Fragility Curve Derivation

As for the system fragility generation from MvSDMs, 10,000 LHS bridge samples

are generated considering the bridge parameter uncertainties (Table A.1), and the

associated component demand estimates are obtained using the derived MvSDMs

for each IM level. Next, the component limit states are obtained by comparing

the sampled component demands with the component limit state capacities shown

in Table 4.8. Here, the commonly adopted series system assumption is considered

per [42, 39], where for each limit state, the bridge system failure is triggered by any

one of the component failures. The resulting conditional exceedance probability is

computed as the ratio of the failed cases over the total number of samples for each
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IM level. The above procedures are repeated across a range of IM levels and the final

system fragility curves can be derived.

In order to evaluate the validity of the fragilities simulated using MvSDMs, bench-

mark fragility estimates are also generated directly from a large number of NLTHAs,

although expensive and practically prohibitive for many complex structure and port-

folio applications. By directly using the seismic demands from a large number of

NLTHAs (here, the 10,000-sample dataset is adopted), the benchmark empirical

fragilities can be derived as follows: (1) divide the dataset into multiple bins with

equal number of samples based on the IM level and the mean value of the IM values

within each bin is taken as the representative IM level; (2) the empirical fragilities

are computed as the ratio of the number of failed samples over the total number of

samples within each IM bin.

The component limit state capacities corresponding to the four HAZUS [121] qual-

itative limit states are defined in Table 4.8. The parameterized limit state capacities

for the bridge columns drifts are adopted from Panagiotakos and Fardis [122], and

Berry and Eberhard [123], and the bridge parameters generated from the LHS are con-

sidered. The limit state capacities for the rest of the bridge components are adopted

from Nielson [42]. Note in the present study, only the median limit state capacities

are considered, and uncertainties in these limit state capacities are not incorporated

for illustrative purpose, though in actual applications these uncertainties should also

be considered. The equations for the median limit state capacities (in percentage) of
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the bridge column drift ratio are shown in Equation 4.26-4.29.

Table 4.8 : Summary of the median bridge component limit state
capacities (mm)

EDPs Slight Moderate Extensive Complete

Col Equation 4.26 Equation 4.27 Equation 4.28 Equation 4.29

Ebl 30 100 150 255

Ebt 30 100 150 255

Fbl 30 100 150 255

Fbt 30 100 150 255

Aba 9.75 37.9 77.2 1000

Abp 37 146 1000 1000

Abt 9.75 37.9 77.2 1000

Slight : 100

(
φy
H

3
+ 0.0025

)
, φy = 2.45

fy
DcEs

(4.26)

Moderate :

0.007

(
1 + 2.65

(
H

Dc

)0.43
)

(1− 1.23ALR0.72)

(
1 + 151.94

(
ρl
fy
fc

)0.62
) (4.27)

Extensive :

7.15

(
1 + 0.006

(
H

Dc

)2.45
)

(1− 0.89ALR0.16)

(
1 + 5.39

(
ρl
fy
fc

)0.91
) (4.28)

Complete : 0.9(0.2ALR)f 0.275
c

(
H

Dc

)0.45

1.1

(
100αρt

fys
fc

)
(4.29)

where: H and Dc are the height and diameter of the bridge column, fy and fys are the

yield strength for the longitudinal and transverse steel reinforcement, ρl and ρt are

the longitudinal and transverse steel reinforcement ratio, Es is the elastic modulus of
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the steel reinforcement, ALR = NA/Agfc is the axial load ratio (NA is the axial load

acting on the column, Ag is the cross-sectional area), α is the confinement effectiveness

factor.

4.3.3.2 Influence of Sample Size on System Fragility Curves

The influence of sample size on system fragility estimates is examined herein, since

obtaining the training data via a large number of NLTHAs is usually the most time-

consuming part and a major practical constraint (e.g., lack of sufficient computation

resources) in actual applications. For illustration purpose, the system fragility curves

shown in Figure 4.5 are obtained using the ANN trend model and the SCOV error

covariance model trained on three different sample sizes (360, 1000 and 10,000), and

are compared against the benchmark empirical fragilities. As it can be seen from

Figure 4.5, the benchmark fragility estimates exhibit a certain amount of fluctuations

especially for the higher limit states (i.e., moderate, extensive and complete). This

is due to the sparsity of the IM (Sa(0.56)) samples of the 360 ground motion suite

(Section 4.2.2) within the considered IM range (0 - 1.0 g), especially for the higher

IM range. More confident empirical fragilities and improved MvSDM predictive per-

formance can be expected by further refining the ground motion suite, and leveraging

the newly proposed MRP-based ground motion selection (Chapter 3), where improved

multivariate hazard consistency is enabled. Nevertheless, the empirical fragilities ob-

tained herein can still serve as a reasonable benchmark to qualitatively evaluate the
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validity of the multivariate surrogate demand modeling approaches.

From Figure 4.5, it can be seen that for the ‘slight’, ‘moderate’ and ‘extensive’

limit states, sample size is not showing much influence on the fragility curves. A more

pronounced difference is observed for the ‘complete’ limit state, where the MvSDM

trained on the smaller size dataset (360-sample) tends to overestimate the fragility.

The fragility curves obtained from the 1000- and 10,000-sample datasets align with

the benchmark empirical fragilities very well. From the above observations, a sample

size of 1000 is deemed to be sufficient for an accurate and reliable MvSDM for the

case-study structure. The subsequent sections will thereby be based on the MvSDMs

developed using the 1000-sample dataset. It should be noted that the number of

Monte-Carlo simulations typically involved in PSRA can easily exceed thousands of

times of the sample size required for the training of the MvSDMs. Using MvSDMs

can substantially alleviate the computational burden while maintaining reasonable

demand estimation accuracy.

4.3.3.3 Influence of Systematic TrendModel Selection on System Fragility

Curves

The trend models, namely, MvLR, L-PLSR, K-PLSR-2, K-PLSR-3, K-PLSR-RBF,

and ANN, are trained using the optimal tuning parameters shown in Table 4.2 on

the 1000-sample dataset and the error covariance structure is modeled following the

SCOV method. The comparison of the system fragility curves is shown in Figure 4.6.
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Figure 4.5 : Comparison of the system fragility curves obtained from different sample
sizes

In general, different selection of systematic trend models can result in significant dis-

crepancies in the system fragility estimates. The fragility curves obtained from MvLR

and L-PLSR models are found to deviate the most from the benchmark fragilities.

Improved fragility estimates are observed for the kernel PLSR and ANN models,

particularly for the K-PLSR-RBF and ANN, which exhibit superior predictive per-

formance as shown in Table 4.3.
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Figure 4.6 : Comparison of system fragility curves obtained via different trend models

4.3.3.4 Influence of Error Covariance Model Selection on System Fragility

Curves

The influence of different error covariance modeling strategies (i.e., uncorrelated,

JPSDM, SCOV and MOGP) on the system fragility curves is investigated herein.

For the uncorrelated case, a diagonal model error covariance matrix, with the di-

agonal terms equal to those diagonal entries of the error covariance matrix by the
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constant covariance matrix methods (i.e., JPSDM and SCOV), is considered to rep-

resent the case where model error correlation is ignored. For the MOGP models,

only the results for the -ARD2 model are shown, since the fragility curves obtained

from the -ISO1, -ISO2 and -ARD1 models align very close to those from the SCOV

method. As shown in Figure 4.7, for all the four limit states, the fragility curves

obtained by the SCOV and MOGP-ARD2 models are very close. The JPSDM model

consistently underestimates the fragility compared with the SCOV method. This is

because that the error covariance matrix by the JPSDM model overestimates the

correlations between the error terms (as shown in section 4.3.2). Based on the above

observations and those from the previous sections, it can be concluded that among the

three error covariance modeling strategies, the SCOV method is favored for its math-

ematical consistency, computational efficiency and good match with the benchmark

empirical fragility. While the JPSDM offers reasonable approximation, it introduces

unnecessary bias in the covariance structure. Although the MOGP models are able

to provide sample-specific error covariance, they are computationally very intensive

(in both training and predicting phases), and they typically do not lead to signif-

icantly different results compared with the SCOV method due to potential model

misspecification when dealing with highly nonlinear complex structural systems. Fi-

nally, ignoring the model error correlation (i.e., the uncorrelated case) constantly

overestimates the system fragility.
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Figure 4.7 : Comparison of system fragility curves obtained via different error covari-
ance modeling methods

4.4 Closure

Efficient and accurate joint estimation of structural seismic demands of multi-response

systems is required for accurate and reliable seismic risk assessment. This is because

the damage and losses associated with complex structures is often dictated by the

behavior of multiple diverse components within the system. This chapter advances the
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idea of multivariate seismic surrogate demand modeling for complex multi-response

structural systems, in which a single statistical surrogate model is derived to estimate

multiple response parameters of interest, rather than the need to develop separate

univariate models for each response parameter. Moreover, systematic treatment of

the correlated error terms is explored with the introduction of technically rigorous

and consistent forms.

The multivariate surrogate demand models (MvSDMs) as defined in this chap-

ter are comprised of two major components: (1) a multivariate systematic trend

model providing the point estimates of the demands, and (2) an error covariance

model characterizing the joint distribution of the multivariate model error. Three

major types of trend models including multivariate linear regression (MvLR), partial

least squares regression (PLSR) and artificial neural network (ANN) are considered.

Furthermore, three error covariance modeling strategies are evaluated including one

presented in the literature and two presented for the first time in this study in the

context of probabilistic seismic demand analysis. These include the joint probabilistic

demand model (JPSDM) method, which estimates the covariance based on sample

demand correlations, the sample regression residual covariance (SCOV) method and

the multi-output Gaussian process regression (MOGP) method. To systematically

evaluate these multivariate surrogate demand models for complex structures, a three-

span concrete-girder highway bridge, typical in the Central and Southeastern US, is

selected as a case study. This case-study bridge exhibits complex nonlinear behavior
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under ground excitation, incorporates uncertainties stemming from ground motion,

material and structural parameters, and its system reliability is jointly governed by

multiple component responses. Several key conclusions are drawn from this Chapter.

The predictive performance is first evaluated for the different systematic trend

models. The kernel PLSR (K-PLSR) models and the ANN model are found to sig-

nificantly outperform the MvLR model and the linear PLSR (L-PLSR) model. Par-

ticularly, the K-PLSR model with the radial basis function kernel (K-PLSR-RBF)

demonstrates the best predictive performance among all the trend models for the

small (360-sample) and moderate (1000-sample) sample size; the ANN model shows

the best performance for the large (10,000-sample) sample size. In terms of optimal

model tuning, the PLSR models typically require less tuning parameters, whereas the

ANN model usually requires much more effort in the determination of the network ar-

chitecture, training algorithms and tuning parameters. Moreover, PLSR is relatively

computationally efficient, collinearity robust and shows a good promise in feature

selection and dimensionality reduction when facing high-dimensional datasets. The

difference in trend model predictive performance is found to lead to large discrepan-

cies in system fragility estimates, and may eventually result in inaccurate seismic risk

estimates. Among all the trend models, it is observed that the K-PLSR-RBF and

the ANN models deliver qualitatively superior match with the benchmark empirical

fragilities, although other models such as the K-PLSR models with the 2nd or 3rd

order polynomial kernel offer viable alternatives.
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As for the error covariance models, due to the approximation adopted, the JPSDM

method tends to overestimate the error correlations and underestimates the system

fragility compared with the mathematically more consistent SCOV method. Al-

though the MOGP models are more flexible in covariance structure modeling owing to

the consideration of more hyper-parameters, due to possible model misspecification

(which may be commonly encountered for high-dimensional datasets and complex

structural systems), the MOGP models generally converge to the SCOV method.

Note that the optimization step in MOGP can be computationally quite intensive

due to the Cholesky decomposition especially for large datasets. Therefore, it is con-

cluded that for surrogate demand modeling of complex structural systems, the SCOV

method is a reasonable option in error covariance modeling, for its mathematical

consistency, ease of implementation and computational efficiency, and good agree-

ment with the benchmark fragilities. Overall, the findings of this chapter provide

valuable insights and alternatives in seismic surrogate demand modeling of multi-

response structural systems, which can facilitate more accurate and reliable seismic

risk assessment.
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Chapter 5

Preliminary IM Performance Comparison based on
General SDOF Systems

This chapter is adapted from:
[124] A. Du, J. E. Padgett, and A. Shafieezadeh, “A Posteriori Optimal Intensity Measures for
Probabilistic Seismic Demand Modeling,” Bulletin of Earthquake Engineering, vol. 17, no. 2, pp.
681-706, 2019.

Although the previous chapters address major research gaps related to surrogate de-

mand modeling, there still lacks systematic quantitative methods to guide intensity

measures (IM) selection, which is directly related to both of the seismic hazard anal-

ysis and surrogate demand modeling according to Equation 1.1. As a preliminary

work in tackling the IM selection problem, this chapter conducts an extensive IM

comparative study to holistically evaluate the explanatory power potential, under-

lying mechanisms, and hazard computability of different IM formulations. General

hysteretic single-degree-of-freedom (SDOF) systems are considered as proxies of ac-

tual structures, covering a wide range of structural parameters. The findings of this

chapter offer valuable insights that inform the entropy-based IM selection methods

as will be proposed in Chapter 6 and 7.
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5.1 Ground Motion Intensity Measures

For ease of illustration, IMs adopting the case-specific optimal parameters determined

a posteriori are referred to as the posterior IMs (POS-IMs) while IMs adopting pa-

rameters determined a priori are denoted as the prior IMs (PRI-IMs). The major

difference between POS-IMs and PRI-IMs lies in the way of IM parameter determi-

nation and its stage of selection.

5.1.1 Posterior IMs (POS-IMs)

Several IM formulations, including the peak ground response, spectral acceleration,

and the average spectral acceleration, are considered for the POS-IMs. The notations

of the POS-IMs can be generally expressed as IM(p∗; c), where p∗ denotes the optimal

IM parameters to be optimized, and c denotes the IM parameters with predefined

values (for brevity, c is omitted in later discussions). Take Sa(T ∗; 5%) as an example:

T ∗ denotes the case-specific optimal period and 5% stands for the predefined 5%

damping ratio. Details of the formulations of the studied POS-IMs are listed as

follows:

• Sa(T ∗; 5%): 5%-damped spectral acceleration at the optimal period T ∗. It

becomes the conventional Sa when T ∗ = T1.

• Savg(T ∗;T1, 5%): the geometric mean of multiple 5%-damped spectral acceler-

ations at N logarithmically equally spaced periods T (i)(i = 1 : N) in between

T1 and the optimal period T ∗ as shown in Equation 5.1. Though the number of
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periods N can also be regarded as an IM parameter, in the present study, it is

observed that the IM performance is not sensitive to the selection of N (com-

pared to the period range) and generally converges when N > 5, thus N = 5 is

considered. Savg(T ∗) reduces to the conventional Sa when T ∗ = T1. Note that

though a lower bound period of T1 is usually sufficient for SDOF or first-mode

dominated systems, for multi-degree-of-freedom (MDOF) systems with consid-

erable higher-mode effect, the optimal lower bound period may be less than T1

and can also be considered as an IM parameter to be optimized [57,59].

Savg(T ∗;T1, 5%) =

[
N∏
i=1

Sa(T (i))

]1/N

(5.1)

• PGR(α∗): the peak fractional ground response (originally proposed by Shafieezadeh

et al. [60]) at the optimal α∗:

PGR(α∗) = max
(
|D−α∗t üg(t)|

)
(5.2)

where üg(t) is the ground acceleration time history and D−α
∗

t denotes the frac-

tional order differintegral operator adopting Caputo’s definition [125]. For de-

tailed numerical approximation of the fractional order differintegral operator

the reader may refer to Xue et al. [126]. PGR(α∗) becomes the conventional

PGA, PGV and PGD when α∗ equals to 0, 1 and 2, respectively.

• Sad(α
∗;T1, 5%): spectral acceleration of a fractionally damped SDOF system

(originally proposed by Shafieezadeh et al. [60]) at the optimal α∗. The equation
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of motion of the fractionally damped SDOF system is shown as follows:

mü(t) + c
[
D−α

∗

t u(t)
]

+ ku(t) = p(t) (5.3)

where the fundamental period of this SDOF system equals T1, c takes the same

value as the 5% viscous damping coefficient but the linear viscous dashpot in

the formulation of the conventional Sa is replaced by a fractional order element

(also called “springpot”). Sad(α∗) becomes Sa when α∗ equals to 1.

• Sa(T ∗, ζ∗): spectral acceleration at the optimal period T ∗ and the optimal

damping ratio ζ∗, which is proposed for the first time by this study as an IM

candidate. As mentioned in the introduction, this two-parameter POS-IM is

motivated by past studies on equivalent linearization of hysteretic structures,

where the inelastic seismic response of a structural system is approximated

by the response of an equivalent linear elastic SDOF system with both longer

period and higher damping ratio to account for the effect of period elongation

and increased energy dissipation capacity due to hysteresis. When T ∗ = T1 and

ζ∗ = 5%, Sa(T ∗, ζ∗) becomes Sa.

• Savg(T ∗, ζ∗;T1): the geometric mean of multiple spectral accelerations at the

optimal IM damping ratio ζ∗ and at N (N = 5 in the present study) logarith-

mically equally spaced periods T (i)(i = 1 : N) in between T1 and the optimal

period T ∗. Also, when T ∗ = T1 and ζ∗ = 5%, Savg(T ∗, ζ∗) becomes Sa.

Savg(T ∗, ζ∗;T1) =

[
N∏
i=1

Sa(T (i), ζ∗)

]1/N

(5.4)
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5.1.2 Prior IMs (PRI-IMs)

Based on an extensive literature review of the past IM studies, several PRI-IMs

adopting IM parameters determined a priori are selected for comparison. They are

four well-known conventional IMs, i.e. PGA, PGV , PGD and Sa, which are widely

employed in current practice and two advanced spectral IMs with predefined general-

purpose IM parameters, i.e. SaC [56] and INp [52]. The definitions of the selected

PRI-IMs are listed in Table 5.1.

Table 5.1 : PRI-IMs considered for comparison

PRI-IMs Definition

PGA PGA = max(|üg(t)|)

PGV PGV = max(|u̇g(t)|)

PGD PGA = max(|ug(t)|)

Sa 5%-damped spectral acceleration at the fundamental period T1

SaC SaC = Sa(T1)
[
Sa(2T1)
Sa(T1)

]0.5

INp INp = Sa(T1)(Np)
0.4, Np = Savg(T (1),...,T (N))

Sa(T1)

5.2 Ground Motion Suite Selection and Hysteretic SDOF Sys-

tems

5.2.1 Ground Motion Selection

A general ground motion suite that consists of ground motion records from a large

number of worldwide earthquake events and a wide range of tectonic, seismology and
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geology conditions is compiled in the present study. The selected ground motion

records are extracted from the PEER NGA-West2 strong motion database [99] with

the following selection criteria: (a) the closest distance to rupture (Rrup) less than 80

km; (b) moment magnitude (Mw) ranging from 5.2 to 7.9; (c) recorded on NEHRP

site class C or D; (d) no aftershock record included; (e) PGA (RotD50 value) larger

than 0.03 g; (f) recording instrument located on the free ground or at the lowest level

of lightweight structures; (g) high-pass filter corner frequency less than 0.2Hz and

low-pass filter corner frequency greater than 20Hz. As a result, a total of 154 ground

motion records from 41 worldwide earthquake events are selected. The two horizontal

accelerograms of each record are considered, resulting in a total of 308 accelerograms.

Figure 5.1(a) shows the distance-magnitude distribution of the selected ground motion

records and Figure 5.1(b) shows the pseudo acceleration spectra of the selected ground

motion accelerograms.

5.2.2 Hysteretic SDOF Models

In the present study, the performance of different IMs is evaluated and compared for

systems with a wide range of structural configurations. Hysteretic SDOF systems,

though simple in their formulation, are commonly employed to represent the global

seismic response of real structures and also provide the flexibility of varying a wide

range of structural parameters with computational efficiency. Therefore, hysteretic

SDOF systems are employed herein as proxies of real structural systems to enable
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Figure 5.1 : (a) Distance-magnitude distribution of the selected ground motion
records; (b) individual, median as well as the 25 and 75 percentile pseudo acceleration
spectra of the selected accelerograms

generalized and systematic exploration of IM performance across a broad range of

system parameters. It should be noted that the hysteretic SDOF models adopted

here do not reflect the IM performance on multi-degree-of-freedom (MDOF) systems

with higher mode effects.

A wide range of structural parameters is covered for a comprehensive evaluation

of IM performance across a variety of system configurations. The fundamental period

(T1) ranges from 0.1 s to 4.0 s according to the practical period range of common

structures and the restriction of the corner filter frequencies of the recorded ground

motion records. Three hysteresis models including the elasto-plastic, bilinear and

modified-Clough stiffness-degrading [127] models are employed to characterize various

types of nonlinear force-displacement relationships [128]. Typical force-displacement
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relationships of the three hysteresis models are shown in Figure 5.2. For the latter

two hysteresis models, the post-yield stiffness ratio αs is assumed to be 3%. Strength

degradation is not included. Five levels of inherent damping ratio (ζ0=2%, 5%, 10%,

20% and 30%) are considered. The degree-of-inelasticity is enforced by two metrics,

one is the displacement ductility factor (µd), defined as the ratio of the peak inelastic

displacement under a given ground motion excitation to the yield displacement of

the SDOF system and the other one is the force reduction factor (Rd), defined as the

ratio of the minimal yield strength required for the system to remain elastic under

a given ground motion excitation to the actual yield strength of the system. µd and

Rd ranging from 1 (elastic) to 8 (highly inelastic) are considered. Peak inelastic dis-

placement is selected as the EDP of interest since it is regarded as directly related

to the damage potential of structures [64]. Each SDOF system with specified T1, ζ0,

hysteresis model and degree-of-inelasticity is paired with all the 308 ground motion

accelerograms and the corresponding EDPs are obtained through nonlinear time his-

tory analyses (NLTHAs). The resulting EDPs then serve as important ingredients in

the development of seismic surrogate demand models (SDMs).
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Figure 5.2 : Force-displacement relationships of the considered hysteresis models:
(a) elasto-plastic model; (b) bilinear model; (c) modified-Clough stiffness degrading
model

5.3 Probabilistic Seismic Demand Modeling and a Posteriori

IM Parameter Identification

5.3.1 SDM Formulation

In the present study, the seismic surrogate demand models (SDMs) are formulated

following the commonly adopted “Cloud” analysis procedure [34], where the proba-

bility of an EDP, D, exceeding certain level of demand d conditioned on a specific IM

is assumed to follow a lognormal distribution as shown in Equation 5.5:

P (D > |IM) = 1− Φ

(
ln(d)− ln(D̄)

βD|IM

)
(5.5)

where Φ(·) denotes the standard normal cumulative distribution function, D̄ is the

estimated median value of the EDP and βD|IM is the lognormal standard deviation, or

dispersion. ln(D̄) is commonly expressed as shown in Equation 5.6 and the coefficient

a and b can be obtained via linear least square regression [34].

ln(D̄) = b ln(IM) + ln(a) (5.6)
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The dispersion, βD|IM , is computed as follows:

βD|IM =

√∑(
ln(di)− ln(D̄i)

)2

n− 2
(5.7)

where di is the ith realization of the EDP obtained via NLTHA, D̄i is the median

demand value of the corresponding ground motion, and n is the total number of

NLTHAs performed.

5.3.2 IM Performance Metrics

Here, efficiency and sufficiency are considered to quantify the IM performance. As

mentioned in the introduction, efficiency reflects the level of record-to-record variabil-

ity of the SDM conditioned on the IM, and an efficient IM is commonly characterized

by a low dispersion (βD|IM) level [48]. A sufficient IM should make the demand models

conditionally independent of other ground motion parameters. Traditionally, in the

“Cloud” SDMs, sufficiency is characterized by the p-value of the hypothesis test on the

regression residuals with respect to the ground motion parameters [49,129]. However,

the p-value approach only examines the conditional independence on the other ground

motion parameters in an absolute sense, and such absolute conditional independence

can be hardly achieved by the commonly considered scalar or low-dimensional vector

IMs [130]. In this regard, Jalayer et al. [130] proposed the relative sufficiency mea-

sure (RSM) using the concept of relative entropy to facilitate the relative sufficiency
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comparison between two IMs, which can be approximated according to Equation 5.8:

RSM(IM2, IM1;D) ≈ 1

n

n∑
i=1

log2

βD|IM1 · ϕ
(

ln(di)−ln(D̄IM2,i
)

βD|IM2

)
βD|IM2 · ϕ

(
ln(di)−ln(D̄IM2,i

)

βD|IM1

)
 (5.8)

where RSM(IM2, IM1;D), or in short RSM, quantifies the average information gain

(measured in “bits”) of IM2 over the reference IM1 for a specific EDP, D. A positive

RSM indicates that IM2 is more sufficient than IM1 and a negative RSM suggests that

IM2 is less sufficient than IM1; when RSM equals zero, IM2 and IM1 are regarded

as equally sufficient. ϕ(·) is the standard normal probability density function. For

detailed derivation of RSM, the readers may refer to the work by Jalayer et al. [130].

5.3.3 A Posteriori Optimal IM Parameter Identification

For a given set of structures and ground motion suite, the a posteriori determination of

the optimal IM parameters for a POS-IM formulation consists of the following steps:

(1) select an POS-IM formulation and define the sweeping IM parameter range; (2)

for each set of IM parameters, the corresponding IM values are computed for each of

the ground motion accelerograms within the ground motion suite; (3) a collection of

SDMs conditioned on the POS-IM formulation with different IM parameter set x(i)

are generated using the EDP and POS-IM data derived; (4) among the collection of

SDMs, the IM parameter set that leads to the best SDM predictive performance (e.g.

efficiency) is determined as the case-specific optimal IM parameter set x∗. Though

similar a posteriori optimal IM parameter identification schemes were also adopted by

several past studies on advanced spectral IMs [56,50], they have not yet been widely-
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received as a necessary step in SDMs. Rather, a general-purpose IM parameter set

for the advanced IMs is usually suggested for ease of implementation. Furthermore,

the relative benefits of employing a posteriori optimal IM parameters have yet to be

explored for additional advanced IMs (e.g. the fractional order IMs and the newly

proposed spectral IMs with higher damping) across a range of system parameters.

As will be shown later, the level of performance gain of adopting this posterior SDM

(POS-SDM) approach can be substantial and it is thus suggested that this a posteriori

IM parameter determination subroutine should be incorporated into the SDM practice

to ensure the SDM predictive performance. The considered IM parameter ranges for

the six POS-IM formulations are shown in Table 5.2. For better revelation of how

the optimal period T ∗ varies with respect to T1, the IM period is defined in terms of

the period ratio, T ∗R = T ∗/T1. RSM for the POS-IM adopting the identified optimal

IM parameter set will also be examined to provide additional insight into the IM

sufficiency.

Table 5.2 : Considered IM parameter ranges for the studied POS-
IMs

POS-IMs IM parameter range (interval)

Sa(T ∗) T ∗R = 1.0− 10.0(0.1)

Savg(T ∗) T ∗R = 1.0− 10.0(0.1)

PGR(α∗) α∗ = 0− 2.0(0.05)

Sad(α
∗) α∗ = 0− 2.0(0.05)

Sa(T ∗, ζ∗) T ∗R = 1.0− 10.0(0.1), ζ∗ = 0.02, 0.05− 1.0(0.05)

Savg(T ∗, ζ∗) T ∗R = 1.0− 10.0(0.1), ζ∗ = 0.02, 0.05− 1.0(0.05)
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5.4 IM Comparative Results

5.4.1 Variations of IM Performance with respect to the Fundamental

Period and Degree-of-inelasticity

To reveal how the IM performance varies with respect to the fundamental period

and degree-of-inelasticity of the hysteretic SDOF systems, efficiency and sufficiency

are examined for each IM across a wide range of constant period-inelasticity cases:

(a) the constant T1 − µd case (where the degree-of-inelasticity is defined in terms of

µd); and (b) the constant T1 − Rd case (where the degree-of-inelasticity is defined in

terms of Rd). The corresponding optimal IM parameters of the POS-IMs for each

period-inelasticity case are also inspected for better understanding of the mechanisms

of how the optimal IM parameters change with respect to different cases. For brevity,

the results in this section are based on the bilinear hysteresis model with 5% inherent

damping. The observed trends in general hold for other hysteresis models and inherent

damping levels considered in the present study.

5.4.1.1 Efficiency Comparison

Dispersion comparisons of the IMs for the constant T1 − µd and constant T1 − Rd

case are shown in Table 5.3 and Table 5.4, respectively. Only the results at three

typical periods are shown for conciseness: 0.2 s, 1.0 s, 4.0 s (representing short,

intermediate and long period) and three degrees of inelasticity with µd or Rd = 1.5,

4, 8 (representing low, moderate and high degree-of-inelasticity). Note that similar
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trend is also observed for other period-inelasticity cases that are not listed herein.

The average dispersion level of the 3× 3 = 9 period-inelasticity cases for each IM is

computed for the overall efficiency comparison among the different IMs.

Among the PRI-IMs, both SaC and INp exhibit the lowest average dispersion.

However, it is also observed that there is an efficiency tradeoff between the low and

high inelasticity levels and the advanced spectral IMs typically show inferior efficiency

compared with Sa in the low inelasticity range. Among the one-parameter POS-IMs,

for the two spectral POS-IMs adopting the optimal period T ∗ (Savg(T ∗) and Sa(T ∗)),

T ∗ increases as the degree-of-inelasticity goes up, thus accounting for the effect of

period elongation as reported by [50]. Compared with their conventional counterpart

Sa, they manifest improved efficiency especially for the moderate-to-high inelasticity

range while a low dispersion level in the nearly elastic range is still maintained. In

particular, for Savg(T ∗), introducing spectral information from multiple periods does

help to significantly improve the efficiency compared with Sa(T ∗). For the two FO-

IMs, the optimal α∗ of PGR(α∗) shifts to a higher value as the fundamental period and

degree-of-inelasticity increase, leading to improved efficiency of PGR(α∗) compared

with PGA, PGV and PGD. As for Sad(α∗), the optimal α∗ generally increases and

lies within the range of 1 to 2 as the level of inelasticity goes up. Reduced dispersion

is observed with respect to its conventional counterpart Sa. Detailed discussion of the

underlying mechanisms of PGR(α∗) and Sad(α∗) will be presented in Section 5.4.2.

Overall, Savg(T ∗) ranks first among the one-parameter POS-IMs with 24% and 27.8%
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average dispersion reduction compared with the top PRI-IMs for the constant T1−µd

and the constant T1 −Rd cases, respectively.

For the two-parameter POS-IMs, Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗), both the optimal

period T ∗ and damping ratio ζ∗ increase as the degree-of-inelasticity goes up, thus

accounting for the period elongation as well as the increased energy dissipation ca-

pacity due to inelastic behavior. As a result, compared with the one-parameter POS-

IMs, further efficiency improvement is reported, especially for systems undergoing

moderate-to-high inelasticity. Unlike the case of Sa(T ∗) and Savg(T ∗), Sa(T ∗, ζ∗)

and Savg(T ∗, ζ∗) actually exhibit almost the same level of efficiency, indicating that

using spectral information from multiple periods is less effective in improving the effi-

ciency when the optimal damping ratio ζ∗ is introduced. Among all the compared IMs,

the two-parameter POS-IMs consistently demonstrate the lowest dispersion across all

of the investigated period-inelasticity cases, with 40% and 44.4% average dispersion

reduction compared with the top PRI-IMs for the constant T1−µd and T1−Rd cases,

respectively.

5.4.1.2 Sufficiency Comparison

Comparison of RSM for typical constant T1−µd and constant T1−Rd cases together

with the average RSM are presented in Table 5.5 and Table 5.6. In general, the trend

of sufficiency is quite consistent with that of efficiency, i.e., the more efficient IMs

typically also exhibit higher sufficiency. As for the PRI-IMs, though those advanced
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spectral IMs show higher average RSM than the conventional IMs (PGA, PGV , PGD

and Sa), it is noticed that they are not as sufficient as the reference IM Sa in the low

inelasticity range. In terms of the average RSM, INp and SaC demonstrate the highest

sufficiency, respectively for the constant T1 − µd and constant T1 −Rd cases. Among

the one-parameter POS-IMs, Savg(T ∗) shows the highest sufficiency improvement,

especially in the moderate-to-high inelasticity range. The two-parameter POS-IMs,

Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗), with very close RSM to each other, reveal themselves

to be the most sufficient IMs among all IMs considered, consistently demonstrating

the highest RSM across the whole period-inelasticity range.

5.4.2 Physical Interpretations of PGR(α∗) and Sad(α
∗)

Improved performance is reported in the previous section for the two FO-IMs, PGR(α∗)

and Sad(α∗), compared with their conventional counterparts. However, the underly-

ing mechanisms of the FO-IMs still remains unexplained in the literature. Here, the

physical interpretation of the two FO-IMs is illustrated for the first time to shed light

on their underlying mechanisms.

5.4.2.1 PGR(α∗)

For better understanding of how the optimal α∗ of PGR(α∗) varies with respect to

the fundamental period T1 and degree-of-inelasticity, a contour plot of the optimal

α∗ for the constant T1 − µd case (bilinear model, ζ0 = 5%) is shown in Figure 5.3

as a demonstration. Leveraged by fractional order calculus, a smooth transition of
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PGR(α∗) among PGA (α∗ = 0), PGV (α∗ = 1) and PGD (α∗ = 2) is achieved. It is

also noticed that the optimal α∗ gradually shifts to higher values as the fundamental

period T1 and degree-of-inelasticity increase, which can be interpreted as a mechanism

to account for the effect of period elongation.

Figure 5.3 : Contour plot of the optimal α∗ of PGR(α∗) (bilinear model, constant
T1 − µd case, ζ0 = 5%)

5.4.2.2 Sad(α
∗)

To understand how Sad(α
∗) achieves improved performance compared with its con-

ventional counterpart Sa, let us trace back to its original formulation shown in Equa-

tion 5.3, which represents the stress-strain (σs−εs) relationship of a fractional Kelvin

model (FKM):

σs(t) = kεs(t) + cDα∗

t [εs(t)] (5.9)
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The complex modulus of the FKM system can be derived as follows:

E∗FKM(ω) =

[
k + cωα

∗
cos

(
α∗π

2

)]
+ i

[
cωα

∗
sin

(
α∗π

2

)]
= E

′

FKM(ω) + iE
′′

FKM(ω) (5.10)

where ω denotes the excitation circular frequency. The real part of the complex

modulus is the storage stiffness (or dynamic modulus of elasticity), E ′FKM(ω); and

the imaginary part corresponds to the loss modulus, E ′′FKM(ω), which quantifies the

energy dissipation property. On the other hand, Sa is described by the conventional

Kelvin model (CKM) as shown in Equation 5.11 and the corresponding complex

modulus is expressed in Equation 5.12:

σs(t) = kεs(t) + cε̇s(t) (5.11)

E∗CKM(ω) = k + icω = E
′

CKM(ω) + iE
′′

CKM(ω) (5.12)

The comparison between the two systems can be facilitated by evaluating the

storage modulus ratio RS and the loss modulus ratio RL defined as follows:

RS =
E
′
FKM(ω)

E
′
CKM(ω)

= 1 +
cωα

∗
cos
(
α∗π

2

)
k

(5.13)

RL =
E
′′
FKM(ω)

E
′′
CKM(ω)

= ωα
∗−1 sin

(
α∗π

2

)
(5.14)

For the storage modulus ratio RS, it can be easily seen that for 0 < α∗ < 1, RS is

always greater than 1.0, and RS is less than 1.0 when α∗ is in the range of 1-2. The

variation of the loss modulus ratio RL for different levels of α∗ is shown in Figure 5.4.

For 0 < α∗ < 1, RL is consistently lower than 1.0. For 1 < α∗ < 2, RL is mostly
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larger than 1.0 except in the very low frequency range. Thus, reduced stiffness as

well as increased energy dissipation capacity can be achieved by the FKM system

for 1 < α∗ < 2 (consistent with the optimal α∗ range observed in Section 5.4.1),

explaining why Sad(α∗) exhibits improved efficiency and sufficiency compared with

its conventional counterpart Sa. However, since both the storage modulus and loss

modulus of the FKM system depend on the same IM parameter α∗, Sad(α∗) is unlikely

to capture both of the optimal period T ∗ and damping ratio ζ∗ simultaneously, which

also explains why Sa(T ∗, ζ∗) consistently outperforms Sad(α∗).

Figure 5.4 : Variation of the loss modulus ratio (RL) with respect to excitation
frequency (ω) at different α∗ levels: (a) for α∗ = 0− 1; (b) for α∗ = 1− 2

5.4.3 Influence of Hysteresis Model

The influence of the hysteresis model on IM performance is discussed in this section.

For brevity, the results corresponding to the conventional peak ground response IMs
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(PGA, PGV , PGD) are not shown due to their relatively inferior performance as

can be seen from Section 5.4.1. Comparisons of the average dispersion and RSM of

the remaining IMs for 5%-damped SDOF systems with different hysteresis models

are shown in Figure 5.5 and Figure 5.6, respectively. Similar trends are also observed

for other inherent damping levels with the exception that PGR(α∗) evolves as the

optimal one-parameter POS-IM at the high inherent damping level as will be shown

in Section 5.4.4.

It can be seen that among all the three hysteresis models, the results are generally

consistent with those reported previously. Among the three cases of hysteresis models,

more prominent efficiency and sufficiency improvement is observed for the bilinear

and modified-Clough hysteresis model compared with the elasto-plastic one. This

may be attributed to the fact that the post-yield stiffness ratio αs of the bilinear

and modified-Clough model is positive (αs = 3%) herein while there is less constraint

in the elasto-plastic model where αs = 0. The above observations are also partially

supported by past studies where the nonlinear response of the elasto-plastic model

is found to be generally larger than that of the bilinear and modified-Clough model,

providing an upper bound for general hysteretic behavior with non-dominant strength

deterioration [131,132,133].
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Figure 5.5 : Comparison of the average dispersion of the IMs for different hysteresis
models: (a) the constant T1 − µd case; (b) the constant T1 −Rd case (ζ0 = 5%)

Figure 5.6 : Comparison of the average RSM of the IMs for different hysteresis models:
(a) the constant T1 − µd case; (b) the constant T1 −Rd case (ζ0 = 5%, reference IM:
Sa)

5.4.4 Influence of Inherent Damping Ratio

IM performance for hysteretic SDOF systems with a wide range of inherent damping

ratios (ζ0 = 2%, 5%, 10%, 20% and 30%) is investigated in this section. The commonly
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adopted 5% IM damping ratio is assumed for all of the spectral IMs (Sa, SaC , INp,

Sa(T ∗), Savg(T ∗) and Sad(α∗)) except the two-parameter POS-IMs, Sa(T ∗, ζ∗) and

Savg(T ∗, ζ∗), which employ the case-specific optimal damping ratio. Results in this

section are associated with the bilinear hysteresis model without loss of generality for

the other two hysteresis models considered in the present study.

Variations of the average dispersion and RSM of the IMs with respect to the inher-

ent damping ratio are shown in Figure 5.7 and Figure 5.8. The interrelations between

the IMs are generally consistent with the previous observations, with an exception

that PGR(α∗) shows ever improving performance as the inherent damping ratio in-

creases and evolves to be the optimal one-parameter POS-IM in the high inherent

damping range. Still, the two-parameter POS-IMs, Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗), con-

sistently outperform all the other IMs across the whole inherent damping range, with

ever improving performance as the inherent damping ratio increases.

5.4.5 Generalized IM Comparison

IM performance for constant period-inelasticity cases is evaluated and compared in

the previous sections. However, in actual probabilistic seismic demand modeling of ex-

isting structures, even the same structure may undergo different degrees of inelasticity

under the excitations of different ground motions. Hence, it is also of merit to study

the performance of the IMs under a more general situation where the EDPs used to

develop SDMs exhibit more scattered degree-of-inelasticity. For illustration purposes,
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Figure 5.7 : Comparison of the average dispersion the IMs for different inherent
damping ratio ζ0: (a) the constant T1 − µd case; (b) the constant T1 − Rd case
(bilinear model)

Figure 5.8 : Comparison of the average RSM of the IMs for different inherent damping
ratio ζ0: (a) the constant T1−µd case; (b) the constant T1−Rd case (bilinear model,
reference IM: Sa)

the EDPs corresponding to hysteretic SDOF systems with a fixed fundamental time

period but over a wide range of degree-of-inelasticity are lumped together to generate
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SDMs and this process is repeated for each period. The results are presented for the

lumped-µd case (µd = 2, 4, 6, 8) and the lumped-Rd case (Rd = 2, 4, 6, 8), respectively.

The resulting dispersion and RSM are then referred to as the generalized dispersion

and RSM and are plotted against the fundamental period as shown in Figure 5.9 and

Figure 5.10. Consistent with the base case used in prior analyses, the results in this

section are associated with SDOF systems with the bilinear hysteresis model and 5%

inherent damping.

As for the PRI-IMs, for the lumped-µd case, SaC exhibits the highest efficiency

and sufficiency except in the short period range (T1 = 0.1 − 0.2 s) where SaC is

outperformed by PGA. However, for the lumped-Rd case, PGV demonstrates the

best performance in the short and intermediate period range (T1 = 0.1− 0.6 s) while

SaC is only optimal in the longer period range (T1 > 0.6 s). Among the one-parameter

POS-IMs, PGR(α∗) excels in the short period range (T1 < 0.3 s) while Savg(T ∗)

shows the best performance in the intermediate and long period range (T1 > 0.3 s).

The two-parameter POS-IMs, Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗) are found to consistently

outperform the other IMs across the whole period range for both of the lumped-µd

and lumped-Rd cases.
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Figure 5.9 : Comparison of the generalized dispersion spectra of the IMs for: (a) the
lumped-µd case; (b) the lumped-Rd case (bilinear model, ζ0=5%)

Figure 5.10 : Comparison of the generalized RSM spectra of the IMs for: (a) the
lumped-µd case; (b) the lumped-Rd case (bilinear model, ζ0=5%, reference IM: Sa)

5.4.6 Hazard Computability Discussion

In real applications, the associated probabilistic seismic hazard analyses (PSHA)

should be feasible to be conducted for the IMs of interest, thus posing requirements on
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the hazard computability. Note that in the current PSHA practice, an IM is assumed

to follow a log-normal distribution and the distribution parameters, i.e., the mean

E[ln(IM)] (where E[·] denotes the expectation operator) and the standard devia-

tion σln(IM), are provided by the corresponding ground motion prediction equations

(GMPEs). In this section, hazard computability of the top one-parameter POS-IMs

(Savg(T ∗), PGR(α∗)) and the two-parameter POS-IMs (Sa(T ∗, ζ∗), Savg(T ∗, ζ∗)) is

discussed.

5.4.6.1 Savg(T ∗)

As for Savg(T ∗), the GMPEs of Savg(T ∗) can be derived indirectly via mathematical

manipulations of the existing GMPEs and correlation models of the 5%-damped Sa

as shown in Equation 5.15 and 5.16 [56,24,87].

E [lnSavg(T ∗)] =
1

N

N∑
i=1

E
[
lnSa(T (i))

]
(5.15)

σ2
lnSavg(T ∗) =

1

N2

N∑
i=1

N∑
j=1

ρlnSa(T (i)),lnSa(T (j)) · σlnSa(T (i)) · σlnSa(T (j)) (5.16)

where E[lnSa(T (i))] and σlnSa(T (i)) are the logarithmic mean and standard deviation

provided by the GMPEs of Sa. ρlnSa(T (i)),lnSa(T (j)) is the correlation coefficient between

lnSa(T (i)) and lnSa(T (j)) and several empirical correlation models are available (e.g.

[87,134]).
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5.4.6.2 PGR(α∗)

As for PGR(α∗), the first set of GMPEs was recently proposed by Kale et al. [135] for

active shallow crustal earthquakes in California region to address the lack of GMPEs

for this FO-IM. Still, more GMPEs for other tectonic regions are needed to widen the

applicability of PGR(α∗).

5.4.6.3 Sa(T ∗, ζ∗)

As for Sa(T ∗, ζ∗), GMPEs for Sa at other damping ratios are required and they can be

derived via two approaches (the direct and the indirect method). The direct method

is to directly develop GMPEs for spectral ordinates at multiple discrete damping

ratios though regression analysis (e.g. [136, 137]). On the other hand, the indirect

method (e.g., [138]) derives GMPEs of higher-damped Sa by using the GMPEs of

5%-damped Sa in conjunction with the damping modification factor DMF as shown

in Equation 5.17:

DMF =
Sa(T ∗, ζ∗)

Sa(T ∗)
(5.17)

By assuming DMF is also conditionally log-normally distributed, the indirect method

gives the expressions for the GMPEs of Sa(T ∗, ζ∗) as follows [138]:

E[Sa(T ∗, ζ∗)] = E[lnDMF ] + E[lnSa(T ∗)] (5.18)

σ2
lnSa(T ∗,ζ∗) = σ2

lnDMF + σ2
lnSa(T ∗) + 2ρlnDMF,lnSa(T ∗) · σlnDMF · σlnSa(T ∗) (5.19)

Many empirical DMF models have been proposed by past studies [139, 140, 141,

142,138,143,144] and the majority of them mainly focused on the median estimation
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E[lnDMF ]. To the authors’ knowledge, the study by Rezaeian et al. [138]) is the

only one that provides estimations for E[lnDMF ], σlnDMF , as well as the correlation

coefficient ρlnDMF,lnSa(T ∗). With the three quantities given, the GMPEs of Sa(T ∗, ζ∗)

can thus be fully defined. Moreover, based on the data provided by Rezaeian et

al. [138], it is observed that ignoring σlnDMF (i.e., treating σlnDMF = 0) in fact results

in little influence on the total standard deviation σlnSa(T ∗,ζ∗) especially for T ∗ < 1.5s

and ζ∗ = 5%−30%, since σlnSa(T ∗) is typically the dominant term and ρlnDMF,lnSa(T ∗)

is found to be negative for ζ∗ > 5%. Therefore, as an approximation, one may

also choose to neglect σlnDMF and Equation 5.19 can be simplified to Equation 5.20,

though further research on DMF is still needed to support this simplification.

σlnSa(T ∗,ζ∗) ≈ σlnSa(T ∗) (5.20)

5.4.6.4 Savg(T ∗, ζ∗)

As for Savg(T ∗, ζ∗), by following the similar procedures shown above, the expressions

for the GMPEs of Savg(T ∗, ζ∗) can be obtained as follows:

E[lnSavg(T ∗, ζ∗)] =
1

N
(E[lnDMF (i)] + E[lnSa(T (i)]) (5.21)

σ2
lnSavg(T ∗,ζ∗) =

1

N2

N∑
i=1

N∑
j=1

ρlnDMF (i),lnDMF (j) · σlnDMF (i) · σlnDMF (j)

+
1

N2

N∑
i=1

N∑
j=1

ρlnSa(T (i)),lnSa(T (j)) · σlnSa(T (i)) · σlnSa(T (j))

+
2

N2

N∑
i=1

N∑
j=1

ρlnDMF (i),lnSa(T (j)) · σlnDMF (i) · σlnSa(T (j)) (5.22)
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It can be seen that in the variance calculation of Savg(T ∗, ζ∗), additional cor-

relation coefficients ρlnDMF (i),lnDMF (j) and ρlnDMF (i),lnSa(T (j)) are required. However,

currently there is no available study on the two correlation coefficients and future

study is still needed.

5.5 Closure

In this chapter, a probabilistic seismic demand modeling approach with the optimal

IM parameters determined a posteriori (POS-SDM) is employed to examine and com-

pare the full potential of explanatory power for different IM formulations. A total of

six IM formulations adopting the optimal IM parameters identified a posteriori (i.e.,

POS-IMs) are investigated: (1) four one-parameter POS-IMs including two spectral

IMs with the optimal period T ∗, i.e., the spectral acceleration Sa(T ∗) and the average

spectral acceleration Savg(T ∗) plus two fractional order IMs (FO-IMs) with the op-

timal fractional order α∗, i.e., the peak ground fractional response PGR(α∗) and the

fractionally damped spectral acceleration Sad(α∗); (2) two two-parameter POS-IMs

adopting the optimal period T ∗ as well as the optimal damping ratio ζ∗, i.e., the

spectral acceleration Sa(T ∗, ζ∗) and the average spectral acceleration Savg(T ∗, ζ∗).

A comprehensive comparative study is conducted among the POS-IMs and the IMs

adopting parameters determined a priori (i.e., PRI-IMs) based on general hysteretic

SDOF systems with a wide range of structural configurations.

Substantial performance improvement is observed for the POS-IMs compared with
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their conventional counterparts, revealing the necessity of adopting this POS-SDM

approach to ensure the SDM predictive performance. Sa(T ∗) and Savg(T ∗) achieve

improved performance by adopting the optimal period T ∗ to account for the period

elongation as reported by Vamvatsikos and Cornell [50]. The physical interpretations

of the two FO-IMs, PGR(α∗) and Sad(α∗), are illuminated for the first time, where

PGR(α∗) is found to adapt to the period elongation and Sad(α∗) achieves improved

performance by partially capturing the period elongation as well as the increased

damping owing to the viscoelastic behavior of the fractional order element. As for

Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗), both period elongation and increased energy dissipation

capacity are better captured. Among the one-parameter POS-IMs, Savg(T ∗) exhibits

the most performance improvement for systems with low-to-moderate inherent damp-

ing ratios while PGR(α∗) excels in the high inherent damping range. Particularly for

the two-parameter POS-IMs (Sa(T ∗, ζ∗) and Savg(T ∗, ζ∗), the introduction of the ad-

ditional optimal damping ratio ζ∗ leads to even more performance improvement and

they consistently outperforms all the other IMs. As for the hazard computability,

among the top-ranked POS-IMs, Savg(T ∗) exhibits fairly good hazard computability

with many currently available GMPEs of the 5%-damped Sa as well as correlation

models; The GMPEs of Sa(T ∗, ζ∗) can be obtained either directly from the available

GMPEs for Sa at other damping ratios or by modifying the 5%-damped Sa GMPEs

using damping modification factors. From the above results, it can be seen that the

IM formulations Savg(T ∗) and Sa(T ∗, ζ∗) not only demonstrates superior explanatory
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power but also exhibits fairly good hazard computability potential.
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Chapter 6

Entropy-based Intensity Measure Selection for
Site-specific Probabilistic Seismic Risk Assessment

This chapter is adapted from:
[145] A. Du and J. E. Padgett, “Entropy-based Intensity Measure Selection for Site-specific
Probabilistic Seismic Risk Assessment,” Earthquake Engineering and Structural Dynamics (In
Review).

Based on the preliminary general study on IM evaluation in the previous chapter, it

can be seen that multiple aspects should be taken into account when it comes to IM

selection. However, in many past studies, the efficiency of an IM, which quantifies its

explanatory power within a probabilistic seismic demand model, has been a predomi-

nant IM evaluation criterion. Since PSRA requires convolution of the demand model

and the probabilistic seismic hazard (in the form of IM), selecting IM solely based

on efficiency ignores the influence of uncertainty propagated from the ground motion

prediction equations (GMPEs), which is also dependent on the IMs, and may lead to

biased IM selection. In this chapter, the concept of joint entropy from information

theory is introduced to quantify the uncertainty of unconditional multivariate seis-

mic demands for general multi-response structural systems, offering the first holistic

consideration of different sources of uncertainties. Accordingly, this chapter propose
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a novel entropy-based IM evaluation criterion that can serve as the basis for IM

selection, and develop practical frameworks to facilitate the implementation of the

entropy-based IM selection in site-specific PSRA. The merit of the proposed entropy-

based IM selection methodology is demonstrated, and the influence of IM selection

on demand entropy and loss estimation in site-specific PSRA is evaluated based on

two case-study highway bridges.

6.1 Considered Ground Motion Intensity Measures

Ground motion intensity measures (IMs) are metrics that quantify the level of ground

excitation intensity of a site. Over the past decades, many IMs have been proposed

and studied. Since the proposed entropy-based IM selection approach (Section 6.2) in

this chapter requires the hazard computability of the IMs, only those IM formulations

with GMPEs either readily-available (e.g., PGA, PGV and Sa) or able to be derived

via mathematical manipulations of the available GMPEs and correlation models (e.g.,

average spectral acceleration and vector spectral acceleration), are considered. The

IMs included in this study are listed in Table 6.1, although the proposed entropy-based

IM selection method can be applied to other IMs not constrained to this list. The first

five IMs, i.e., peak ground acceleration (PGA), peak ground velocity (PGV ), and the

5%-damped Sa at three different spectral periods (0.2 s, 0.5 s, 1.0 s, and 2.0 s), are

selected as they represent the commonly available IM selections (i.e., peak ground

responses and spectral accelerations), and they are herein referred to as the prior-
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IMs (PRI-IMs) since they adopt prescribed IM parameters. The second category of

IMs are referred to as the posterior-IMs (POS-IMs), where the IM parameters (i.e.,

the spectral periods denoted with asterisk) in the POS-IMs are determined based on

a certain IM evaluation criterion. In the present study, a newly proposed entropy-

based IM evaluation criterion is employed, as will be introduced in the next section.

Three general POS-IM formulations are considered, including the conventional 5%-

damped spectral acceleration (Sa∗); the average spectral acceleration (Savg∗), which

is reported with improved explanatory power by many past studies [56,50,58,59,32],

and the vector spectral acceleration (Sa∗), with further potential in improving the

demand model predictive performance [18]. Note that in theory, arbitrary lower

and upper spectral periods can be considered for the two POS-IMs, Savg∗ and Sa∗.

However, this will introduce one additional dimension in the optimal IM parameter

identification (Section 6.2), thus increasing the computational expenses. Instead, for

simplicity, the lower period is set to be 20% of the upper period, which still enables

these IMs with sufficient flexibility to consider a wide range of spectral periods. Based

on a sensitivity study, the number of spectral periods is set to be five for Savg∗ and

three for Sa∗. Further increase of the number of periods does not provide much

additional benefit but will rather increase the computational burden.
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Table 6.1 : List of ground motion intensity measures considered

IM Abbreviation Definition

Prior-IMs (PRI-IMs)
PGA − Peak ground acceleration (unit: g)
PGV − Peak ground velocity (unit: cm/s)
Sa(0.2) − 5%-damped spectral acceleration at 0.2 s (unit: g)
Sa(0.5) − 5%-damped spectral acceleration at 0.5 s (unit: g)
Sa(1.0) − 5%-damped spectral acceleration at 1.0 s (unit: g)
Sa(2.0) − 5%-damped spectral acceleration at 2.0 s (unit: g)
Posterior-IMs (POS-IMs)
Sa(T ∗) Sa∗ 5%-damped spectral acceleration at the spectral period T ∗

(unit: g)
Savg5(0.2T

∗, T ∗) Savg∗ Average spectral acceleration, defined as the geometric mean
of Sa at 5 logarithmically equally spaced spectral periods in
between 0.2T ∗ and T ∗

Sa3(0.2T
∗, T ∗) Sa∗ A vector of Sa at 3 logarithmically equally spaced spectral

periods in between 0.2T ∗ and T ∗

6.2 Entropy-based IM Selection Methodology for Site-specific

PSRA

This section introduces an uncertainty quantification method for multivariate data

based on the concept of entropy in information theory. Then, a new entropy-based IM

evaluation criterion is proposed. This IM evaluation criterion will then be employed

in an entropy-based optimal IM parameter identification framework for POS-IMs.

6.2.1 A New Entropy-based IM Evaluation Criterion

In information theory, entropy measures the average information required to describe

a random variable and is used as a measure of uncertainty [146]. The entropy of a
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continuous random variable (RV), Z, is defined as follows [146]:

h(Z) = −
∫
f(z) log2 f(z)dz (6.1)

where f(·) denotes the probability density function and the entropy h(·) is measured

in bits. More generally, for multiple continuous RVs, Z1, Z2, . . . , Zd, their joint entropy

can be calculated as follows [146]:

h(Z1, Z2, ..., Zd) = −
∫
f(z1, z2, ..., zd) log2 f(z1, z2, ..., zd)dz1dz2 · · · dzd (6.2)

The higher the entropy, the larger uncertainty is present in the RVs. In fact, the

concept of entropy has been adopted by several past studies in the field of earthquake

engineering, but the application is restricted to IM sufficiency evaluation [130, 147]

and sensitivity analysis [148]. In this study, joint entropy is employed to quantify the

uncertainty of multivariate data including scalar or vector IMs, multivariate surrogate

demand model errors and unconditional multivariate seismic demands. Accordingly,

a new IM evaluation criterion is proposed, which is based on the joint entropy of

multivariate seismic demands (in short demand entropy) for general multi-response

structural systems under a specific scenario earthquake (SE). An optimal IM should

thus be the one that leads to the lowest demand entropy. The demand entropy serves

as the basis not only for the optimal IM parameter identification of a given POS-IM,

but also for the IM performance comparison across different IM formulations. De-

tailed information of how the joint entropy can be calculated for multivariate random

variables is provided in Appendix B.
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6.2.2 Entropy-based Optimal IM Parameter Identification for a Given

Scenario Earthquake

Given that the GMPEs of many state-of-the-art IMs are typically dependent on the

magnitude (M), source-to-site distance (R), site condition (VS30) and fault mecha-

nisms, an entropy-based optimal IM parameter identification framework for POS-IMs

is first proposed in the context of scenario-specific PSRA (as shown in Figure 6.1). In

this case, an individual structure subjected to a given scenario earthquake (SE) is of

interest. This framework also provides the basis for optimal IM parameter identifica-

tion of POS-IMs in the more general fully-stochastic PSRA (as will be introduced in

Section 6.2.3), where an individual structure exposed to a large number of SEs from

a stochastic earthquake catalog is considered.

• Step 1: Scenario earthquake determination and data preparation

The determination of a scenario earthquake (SE) can be based on historical

earthquakes, a stochastic earthquake catalog, or the mean deaggregated event

of a return period (which can be obtained from site-specific PSHA). Next, a

database of nonlinear time history analyses (NLTHAs) should be generated for

later seismic surrogate demand modeling (Step 3 in Figure 6.1). Specifically,

structural finite element models (FEMs) should be established and an experi-

mental design should be conducted if structural parameter uncertainties are con-

sidered; a suite of hazard-consistent ground motion records should be selected

as the seismic inputs; the selected ground motion records are then randomly
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Figure 6.1 : Flowchart of the entropy-based optimal IM parameter identification
framework for scenario-specific PSRA

paired with the FEM samples and nonlinear time history analyses (NLTHAs)

are performed to obtain the seismic demand data. Detailed implementation is

illustrated in Section 6.3.

• Step 2: Determination of POS-IM formulation and sweeping param-

eter range

In Step 2, a POS-IM formulation along with the associated sweeping IM pa-

rameter ranges should be specified. A wide range of IM parameter selections of

the considered POS-IMs are considered (as shown in Table 6.2) to ensure the
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minimum demand entropy point can be identified. IM values for the POS-IM

with different IM parameter selections are then computed for the correspond-

ing ground motion suite. Next, scenario-specific probabilistic seismic demand

analysis will be conducted to generate the unconditional seismic demands (as

will be shown in Step 3 - Step 5), based on the considered POS-IM formulation

with each of the IM parameter selections.

Table 6.2 : Considered IM parameter ranges for the POS-IMs

IM IM parameter range

Sa(T ∗) T ∗/T1 = [0.2, 0.4, 0.6, 0.8, 1, 1.25, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 6, 7, 8, 9, 10]

Savg5(0.2T ∗, T ∗) T ∗/T1 = [1, 1.25, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 6, 7, 8, 9, 10]

Sa3(0.2T ∗, T ∗) T ∗/T1 = [1, 1.25, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 6, 7, 8, 9, 10]

T1 : median fundamental period of the bridge samples

• Step 3: Multivariate seismic surrogate demand modeling

Although the proposed framework does not preclude other alternative MvSDM

forms, following the results from Chapter 4, the combination of the second-order

polynomial kernel partial least squares regression (KPLSR-2) for the median re-

sponse hypersurface characterization in conjunction with the sample regression

residual covariance (SCOV) method for the modeling error quantification is

adopted herein for its good balance in between modeling accuracy and com-

putational efficiency. Moreover, KPLSR is collinearity robust [45], which is

favorable when multiple correlated predictors are considered, and KPLSR also
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goes well with the proposed IM parameter screening scheme since only one

hyper-parameter, the number of partial least squares (PLS) components, can

be identified via cross-validation in an automated fashion.

• Step 4: IM distribution derivation

As is mentioned in the introduction, closed-form uncertainty quantification for

parameterized nonlinear multivariate surrogate demand models is generally not

available. Alternatively, a fully Monte Carlo-based approach is adopted, where

random IM realizations are first generated and then the associated unconditional

seismic demand estimates are simulated. Next, the joint demand entropy is

calculated using the simulated seismic demands. Therefore, the probability

distribution of the IM should be first derived for the given earthquake scenario

(M , R, VS30 and etc.). For simple scalar IMs, such as PGA, PGV and Sa, their

GMPEs are readily available and the IM distribution can be obtained according

to Equation 3.8. And for a vector of spectral accelerations, the corresponding

distribution can be referred to Equation 3.10 and 3.11. For the average spectral

acceleration (Savg∗), some mathematical manipulations of the Sa GMPEs and

correlation models are required to derive its probability distribution. Recall that

Savg is defined as the geometric mean of multiple Sa, and in the logarithmic

space can be expressed as follows:

lnSavgN(T ∗1 , T
∗
2 ) =

1

N

N∑
i=1

lnSa(T (i)) (6.3)

which is the summation of N normal random variables. Therefore, it is also
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normally distributed, with mean and standard deviation expressed as follows:

µSavg =
1

N

N∑
i=1

µi, σSavg =
1

N

√√√√ N∑
i=1

N∑
j=1

ρijσiσj (6.4)

where µi denotes the GMPE mean of lnSa(T (i)); σi and σj denote the GMPE

standard deviations of lnSa(T (i)) and lnSa(T (j)); ρij is the correlation coeffi-

cient between lnSa(T (i)) and lnSa(T (j)), which can be obtained via empirical

correlation models (e.g., [86, 87]).

• Step 5: Unconditional seismic demand simulation and demand en-

tropy calculation

In this step, a large number of IM realizations are randomly generated from

the IM distribution derived in Step 4. Although in the present study, only a

single GMPE is considered, the proposed framework can also consider the epis-

temic uncertainties of multiple GMPEs via the commonly adopted logic-tree

approach. The simulated IM realizations along with other random structural-

related predictor realizations (generated via the Latin Hypercube Sampling as

shown in Section 6.3.1) are then employed as the inputs to the MvSDMs de-

veloped in Step 3 to generate the unconditional multivariate seismic demand

realizations. Note that the IM should be kept consistent throughout Step 3 to

Step 5, as implied by the risk integral in Equation 1.1. Next, the joint entropy of

the sample seismic demands is obtained via the kNN-based entropy estimator.

• Step 6: Entropy-based optimal IM parameter identification
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According to the entropy-based IM evaluation criterion, the optimal IM pa-

rameters are identified as those leading to the least demand entropy for the

given scenario earthquake (SE). It should be noted that this framework can not

only help identify the optimal IM parameters and evaluate the demand entropy

performance of POS-IMs, it can also examine the performance of PRI-IMs by

simply fixing the sweeping IM parameters to the prescribed IM parameters.

Overall, the proposed methodology shares much in common with past studies

on efficiency-based optimal IM parameter identification. What differentiates

our proposed approach is that now a more holistic evaluation criterion, i.e.,

the demand entropy, is considered instead of the marginal criterion, efficiency.

Although within the proposed approach, scenario-specific probabilistic seismic

demand analysis via Monte Carlo simulation needs to be performed for a POS-

IM with different IM parameters, the computational burden is contained within

a reasonable range for the following reasons: (1) the considered POS-IM formu-

lations (Sa∗, Savg∗ and Sa∗) can be easily computed and only one IM param-

eter needs to be identified; (2) the development of the multivariate surrogate

demand models is very computationally efficient and can be achieved in an auto-

mated fashion. Moreover, the computation time for the demand sampling using

the trained MvSDMs is almost negligible; (3) the additional computations are

mostly related to post-processing, thus no additional time-consuming nonlinear

time history analysis is required. Overall, the whole post-processing is very
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computationally efficient and can be finished within reasonable computation

time. The proposed framework can be further leveraged by parallel-computing

using high performance computational resources.

6.2.3 Implementation of the Entropy-based Optimal IM Parameter Iden-

tification in Fully-Stochastic PSRA

In fully-stochastic PSRA, a large number of stochastic SEs from a stochastic earth-

quake catalog are included and scenario-specific PSRA should be performed for each

of the stochastic SEs in order to derive the full probability distributions of the de-

mands, damages and decision variables. Since the aforementioned entropy-based IM

parameter identification approach is scenario-specific, though feasible, it would be

overly time-consuming and cumbersome if this process is repeated for each of the

stochastic SEs. Instead, the following heuristics (as shown in Figure 6.2) are pro-

posed to facilitate the practical application of the proposed entropy-based approach

in the context of fully-stochastic PSRA. First, a suite of representative SEs (RSEs)

that cover the M − R space of the stochastic earthquake catalog are identified as

will be illustrated in Section 6.5.2. Second, for a specific POS-IM formulation, the

scenario-specific entropy-based IM parameter identification scheme is performed for

the suite of RSEs. Next, for each stochastic SE, the nearest-neighbor algorithm [149]

is employed to identify the closest RSE based on M and R. Finally, scenario-specific

PSRA is conducted for each stochastic SE adopting the POS-IM with the optimal IM
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parameters associated with its nearest RSE. One major simplification incorporated in

the above heuristics is that for each stochastic SE, the POS-IM with IM parameters

corresponding to the closest RSE is considered in the scenario-specific PSRA. This

simplification is deemed reasonable based on a sensitivity check where it is observed

that a relatively small number of RSEs can already lead to very good convergence in

the seismic risk estimates.

Figure 6.2 : Flowchart of the fully-stochastic PSRA using the entropy-based optimal
IMs
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6.3 Case-study Structures and Seismic Hazard Characteriza-

tion

To demonstrate the efficacy of the proposed entropy-based IM selection methodology,

two highway bridges including one 3-span simply-supported concrete girder bridge,

and one 3-span continuous steel girder bridge, which are typical non-seismically de-

signed highway bridges prior to 1990 in the Central and Southeastern US (CSUS)

region, are considered for the case-study. The case-study bridges are assumed to be

located at a hypothetical site (35.2◦N, 89.9◦W) in Memphis, TN, where the seismic

hazard is dominated by infrequent but high-consequence events from the New Madrid

seismic zone. The bridge configurations are adopted from Nielson [42] as shown in

Figure 6.3. The span length is 24.4 m and 30.3 m, for the concrete girder bridge and

the steel girder bridge, respectively. The deck width for both bridges is 15 m. In fact,

the concrete girder bridge is the same as the case-study bridge in Chapter 4.

Figure 6.3 : Schematics of the case-study highway bridges (unit: m): (a) 3-span
simply-supported concrete girder bridge; (b) 3-span continuous steel girder bridge
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6.3.1 Experimental Design and Finite Element Modeling

Except for the given geometric dimensions of the case-study bridges shown in Fig-

ure 6.3, uncertainties in other bridge structural parameters are considered accord-

ing to Table A.1. These structural parameters along with the one of the eight IMs

in Table 6.1 are employed as the predictors, x, in the surrogate demand model-

ing (Step 3 in Section 6.2.2). The number of structural-related predictors are 13

and 15 for the MSSS-Con and the MSC-Steel bridge, respectively. For each of the

two case-study bridges, 1000 bridge samples are generated via the Latin Hypercube

Sampling (LHS) technique to consider the structural parameter uncertainties. Pa-

rameterized OpenSees [115] 3-D finite element models used in this study are modified

from Kameshwar et al. [116]. The median fundamental period (T1) is 0.56 s for the

concrete girder bridge samples, and is 0.33 s for the steel girder bridge samples. A

total of six EDPs (as shown in Table 6.3) are considered. Note that the column drift

ratio, expansion- and fixed- bearing deformations are taken as the geometric mean of

the longitudinal and transverse demands.

Table 6.3 : Definitions of the EDPs for the case-study bridges

EDPs Definition Abbreviation
Y1 Column drift ratio (%) Col
Y2 Expansion bearing deformation (mm) Ex-brg
Y3 Fixed bearing deformation (mm) Fx-brg
Y4 Abutment deformation – Active (mm) Aba
Y5 Abutment deformation – Passive (mm) Abp
Y6 Abutment deformation – Transverse (mm) Abt
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6.3.2 Probabilistic Seismic Hazard Analysis and Ground Motion Selec-

tion

For the site of interest, based on the 2008 USGS hazard model [93] in OpenQuake [84],

a stochastic earthquake catalog (in total 8499 scenario earthquakes) is generated via

Monte Carlo simulations considering 4000 replicates of 50-year investigation time in-

cluding all the potential ruptures with RJB up to 250 km. The fault mechanism is

assumed to be strike-slip for these stochastic scenarios. Probabilistic seismic hazard

analysis (PSHA) is then conducted for the IM Savg10(0.1, 5) (consistent with the

primary conditioning IM used for the subsequent Conditional Spectrum record selec-

tion). The GMPEs for the Eastern North America by Hassani and Atkinson [94] and

the empirical correlation model by Baker and Jayaram [87] are adopted. VS30 = 260

m/s is assumed for the considered site. The hazard curve for Savg10(0.1, 5) is shown

in Figure 6.4.

Considering that in the present study, the seismic risk estimates obtained by using

different IMs will be compared, the selected ground motion suite for the surrogate

demand modeling should be consistent with the site-specific seismic hazard and should

also be consistent with a wide range of IMs. To this end, the CS-Savg ground motion

selection method by Kohrangi et al. [32] is considered. It should be noted that the

proposed entropy-based IM selection framework does not preclude, and will in fact

benefit from, the introduction of more advanced record selection methods that are able

to further improve hazard-consistency over a vector of IMs (e.g., the newly proposed
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Figure 6.4 : Site-specific hazard curve for Savg10(0.1, 5)

MRP-based ground motion selection as shown in Chapter 3).

The hazard-consistent ground motion suite selected in Section 4.2.2, via the above

mentioned CS-Savg ground motion selection method conditioned on Savg10(0.1, 5).

Note that the fundamental periods of the bridge samples vary over a wide period

range (from 0.2 s to 0.8 s) rather than being constant, due to the structural param-

eter uncertainties in generating the random bridge samples. Moreover, under high

intensity ground excitations, the bridges may also experience significant period elon-

gation once the bridge components (especially the bearings) enter post-yield behavior.

Therefore, a wide period range (0.1-5 s) was considered for the conditioning Savg. As

a result, 12 sets of ground motion records corresponding to 12 mean deaggregated

scenario earthquakes (MDSEs) with return periods (Tr) ranging from 30 to 105 years

(as shown in Table 6.4) were selected. Each ground motion set contains 30 scaled
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ground motions, thus leading to a total of 360 ground motion records. Each of the

1000 bridge samples generated in Section 6.3.1 is randomly paired with one of the 360

ground motion records, and a total of 1000 nonlinear time history analyses (NLTHAs)

are performed in OpenSees to obtain the sample bridge seismic demands for each of

the two case study bridges.

Table 6.4 : Summary of the mean deaggregated scenario earthquakes (MDSEs) corresponding
to the 12 return periods for the considered site

MDSE 1 2 3 4 5 6 7 8 9 10 11 12
Tr (yr) 30 55 98 224 475 975 2475 4975 1e4 2e4 5e4 1e5
Mw 5.7 5.9 6.3 6.8 7.2 7.4 7.5 7.5 7.5 7.5 7.4 7.4
RJB 140 122 107 82 63 57 54 52 51 49 46 44
ε 0.3 0.4 0.5 0.6 0.7 1.0 1.4 1.7 2.0 2.2 2.5 2.7
Savg10(0.1, 5) (g) 0.01 0.01 0.03 0.06 0.12 0.20 0.30 0.38 0.47 0.56 0.70 0.81

6.3.3 Component Limit State Capacities and Repair Cost Model

To enable the examination of the seismic damage and loss estimates of the case-study

bridges given the simulated seismic demands, bridge limit states and the associated re-

pair cost need to be determined. Here, median component limit state capacities for the

two case-study bridges are shown in Table 6.5 as per Panagiotakos and Fardis [122],

Berry and Eberhard [123], and Nielson [42]. Note that the uncertainty in the limit

state capacities is not considered since the main focus of this study is on the influence

of IM selection. To link the component-level damage states to the system-level repair

cost, one conventional approach is to follow the series-system assumption to determine

the system-level damage state and then assign the corresponding damage ratio and
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cost [42,11]. However, the series-system assumption may be overly simplified to rep-

resent complex structures such as the highway bridges, and cannot consider different

repair actions. Based on a web-based survey done by Padgett and DesRoches [150],

Ghosh and Padgett [151] developed a probabilistic repair model for highway bridge

structures, which is able to incorporate multiple repair actions and the associated

repair costs given the component limit states, without resorting to the series-system

assumption. Therefore, this bridge repair model is adopted in the present study and

the repair costs of the repair actions are updated to the year of 2019. Double counting

of the repair costs is avoided and the total repair cost shall not exceed that of the

most extreme case where the whole bridge is demolished and rebuilt.

Table 6.5 : Summary of the median component limit state capacities

EDPs Slight Moderate Extensive Complete
Col Equation 4.26 Equation 4.27 Equation 4.28 Equation 4.29

Elastomeric bearings (mm)
Exp-brg 30 100 150 255
Fxd-brg 30 100 150 255
Steel bearings (mm)
Exp-brg 30 100 150 255
Fxd-brg 6 20 40 255
Abutments (mm)
Aba 9.75 37.9 77.2 1000
Abp 37 146 1000 1000
Abt 9.75 37.9 77.2 1000
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6.4 Demand Entropy Comparison and the Interaction between

IM Uncertainty and IM Efficiency

Following the workflow shown in Section 6.2.2, the demand entropies for the aforemen-

tioned 12 MDSEs obtained by using one of the nine IMs (in Table 6.1) are compared

in Table 6.6 and 6.7, for the two case-study bridges, respectively. It can be seen

that the PRI-IMs (i.e., PGA, PGV , Sa(0.2), Sa(0.5), Sa(1.0), and Sa(2.0)), which

adopt prescribed IM parameters, generally exhibit higher demand entropy than those

POS-IMs. Among the three POS-IMs, Sa∗ exhibits the highest entropy level; Savg∗

consistently delivers the lowest demand entropy among all the compared IMs for both

case-study bridges and for all the 12 MDSEs, thus revealing itself to be the optimal

IM formulation based on the entropy-based IM evaluation criterion. Given that vec-

tor IMs are usually found to deliver better efficiency [50,52,18], which is also observed

here in the present study, it may be natural to presume that the demand estimates

provided by vector IMs should also be more confident. However, as observed herein,

this is not the case. It may be quite counter-intuitive to notice that the scalar IM

Savg∗ consistently outperform the vector IM Sa∗ with a lower level of demand en-

tropy. Detailed examination of the uncertainty propagation using different IMs will

be illustrated subsequently.
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Table 6.6 : Demand entropy comparison of different IMs for the 12 mean deaggregated
scenario earthquakes for the concrete girder bridge (bold figures indicate the lowest demand
entropy)

MDSE 1 2 3 4 5 6 7 8 9 10 11 12
PRI-IMs
PGA 6.26 6.28 6.29 6.33 6.42 6.45 6.47 6.44 6.46 6.46 6.41 6.46
PGV 5.55 5.45 5.35 5.29 5.32 5.36 5.36 5.36 5.38 5.37 5.35 5.37
Sa(0.2) 6.28 6.17 6.18 6.19 6.17 6.15 6.16 6.15 6.18 6.17 6.14 6.18
Sa(0.5) 5.28 5.13 5.02 5.05 5.07 5.11 5.12 5.10 5.13 5.10 5.13 5.12
Sa(1.0) 4.99 4.87 4.85 4.89 4.99 5.05 5.10 5.05 5.10 5.10 5.07 5.09
Sa(2.0) 5.26 5.16 5.13 5.14 5.29 5.33 5.33 5.33 5.34 5.39 5.35 5.39
POS-IMs
Sa∗ 4.98 4.84 4.80 4.86 4.95 4.96 4.98 5.01 5.00 5.00 5.03 5.00
Savg∗ 4.69 4.51 4.48 4.57 4.68 4.76 4.75 4.80 4.77 4.81 4.82 4.82
Sa∗ 5.04 4.79 4.72 4.76 4.87 4.96 4.96 4.97 4.96 4.99 4.99 4.99

Table 6.7 : Demand entropy comparison of different IMs for the 12 mean deaggregated
scenario earthquakes for the steel girder bridge (bold figures indicate the lowest demand
entropy)

MDSE 1 2 3 4 5 6 7 8 9 10 11 12
PRI-IMs
PGA 7.94 7.83 7.73 7.60 7.57 7.58 7.58 7.57 7.58 7.56 7.57 7.57
PGV 7.35 7.21 6.95 6.83 6.75 6.7 6.69 6.7 6.68 6.69 6.68 6.67
Sa(0.2) 8.02 7.85 7.76 7.67 7.63 7.60 7.61 7.64 7.62 7.63 7.62 7.63
Sa(0.5) 6.60 6.42 6.29 6.26 6.26 6.26 6.28 6.27 6.27 6.27 6.28 6.30
Sa(1.0) 6.47 6.27 6.11 6.09 6.13 6.16 6.17 6.18 6.18 6.19 6.18 6.20
Sa(2.0) 6.86 6.71 6.53 6.49 6.53 6.55 6.55 6.56 6.57 6.58 6.57 6.56
POS-IMs
Sa∗ 6.39 6.21 6.06 6.04 6.08 6.11 6.12 6.15 6.14 6.10 6.13 6.14
Savg∗ 6.06 5.89 5.74 5.78 5.82 5.85 5.88 5.87 5.90 5.88 5.89 5.89
Sa∗ 6.49 6.24 6.05 6.00 6.02 6.05 6.04 6.04 6.05 6.05 6.06 6.03

Next, this study proceeds to examine the relative roles of different sources of un-

certainties in uncertainty propagation, and investigate how they interact with each

other and how they influence the unconditional demand entropy. In general, two
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types of uncertainties, aleatory uncertainty and epistemic uncertainty exist in prob-

abilistic seismic risk assessment. Aleatory uncertainty refers to the intrinsic and

natural randomness of the parameters or the processes, whereas epistemic uncer-

tainty emerges from the imperfect mathematical or simulation models in representing

and approximating the complex real world phenomena [152]. Considering that the

multivariate surrogate demand modeling approach adopted in the present study has

been previously tested and defended as shown in Chapter 4, and a hazard-consistent

ground motion suite is employed, it is reasonable to assume that the MvSDM can ad-

equately characterize the seismic demands without introducing significant epistemic

uncertainty. Also, since a single GMPE is considered, the epistemic uncertainty in

the GMPEs is not considered (though the logic tree approach can be conveniently

incorporated in the framework when needed). The remaining two major sources of

uncertainties come from the aleatory uncertainties from the predictors, x, and the

MvSDM errors, ε (see Equation 4.1). Moreover, among the set of predictors, the

IM is usually the predominant predictor in demand models [39] and the seismic haz-

ard dictated by the IM is usually a major source of uncertainty in PSRA [153, 32].

Therefore,the IM uncertainty, MvSDM error uncertainty (i.e., efficiency), and the

uncertainty of the resulting unconditional seismic demands are compared herein to

demonstrate the interaction between IM uncertainty and IM efficiency. Since the IMs

and MvSDM errors are assumed to be normally distributed in the logarithmic space,

their entropies can be conveniently calculated using the analytical solution shown
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in Equation B.1. The entropy of the simulated unconditional seismic demands is

estimated using the previously mentioned kNN-based estimator (Equation B.2).

Without loss of generality, entropy variation with respect to the selection of IM

parameters for the three POS-IMs (Sa∗, Savg∗ and Sa∗) is shown in Figure 6.5 (for

the concrete girder bridge under MDSE-5) and in Figure 6.6 (for the steel girder

bridge under MDSE-7). The lowest entropy points are indicated by circular mark-

ers and the minimum entropy levels are also provided. Clearly, due to the presence

of non-constant IM uncertainty, which is quite common in the state-of-the-art GM-

PEs, the optimal IM parameters identified solely based on efficiency (i.e., the lowest

MvSDM error entropy) do not necessarily lead to the lowest demand entropy. On

the other hand, the optimal IM parameters identified by the entropy-based approach

generally lie somewhere in between the IM parameters that minimize the IM entropy

or the MvSDM error entropy. Therefore, the proposed entropy-based approach can

more comprehensively consider and balance the contributions from different sources

of uncertainties, thus achieving more confident IM parameter identification. Among

the three POS-IMs, it is observed that Savg∗ overall provides the lowest level of IM

entropy, while Sa∗ leads to the highest IM entropy due to the inclusion of the ad-

ditional vector elements. When it comes to efficiency, as expected, the vector IM

Sa∗ indeed exhibits the lowest MvSDM error entropy (i.e., the best efficiency), and

Savg∗ ranks second with moderately low MvSDM error entropy. However, in terms

of the final unconditional demand entropy, Savg∗ consistently outperforms Sa∗ and
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demonstrates the lowest demand entropy level among all the three POS-IMs. This

is especially phenomenal for the case of the steel girder bridge, where prominent effi-

ciency improvement is witnessed for Sa∗ but it still leads to higher demand entropy

than Savg∗. The reason why the vector IM Sa∗ fails to outperform Savg∗ is that

the efficiency gain is largely counteracted by the additional IM uncertainty it brings

about. The average spectral acceleration, Savg∗, reveals itself to be the best IM

formulation among the IMs compared in this study. Note that the reduction in the

overall uncertainty (i.e., the joint entropy) of the multivariate EDPs does not neces-

sarily guarantee that the marginal uncertainty of any of the individual EDPs is also

decreasing. In cases where the joint entropy reduces while the marginal uncertainty of

several individual EDPs increases, which is most likely to happen when the EDPs are

sensitive to drastically different spectral regions but a scalar IM is employed, using

scalar averaging IMs (e.g., Savg∗) or vector IMs (e.g., Sa∗) may potentially remedy

this issue. Additionally, if some of the EDPs are considered to be more influential

to the structural system’s damages and losses, the joint demand entropy calculation

can also be implemented in a weighted approach, by assigning different weights to

different EDPs.
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Figure 6.5 : Entropy variation with respect to IM parameter selection for the three
POS-IMs (concrete girder bridge, MDSE-5)

Figure 6.6 : Entropy variation with respect to IM parameter selection for the three
POS-IMs (steel girder bridge, MDSE-7)
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6.5 Influence of IM Selection on Loss Estimates in Site-specific

PSRA

To demonstrate how IM selection can influence the risk estimates of PSRA, direct

repair cost is considered herein as the decision variable, though other measures such

as indirect economic loss, closure time and casualty can also be adopted. The loss risk

estimates obtained by using different IMs are compared in the context of scenario-

specific PSRA and fully-stochastic PSRA, respectively.

6.5.1 Influence of IM Selection on Scenario-specific PSRA

Scenario-specific PSRA is commonly considered when a specific SE is of interest.

It also serves as a fundamental component in fully-stochastic PSRA, where a large

number of SEs from a stochastic earthquake catalog are included. In scenario-specific

PSRA, probabilistic seismic demand analysis (as shown in Step 3-Step 5 in Sec-

tion 6.2.2) based on one of the eight IMs in Table 6.1, should be first conducted

to generate the unconditional seismic demand realizations. Next, the corresponding

component limit states, repair strategies and repair cost are determined based on the

component limit state capacities and repair cost model mentioned in Section 6.3.3.

Again, the 12 MDSEs are considered and 30,000 Monte Carlo simulations are per-

formed for each of the MDSEs. The resulting loss estimates are normalized by the

total replacement cost of the bridges so that they all lie within 0 to 1, and are thereby

referred to as loss ratios in the subsequent discussions. Without loss of generality,
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loss risk curves obtained by using different IMs are shown in Figure 6.7 for the con-

crete girder bridge under MDSE-5, and for the steel girder bridge under MDSE-7.

At the first glance, even if hazard-consistent ground motion selection is performed,

different IM selection can still lead to drastically different risk estimates (due to the

discrepancy in IM explanatory power and GMPE aleatory uncertainty), and may con-

sequently affect decision making. The proposed IM selection methodology provides a

holistic and quantitative judgment on the IM performance based on the joint entropy

of the unconditional seismic demands. Specifically, the loss risk curves obtained via

the POS-IMs, which adopt the entropy-based optimal IM parameters, are much more

consistent than those via the PRI-IMs. Since the POS-IM, Savg∗, consistently de-

livers the lowest demand entropy for all the MDSEs among all the IMs considered

(as shown in Section 6.4), it is reasonable to consider its loss estimates as the most

reliable and confident.

6.5.2 Influence of IM Selection on Fully-stochastic PSRA

For the fully-stochastic PSRA, stochastic SEs with RJB > 200 km are removed to

avoid potential extrapolation in the MvSDMs, since the selected ground motion suite

did not sufficiently cover such small ground motion intensities. The removal of these

large-distance events will not pose significant influence on the final risk estimates. As a

result, 6361 out of the original 8499 stochastic SEs in the stochastic earthquake catalog

are included. As is mentioned in Section 6.2.3, in order to reduce the computational



164

Figure 6.7 : Comparison of loss risk curves obtained by using different IMs in scenario-
specific PSRA of the (a) concrete girder bridge under MDSE-5; (b) steel girder bridge
under MDSE-7

burden, the scenario-specific entropy-based IM parameter identification scheme is

applied to a suite of representative SEs (RSEs) rather than to the whole stochastic

earthquake catalog. For the case at hand, RSEs are generated at a set of grid points

inside the M −R space of the stochastic earthquake catalog, and a total of 37 RSEs

are selected (Figure 6.8). The number of RSEs is determined based on a sensitivity

study, which is found to provide satisfactory convergence in the seismic risk estimates.

The application of the heuristics introduced in Section 6.2.3 significantly reduces

the number of replicates of the entropy-based IM parameter identification scheme

(from potentially several thousands to only 37). Again, Savg∗ consistently delivers

the lowest demand entropy among the three POS-IMs for all the 37 RSEs thus its

risk estimates are regarded as the benchmark. For each of the stochastic SEs in the
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Figure 6.8 : Magnitude-distance distribution of the stochastic SEs and the represen-
tative SEs

stochastic earthquake catalog, a scenario-specific PSRA (with 1000 Monte Carlo simu-

lations) is conducted by adopting the POS-IMs with the entropy-based IM parameters

corresponding to the nearest RSE. The resulting loss risk curves obtained by using

one of the nine IMs in Table 6.1 are shown in Figure 6.9, which again highlight the

necessity of a careful IM selection as different IMs may lead to significantly different

seismic risk estimates. The proposed entropy-based IM selection methodology offers

a more rational IM selection alternative owing to its capability in comprehensively

considering multiple sources of uncertainties, thus endowing the POS-IMs the ability

to deliver much more consistent and confident risk estimates than the PRI-IMs.
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Figure 6.9 : Comparison of loss risk curves obtained by using different IMs in the
fully-stochastic PSRA of the (a) concrete girder bridge; (b) steel girder bridge

6.6 Closure

Ground motion intensity measure (IM) selection is an important step in site-specific

probabilistic seismic risk assessment (PSRA). In this chapter, the concept of joint

entropy from information theory is introduced to quantify the level of uncertainty of

multivariate seismic demands for general multi-response structural systems. A new

entropy-based IM evaluation criterion is proposed, which can be used to serve as the

basis for optimal IM parameter identification for a specific IM formulation, as well

as for IM performance comparison in general. Practical frameworks are proposed

to incorporate the entropy-based IM evaluation criterion in scenario-specific PSRA,

where a single scenario earthquake (SE) is of interest, and in fully-stochastic PSRA,

where a stochastic earthquake catalog is considered. Two categories of IMs are con-
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sidered in the comparative study. The first IM category is referred to as the prior-IMs

(PRI-IMs), which adopt prescribed IM parameters. Six common PRI-IMs are consid-

ered including peak ground acceleration (PGA), peak ground velocity (PGV ), and

the 5%-damped spectral acceleration at three prescribed periods (Sa(0.2), Sa(0.5),

Sa(1.0), and Sa(2.0)). The second IM category is referred to as posterior-IMs (POS-

IMs), where optimal IM parameters identified based on the proposed entropy-based

criterion are employed. Three general POS-IM formulations are considered, including

the 5%-damped spectral acceleration (Sa∗), the average spectral acceleration (Savg∗),

and the vector spectral acceleration (Sa∗). The merit of the proposed entropy-based

IM evaluation criterion is demonstrated and the influence of IM selection in PSRA is

examined based on two case-study highway bridges.

The demand entropies obtained by using different IMs are first compared for the

two case-study bridges based on 12 mean deaggregated scenario earthquakes covering

a wide range of return periods. The result suggests that the proposed entropy-based

IM evaluation criterion can better consider the uncertainty contributions from the IM

and the conditional seismic demand model compared to the conventional efficiency-

based approach. The PRI-IMs generally result in higher demand entropy than those

POS-IMs. Among the three POS-IMs, Savg∗ consistently delivers the lowest demand

entropy, revealing itself to be the optimal IM based on the proposed entropy-based

IM evaluation criterion. Although the vector IM Sa∗ demonstrates the best IM effi-

ciency in terms of conditional seismic demand prediction, the efficiency gain is largely
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counteracted by the increased IM uncertainty due to the inclusion of the additional

vector elements. On the other hand, Savg∗ exhibits the lowest IM uncertainty and

moderately good IM efficiency, which explains why Savg∗ is consistently delivering

the lowest demand entropy.

The influence of IM selection on repair cost (in short loss) estimates is then demon-

strated in the context of scenario-specific PSRA, where a specific scenario earthquake

(SE) is of interest, as well as in fully-stochastic PSRA, where a large number of

stochastic SEs from a stochastic earthquake catalog are considered. To facilitate the

applicability of the proposed entropy-based optimal IM identification scheme in fully-

stochastic PSRA, this study proposes a heuristic approach by adopting the nearest-

neighbor algorithm to vastly reduce the computational burden while maintaining

satisfactory accuracy. According to the results, different IM selection may lead to

significantly different seismic risk estimates and a careful IM selection is still neces-

sary in PSRA. The proposed entropy-based IM selection methodology offers a more

rational way owing to the capability in comprehensively considering multiple sources

of uncertainties, and can lead to much more consistent and confident seismic risk

estimates.
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Chapter 7

Toward Confident Regional Seismic Risk Assessment
of Spatially Distributed Structural Portfolios via

Entropy-based IM Selection

This chapter is adapted from:
[154] A. Du, J. E. Padgett, and A. Shafieezadeh, “Influence of Intensity Measure Selection on
Simulation-based Regional Seismic Risk Assessment,” Earthquake Spectra, 2020 (Online).
[155] A. Du and J. E. Padgett, “Toward Confident Regional Seismic Risk Assessment of Spatially
Distributed Structural Portfolios via Entropy-based IM Selection,” Bulletin of Earthquake
Engineering (In Review).

To facilitate more confident regional probabilistic seismic risk assessment (RSRA)

of spatially distributed structural portfolios, this chapter further extends applicabil-

ity of the site-specific entropy-based IM selection methodology shown in Chapter 6,

along with a co-simulation method to enable the regional hazard computability of

advanced general spectral averaging IMs. The efficacy of the proposed methodology

is demonstrated along with practical heuristics for alleviating the computational bur-

den, based on a hypothetical highway bridge portfolio. Different application cases in

the context of RSRA are considered, including pre-event RSRA considering a single

scenario-earthquake as well as a stochastic earthquake catalog, and post-event RSRA

considering record updating.
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7.1 Entropy-based IM Selection Methodology for RSRA

This section introduces the detailed theoretical background and formulation of the

proposed entropy-based IM selection methodology for RSRA.

7.1.1 Ground Motion Intensity Measures

Despite the wide variety of IMs proposed over the past decades, the present study

focuses on those IMs with readily-available co-simulation computability, which is a

prerequisite of the proposed entropy-based IM selection methodology. The IMs con-

sidered in this study are shown in Table 6.1. Five Prior-IMs (PRI-IMs) are considered,

including the peak ground acceleration (PGA, assigned with a spectral period of 0.01

s) and the 5%-damped Sa at a specific period (0.2 s, 0.5 s, 1.0 s, 2.0 s). Three general

POS-IM formulations are considered, including the conventional 5%-damped spectral

acceleration (Sa∗); the average spectral acceleration (Savg∗); and the vector spectral

acceleration (Sa∗).

7.1.2 Entropy-based IM Selection for Scenario-specific RSRA

In Chapter 6, a new entropy-based IM selection approach for site-specific probabilistic

seismic risk assessment (PSRA) of a given individual structure is proposed, where the

uncertainty (i.e., joint entropy) of the resulting unconditional demands after convo-

luting the seismic hazard and demand model is employed to quantitatively evaluate

the performance of an IM, and the optimal IM is selected by minimizing the joint
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entropy of the unconditional demands. This is the first IM approach to holistically

integrate multiple sources of uncertainties, including the GMPEs, structural parame-

ters, and surrogate demand model, into the IM selection process. This entropy-based

IM selection methodology has been proven to be effective in providing more confident

seismic risk estimates in site-specific PSRA, and provides the basis for the proposed

regional-level entropy-based IM selection in the present study. However, in regional-

level IM selection, a portfolio of structures instead of a single structure are involved,

and the spatially correlated IM random field rather than the IM at an individual

site should be considered, thus introducing additional uncertainties and complexity

to the IM selection problem. In order to expand the applicability of the site-specific

entropy-based IM selection approach to RSRA, in the present study, the spatially

distributed structures belonging to the same structural class are first conceptualized

as an integrated multi-response structural system, where the EDPs of this integrated

system are the combination of the EDPs of all the individual structures, as shown in

Figure 7.1.

Next, for a specific POS-IM formulation, class-level optimal IM parameters are

selected using the proposed entropy-based regional-level IM selection approach. Since

the simulation-based RSRA is typically performed at a scenario-specific basis, the

entropy-based IM selection methodology to identify the optimal IM parameters of a

given POS-IM for scenario-specific RSRA is introduced first as shown in Figure 7.2,

including the following major steps:
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Figure 7.1 : Schematic of the relationship between the spatially distributed structures
and the integrated structural system (Yi,j denotes the jth EDP of the ith structure)

• Data preparation (Step 1)

First of all, the data required for the IM selection methodology should be as-

sembled, including acquisition of the information (e.g., location, structural type,

geometries) of the spatially distributed structural portfolio; specifying the con-

sidered scenario earthquake (SE); uncertain structural parameter characteriza-

tion; design of experiments via the Latin Hypercube Sampling (LHS) to generate

random structure samples; hazard-consistent ground motion selection and cal-

culation of the associated IM values; finite element modeling; and generation of
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Figure 7.2 : Flowchart of the entropy-based class-level IM selection methodology for
a specific POS-IM formulation in scenario-specific RSRA

sample demand data via nonlinear time history analyses (NLTHAs).

• MvSDM development (Step 2)

Based on the sample demand data, parameterized MvSDM conditioned on the

POS-IM along with other structural related parameters is generated.

• IM co-simulation (Step 3)

Spatial IM random field realizations are then generated via Monte-Carlo sim-

ulations following the IM co-simulation procedures for the considered SE (see

Section 3).

• Unconditional seismic demand simulation (Step 4)

For uncertainty propagation of the structural parameters, random structural
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parameter realizations are generated via LHS. The structural parameters to-

gether with the simulated IM realizations from the previous step then serve

as the inputs to the MvSDMs to generate demand realizations for each of the

individual structures.

• Joint demand entropy calculation (Step 5)

Joint entropy of the combined EDP vector of the integrated system is calcu-

lated using the kNN entropy estimator (Equation B.2), based on the demand

realizations in Step 4. Since the EDPs within each individual structure are

correlated (within-structure correlation) and the IM random field is spatially

correlated (between-structure correlation), the combined EDP vector of the in-

tegrated system is also correlated. The adaptation of joint entropy in estimating

the amount of information (or the level of uncertainty) of the combined EDP

vector allows explicit consideration of the within- and between-structure corre-

lations.

• Optimal IM parameter identification (Step 6)

Step 2-5 are repeated for all the sweeping IM parameters. The IM parameter

candidate that leads to the lowest joint demand entropy is identified as the

optimal one for the considered POS-IM formulation.

Note that although the above mentioned methodology is developed mainly for the

optimal IM parameter identification of POS-IMs, it can also be employed to evaluate
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the performance (i.e., joint unconditional demand entropy) of PRI-IMs adopting pre-

scribed IM parameters, which can be viewed as a special case of POS-IMs. Compared

with the site-specific entropy-based IM selection approach in Chapter 6, the major

generalization of the proposed regional-level entropy-based IM selection methodology

is that it can further accommodate spatially distributed structures by regarding them

as an integrated multi-response structural system and by leveraging IM co-simulation

to generate the spatially correlated IM random field. The proposed entropy-based IM

selection method is based on Monte-Carlo simulations to generate the unconditional

seismic demands, and is thereby able to holistically consider multiple sources of un-

certainty including the spatial IM random field, random structural parameters, and

demand model errors, along the course of RSRA.

7.1.3 Entropy-based IM Selection for Fully-stochastic RSRA

The previous subsection illustrates the entropy-based IM selection methodology for

scenario-specific RSRA. However, in fully-stochastic RSRA where a stochastic earth-

quake catalog including all the potential SEs related to the studied region is con-

sidered, though feasible, it would be redundant to repeat the scenario-specific IM

selection procedure for each of the stochastic SEs. Here, the heuristics employed in

Section 6.2.3 are adopted to simplify this IM identification process in fully-stochastic

RSRA. As shown in Figure 7.3, first, a reference site (e.g., the centroid point) of the

studied region is selected, and a reduced set of representative SEs (RSEs) covering
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the entire M − R (with respect to the reference site) space of the stochastic earth-

quake catalog are identified; for a specific POS-IM formulation, the scenario-specific

IM selection (Section 7.1.2) is conducted for the RSEs; next, scenario-specific RSRA

is conducted for each of the stochastic SEs, with the POS-IM adopting the optimal

IM parameters identified for the nearest neighbor RSE; finally, by summarizing the

results of the scenario-specific RSRA for all the stochastic SEs, the full probabilistic

distribution of the regional seismic risk estimates can be obtained.

Figure 7.3 : Flowchart of the implementation of the entropy-based IM selection
methodology in fully-stochastic RSRA
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7.2 Co-simulation of Spatial IM Random Field

One of the major improvements or generalizations of the proposed regional-level

entropy-based IM selection methodology is the incorporation of IM co-simulation

to consider the spatial correlation of the IM random field. The functional form of

typical modern GMPEs of an IM can generally be expressed as follows:

ln IM = ln IM + τ η̃ + ψξ̃ (7.1)

where ln IM , τ , and ψ denote the median estimate, inter-event residual standard

deviation and intra-event residual standard deviation, and they are usually functions

of the IM, magnitude (M), source to site distance (R), average seismic shear-wave

velocity (VS30), or fault mechanisms. Note that the standard deviation of the total

residual can be expressed as: σ =
√
τ 2 + ψ2. η̃ and ξ̃ denote the normalized inter-

event and intra-event residuals, which are independent with each other and follow a

zero mean univariate normal distribution. When it comes to the co-simulation of IMs

at multiple spatially distributed sites, it is well-received that the inter-event residuals

are cross-correlated and the intra-event residuals are spatially cross-correlated [69,

87,134]. Therefore, proper characterization of the correlation structures of the inter-

and intra- event residuals is crucial in ensuring accurate representation of the ground

motion intensity across the spatially distributed sites.

To the best of the author’s knowledge, Sa is currently the only IM with all of

the necessary input models (i.e., GMPEs and correlation models for the inter- and

intra- event residuals) for co-simulation. However, co-simulation methods are gener-
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ally lacking for other IMs, especially those advanced IMs that have been shown to

exhibit improved explanatory power. Instead of directly developing all of the needed

input models from scratch, this study strives to make use of the currently available

models of Sa to indirectly derive a co-simulation method for vector IMs with the spec-

tral averaging form, Savg. Savg is defined as the geometric mean of Sa at multiple

periods, thereby incorporates the spectral information of multiple periods in a fairly

condensed form and achieves improved explanatory power [56, 50]. In this section,

the co-simulation method general Savg vector IMs is illustrated, which provide the

flexibility to adapt to different scalar or vector IMs in the form of Sa or Savg. Con-

sider ns spatially distributed structure sites, with each site i adopting an arbitrary

vector IM:

Savgi = {Savg(k)
i } (k = 1 : Ni) (7.2)

Savg
(k)
i =

NT
(k)
i∏

j=1

Sa
(k)
i,j

1/NT
(k)
i

(7.3)

where: Ni denotes the vector length of Savgi; Sa
(k)
i,j is the kth element of Savg(k)

i ;

NT
(k)
i denotes the jth Sa for Savg(k)

i ; NT (k)
i denotes the number of spectral peri-

ods of Savg(k)
i . These ns IMs are then arranged into a stacked IM vector IM1 =[

ln Savg1, ln Savg2, ..., ln Savgns

]
. Also consider nr spatially distributed seismic sta-

tions, with the recording at each station represented by a same vector IM:

Savgr = {Savg(k)
r } (k = 1 : Nr) (7.4)

Savg(k)
r =

NT
(k)
r∏

j=1

Sa
(k)
r,j

1/NT
(k)
r

(7.5)
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where: Nr denotes the vector length of Savgr; NTr denotes the number of spectral

periods of each Savg element of Savgr. Similarly, the nr vector IMs can be arranged

into a stacked IM vector IM2 = [ln Savgr, ln Savgr, ..., ln Savgr]. Since the spatial

IM random field (in logarithmic space) can be treated as multivariate normal [85], the

key steps for the co-simulation of the structure site IM vector, IM1, is to derive the

median estimates as well as the residual covariance matrix. It should be noted that

although the same class-level IM is assigned to structures of the same structural class

in the proposed entropy-based IM selection method, the IM co-simulation approach

introduced herein is able to jointly accommodate different IMs at different sites while

reserving the spatial covariance structure. This flexibility enables RSRA of a spatially

distributed structural portfolio including multiple structural classes, where different

structural classes may adopt distinct IMs.

7.2.1 IM Co-simulation without Record Updating

For the case without record updating, the median estimates of IM1 can be obtained

as follows:

IM1 =
[
ln Savg1, ln Savg2, ..., ln Savgns

]
(7.6)

ln Savgi =

 1

NT
(k)
i

NT
(k)
i∑

j=1

lnSa
(k)

i,j

 , (k = 1 : Ni) (7.7)
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The total residual covariance matrix of IM1 can be obtained as follows:

Σ11 =



COV11 COV12 · · · COV1ns

COV21 COV22
...

... . . . ...

COVns1 · · · · · · COVnsns


(7.8)

where COVij denotes the covariance matrix of the total residuals between the IM

vectors of site i and j (i.e., Savgi and Savgj), and the (k1, k2) entry of COVij can

be calculated as follows:

COVij(k1, k2) = COVinter
ij (k1, k2) + COVintra

ij (k1, k2) (7.9)

COVinter
ij (k1, k2) =

1

NT
(k1)
i NT

(k2)
j

NT
(k1)
i∑

p=1

NT
(k2)
j∑

q=1

(
τ

(k1)
i,p τ

(k2)
j,q ρinter

(
Sa

(k1)
i,p , Sa

(k2)
j,q

))
(7.10)

COVintra
ij (k1, k2) =

1

NT
(k1)
i NT

(k2)
j

NT
(k1)
i∑

p=1

NT
(k2)
j∑

q=1

(
ψ

(k1)
i,p ψ

(k2)
j,q ρintra

(
Sa

(k1)
i,p , Sa

(k2)
j,q ; ∆i,j

))
(7.11)

where τ (k1)
i,p (τ

(k2)
j,q ) and ψ(k1)

i,p (ψ
(k2)
j,q ) respectively denote the inter- and intra-event stan-

dard deviations of Sa(k1)
i,p (Sa

(k2)
j,q ); ρinter is the inter-event residual correlation coef-

ficient and is computed according to Goda and Atkinson [134]; ρintra denotes the

intra-event residual correlation coefficient, and is computed according to Loth and

Baker [156]. Also note that ρintra is also a function of the separation distance (∆i,j)

between the two sites; The GMPE for the Central and Eastern US by Hassani and

Atkinson [94] is adopted in this study.
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7.2.2 IM Co-simulation with Record Updating, and Mutual Information

of Spatial IM Random Field

When record updating is considered, the IMs at the structure sites and the seis-

mic station sites jointly follow a multivariate normal distribution. The posterior

(or conditional) distribution of the structure site IMs (IM1) after updating the IMs

of the recordings (IM2) at the seismic stations is also multivariate normal, i.e.,

IM1|IM2 ∼ N(µ∗,Σ∗), with the posterior mean and total residual covariance matrix

shown as follows:

µ∗ = IM1 + Σ12Σ
−1
22

(
im2 − IM2

)
(7.12)

Σ∗ = Σ11 −Σ12Σ
−1
22 Σ21 (7.13)

where im2 denotes the actual recordings at the seismic stations in the form of IM2;

Σ12(Σ21) denote the total residual covariance matrices between IM1 and IM2, Σ22

denotes the total residual covariance matrix of IM2. Note that IM2 and the above

covariance matrices can be similarly derived following the procedures shown in sec-

tion 7.2.1.

As is mentioned in Appedix B, uncertainty of the spatial IM random field can

be quantified by means of joint entropy (Equation B.1). Additionally, mutual infor-

mation (I), a concept closely related to joint entropy in information theory, can be

employed to quantify the uncertainty reduction of a set of random variables due to

the knowledge of extra information [146]. In the present study, the mutual informa-

tion of the IM random field is leveraged to quantify the uncertainty reduction of the
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spatial IM random field due to record updating as shown in Equation 7.14, which is

the joint entropy difference between the un-updated IM random field and the updated

IM random field. The introduction of mutual information can effectively allow the

comparison of the level of uncertainty reduction due to different selection of updating

IMs as will be demonstrated in Section 7.6.1.

I(IM1; IM2) = h(IM1)− h(IM1|IM2) (7.14)

7.3 Case-study Highway Bridge Portfolio

To demonstrate the efficacy of the proposed entropy-based regional-level IM selec-

tion methodology as well as the influence of IM selection on regional seismic risk

estimates, a hypothetical highway bridge portfolio located in Shelby County, Ten-

nessee, USA, is considered for the case-study. For illustrative purpose, two dominant

highway bridge classes in this region, including the multi-span simply-supported con-

crete girder bridge class (MSSS-Concrete, 203 bridges), and the multi-span contin-

uous steel girder bridge class (MSC-Steel, 57 bridges), are considered. The bridge

information is extracted from the National Bridge Inventory Data [157]. The infor-

mation of the ten seismic stations within the studied region is obtained from the Cen-

ter for Earthquake Research and Information (CERI) at the University of Memphis

(https://www.memphis.edu/ceri/). The spatial distribution of the bridge portfolio

and the seismic stations is shown in Figure 7.4.
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Figure 7.4 : Spatial distribution of the hypothetical highway bridge portfolio, theMw

7.7 epicenter, and seismic stations of the studied region

7.3.1 Regional Seismic Hazard Characterization and Ground Motion Se-

lection

Seismic hazard of the studied region is dominated by the New Madrid Seismic Zone

(NMSZ). For the scenario-specific RSRA, an Mw = 7.7 scenario earthquake (SE)

with an epicenter at (35.3◦N, 90.3◦W), which was previously adopted by Adachi

and Ellingwood [158], is considered as shown in Figure 7.4. For the fully-stochastic

RSRA, based on the 2008 USGS hazard model [93], a stochastic earthquake catalog

(in total 6476 SEs) is generated in OpenQuake [84] via Monte Carlo simulations
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considering 4000 replicates of 50-year investigation time including all the potential

seismic ruptures with RJB up to 200 km. A strike-slip fault mechanism is assumed

for all the SEs, and a regional uniform VS30 = 260 m/s is considered for simplicity.

As for the seismic inputs to the NLTHAs, the hazard-consistent ground motion suite

compiled in Chapter 4 is adopted. This ground motion suite was selected for the

centroid site (35.2◦N, 89.9◦W) of the studied region. A total of 360 ground motion

records corresponding to return periods ranging from 30 to 105 years were selected

from the NGA-West2 database [99], thus covering a wide range of ground motion

intensity levels.

7.3.2 Experimental Design

Sample bridge demand data obtained via high fidelity nonlinear time history analyses

(NLTHAs) is required for later surrogate demand modeling. In this study, param-

eterized OpenSees finite element models of the highway bridges are adapted from

Kameshwar et al. [116]. For each of the two bridge classes, 2000 bridge samples are

generated via the Latin Hypercube Sampling (LHS) technique considering uncertain-

ties in the bridge structural parameters as shown in Table A.1 and A.2. The sample

median fundamental period (T1) is 0.6 s for the MSSS-Concrete bridge class, and is

0.51 s for the MSC-Steel bridge class. Each bridge sample is then randomly paired

with a ground motion record, and 2000 nonlinear time history analyses (NLTHAs)

are performed to obtain the sample bridge component EDPs for each bridge class.
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A total of six bridge component EDPs are considered as shown in Table 6.3, includ-

ing the column drift ratio, deformations of the expansion and fixed bearings, and

deformations of the abutments in the active, passive and transverse directions.

7.3.3 Limit State Capacities and Repair Cost Model

For later loss assessment of the bridge portfolio, bridge component limit state capac-

ities and repair cost model are required, where the component limit state capacities

are used to determine the component damage states based on the simulated com-

ponent EDPs, and the repair cost is estimated via the repair cost model given the

component damage states. In the present study, the median limit state capacities

from Table 6.5 along with the limit state uncertainties according to Ramanathan et

al. [159] are adopted; the probabilistic repair action and cost model in Section 6.3.3

is considered.

7.4 Multivariate Surrogate DemandModeling of Highway Bridge

Portfolio

Following the study on multivariate surrogate demand modeling from Chapter 4,

the combination of the second-order polynomial kernel partial least squares regres-

sion for the median response hypersurface characterization in conjunction with the

sample regression residual covariance method for the modeling error quantification is

adopted. The above mentioned MvSDM formulation is selected for its good balance
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between modeling accuracy and computational efficiency, ease of implementation,

and collinearity robustness, which is especially important in the proposed entropy-

based IM selection methodology where multiple predictors and multiple replicates of

Monte-Carlo simulations are to be conducted for a range of sweeping IM parameters.

The parameterized MvSDMs are employed to estimate the bridge component EDPs

of each of the individual bridges within the bridge portfolio of the same class. By

convolving the IM co-simulation realizations with the MvSDMs, the unconditional

EDPs can be efficiently generated.

7.4.1 Parameter Screening Analysis

In surrogate demand modeling of a portfolio of structures, a large number of predictors

including the IMs and structural related parameters may be potentially involved.

Due to the curse of dimensionality, including too many predictors also requires the

availability of a large training dataset (typically obtained from the time consuming

NLTHAs) to sufficiently cover the high-dimensional parameter space. Additionally,

in RSRA, including too many uncertain parameters in the MvSDMs will also pose a

high computational demand in generating the random bridge realizations via LHS.

Therefore, prior to the surrogate demand modeling, it is necessary to conduct a

parameter screening analysis to remove those redundant predictors. To this end, the

Variable Importance in Projection (VIP) score [160], which is compatible with the

linear PLSR and is widely adopted in variable selection [161], is employed for the
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parameter screening analysis. For a set of p predictors, the VIP score of the ith

predictor on a specific EDP can be computed as follows:

vi =

√√√√p

NPLS∑
j=1

[
SSj (wj,i/‖wj‖)2

/NPLS∑
j=1

(SSj)

]
(7.15)

where NPLS is the number of PLS components, SSj is the sum of variance explained

by the jth PLS component, wj denotes the weight vector of the jth PLS component

and wj,i is the weight of the ith predictor in the jth PLS component. It can be seen

that the VIP score measures the contribution of a predictor to the total explained

variance. This study adopts a normalized version of the VIP score (Equation 7.16)

such that the VIP scores of all the predictors sum up to one:

vnorm,i =

NPLS∑
j=1

[
SSj (wj,i/‖wj‖)2]/NPLS∑

j=1

(SSj) (7.16)

The initial set of predictors include the vector IM, Sa5(0.2T1, 5T1), which covers

a wide range of potential spectral period for each bridge class, together with other

structural parameters (as shown in Table A.1 and A.2). The normalized VIP scores

of the predictors are computed for each of the six EDPs for the two bridge classes.

Those predictors with a maximum normalized VIP score (across the six EDPs) less

than a cutoff threshold of 0.01 will be excluded from the final MvSDMs. The cutoff

threshold is selected so that the remaining predictors still contribute to more than

95% of the total explained variance for each of the six EDPs. As a result, the identi-

fied predictors along with their normalized VIP scores for the two case-study bridge

classes are shown in Figure 7.5. The parameter screening analysis effectively reduces
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the number of predictors from 26 to 10 and 9 for the MSSS-Concrete and MSC-Steel

bridge class, respectively. It is noticed that although the IM still exists as the predom-

inant predictor in the MvSDMs, other bridge-specific predictors may also contribute

a significant portion of explanatory power especially for the active and transverse

abutment deformation (Aba and Abt).

Figure 7.5 : Identified significant predictors and the associated normalized VIP scores
from the parameter screening analysis for the: (a) MSSS-Concrete bridge class; (b)
MSC-Steel bridge class
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7.4.2 IM Efficiency Comparison

The explanatory power of the IMs can be appreciated by the efficiency. Traditionally,

in univariate seismic demand modeling, the dispersion (or standard deviation) from

the regression analysis is adopted as an efficiency measure [34,48]. When it comes to

MvSDMs, the joint entropy of the MvSDM error covariance matrix can be employed

to quantify the dispersion of the MvSDMs. Figure 7.6 compares the joint entropy of

the MvSDM errors for different IMs. It is observed that the vector IM, Sa∗, exhibits

the best explanatory power among all the IMs compared and its performance is more

robust (i.e., less sensitive) to the selection optimal IM parameters compared with the

other two POS-IMs; Savg∗ shows moderately good explanatory power and generally

outperforms Sa∗. However, as will be shown later, IM efficiency does not necessar-

ily guarantee the best performance in reducing the uncertainty of the unconditional

seismic demands.

7.5 Influence of IM Selection on Pre-event RSRA

In this section, the efficacy of the proposed entropy-based IM selection methodology

is demonstrated in the context of pre-event RSRA for the case-study highway bridge

portfolio.
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Figure 7.6 : Efficiency comparison of different IMs for the: (a) MSSS-Concrete bridge
class; (b) MSC-Steel bridge class

7.5.1 Scenario-specific Pre-event RSRA

For the scenario-specific pre-event RSRA, the aforementioned Mw 7.7 SE (see Sec-

tion 7.3.1) is considered. One practical issue with the proposed entropy-based IM

selection methodology is that the number of EDPs increases in proportion to the

number of spatially distributed structures involved, which can significantly exacer-

bate the computational burden especially in IM co-simulation. To reduce the number

of bridges involved in the IM selection process while still maintain sufficient struc-

tural variability in representing the whole bridge portfolio, reduced bridge sets are

identified via the ‘uniquetol’ function in MATLAB [90] by specifying the minimum

separation distance between any of the two bridge sites. Based on a sensitivity study,

reduced bridge sets for the two case-study bridge classes are identified (as shown in



191

Figure 7.7) considering a minimum separation distance of 5 km, which is found to

provide a satisfactory convergence in the optimal IM parameters. The implementa-

tion of this approach effectively reduces the number of bridges involved in the IM

identification process from 203 (57) to 27 (17) for the MSSS-Concrete (MSC-Steel)

bridge class, respectively.

Figure 7.7 : Spatial distribution of the reduced bridge sets adopted in the IM se-
lection process for the: (a) MSSS-Concrete bridge class; (b) MSC-Steel bridge class;
(minimum separation distance: 5 km)

Next, the proposed scenario-specific entropy-based IM selection is conducted based

on the reduced bridge sets, considering 10,000 Monte-Carlo simulations to ensure suf-

ficient uncertainty propagation. The identified optimal IM parameters along with the

minimum joint unconditional demand entropy for different IMs are shown in Table 7.1.

It can be first seen that the demand entropy obtained via the PRI-IMs demonstrates a

very high variability, suggesting that without a well-guided IM selection, it is likely to

select an IM that leads to large demand uncertainty. On the other hand, compared
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with the PRI-IMs, the three POS-IMs provide much lower unconditional demand

entropy with better consistency, owing to the proposed entropy-based IM selection

methodology. Among the three POS-IMs, the average spectral acceleration Savg∗

leads to the lowest unconditional demand entropy for both of the two highway bridge

classes, and is thereby considered as the benchmark IM in the subsequent risk as-

sessment. Although excels in efficiency (as shown in Section 7.4.2), the vector IM,

Sa∗, fails to provide the lowest unconditional demand entropy due to the increased

IM random field uncertainty it embodies.

Table 7.1 : Comparison of the optimal IM parameters and minimum unconditional demand entropy
for different IMs for the scenario-specific pre-event RSRA

IMs
MSSS-Concrete MSC-Steel

Optimal parameters Demand entropy Optimal parameters Demand entropy

Prior-IMs (PRI-IMs)

PGA — 332.8 — 235.8

Sa(0.2) — 317 — 228.6

Sa(0.5) — 254.1 — 194.6

Sa(1.0) — 261.1 — 188.9

Sa(2.0) — 285.4 — 203.4

Posterior-IMs (POS-IMs)

Sa(T ∗) T ∗ = 0.60 251.6 T ∗ = 0.77 186.6

Savg5(0.2T ∗, T ∗) T ∗ = 1.50 245 T ∗ = 1.79 182.7

Sa3(0.2T ∗, T ∗) T ∗ = 0.75 246.3 T ∗ = 1.02 184.2

T ∗ in the unit of seconds

The influence of IM selection on the aggregated loss (i.e., repair cost) risk esti-

mates is further examined. Note that for the actual loss assessment, all the highway

bridges in the original bridge sets are included and the previously identified optimal
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IM parameters are adopted for the POS-IMs. The loss estimates are obtained via

10,000 Monte-Carlo simulations, and are normalized (to the range of 0 to 1) with re-

spect to the total replacement cost of each bridge class. As shown in Figure 7.8, each

of the Monte-Carlo simulations corresponds to one random realization of the ground

motion IM field as well as the structural damages. By summarizing the loss estimates

obtained from all the Monte-Carlo simulations, seismic risk estimates for the individ-

ual bridge losses as well as the aggregated losses can be obtained to support decision

making. For example, the loss risk estimates for the individual bridges can help iden-

tify the most vulnerable bridges for retrofit prioritization. For an overall evaluation,

the aggregated loss risk curves (normalized by the total replacement cost) obtained

via different IMs are compared in Figure 7.9 for the two bridge classes. Consistent

with the trend observed in the unconditional demand entropy, the POS-IMs again

show much better convergence (with respect to the benchmark IM, Savg∗) than the

PRI-IMs, throughout the whole exceedance probability range of the loss risk curves.

These observations demonstrate the significance of the proposed entropy-based IM se-

lection in facilitating more confident and consistent risk estimates in scenario-specific

pre-event RSRA.
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Figure 7.8 : Demonstration of a single realization of the ground motion random field,
and the damage ratios for each of the individual bridges (MSSS-Concrete bridge class,
IM: Sa(0.5))



195

Figure 7.9 : Comparison of the normalized aggregated loss risk curves obtained via
different IMs for the scenario-specific pre-event RSRA: (a) MSSS-Concrete bridge
class; (b) MSC-Steel bridge class

7.5.2 Fully-stochastic Pre-event RSRA

Furthermore, the efficacy of the proposed IM selection approach in fully-stochastic

pre-event RSRA is examined, where a large number of stochastic SEs are considered.

In order to reduce the number of replicates of the entropy-based IM selection proce-

dure, following the heuristics illustrated in Section 7.1.3, a subset of representative

SEs (RSEs) out of the original stochastic earthquake catalog are first identified as

shown in Figure 7.10. Based on a sensitivity study on the number of RSEs, it is

found that 59 RSEs are sufficient to provide a very good convergence in the loss risk

estimates for the case study. The entropy-based IM selection is then performed on

these RSEs instead of on the original SE catalog consisted of 6355 SEs, thus signif-

icantly reduces the computational expenses. From the results, the POS-IM, Savg∗,
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again consistently demonstrates the lowest unconditional demand entropy for both

bridge classes for all the 59 RSEs.

Figure 7.10 : Distribution of the original stochastic SEs and the reduced set of rep-
resentative SEs (RSEs) within the Magnitude-Distance space

As for the fully-stochastic RSRA, for each of the 6355 stochastic SEs, scenario-

specific RSRA is performed considering 50 Monte-Carlo simulations. Note that the

POS-IMs adopt the optimal IM parameters identified for the nearest neighbor RSE.

By summarizing the results from all the scenario-specific RSRA for the whole stochas-

tic earthquake catalog, the annual rate of exceedance of the normalized aggregated loss

is obtained as shown in Figure 7.11. Similar to the results observed in the scenario-

specific pre-event RSRA, the POS-IMs again deliver much better consistency than the

PRI-IMs in terms of the aggregated loss risk estimates, thus highlighting the efficacy

of the proposed entropy-based IM selection methodology in fully-stochastic pre-event
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RSRA.

Figure 7.11 : Comparison of the normalized aggregated loss risk curves obtained
via different IMs for the fully-stochastic pre-event RSRA: (a) MSSS-Concrete bridge
class; (b) MSC-Steel bridge class

7.6 Influence of IM Selection on Post-event RSRA Consider-

ing Record Updating

For post-event RSRA with record updating, it is important to first clarify the IM

terminologies that will be used in the later discussions. The IMs used to characterize

the recordings at the seismic stations are referred to as the updating IMs, and the IMs

representing the ground excitations at the structural sites are referred to as the site

IMs. In this section, the influence of site IM and updating IM selection in post-event

RSRA is thoroughly investigated.
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7.6.1 Uncertainty Reduction Quantification of the Spatial IM Random

Field

As per Equation 7.12 and 7.13, the posterior covariance matrix of the IM random

field is irrelevant to the actual updating IM values, and the mutual information of the

spatial IM random field only depends on the spatial IM covariance matrix before and

after record updating. This enables quantification of the IM random field uncertainty

reduction due to different site IMs and updating IM selections, even without the

acquisition of actual recordings. For illustration, a set of rectangular grid sites are

considered, covering the studied region with a uniform 2.5 km spacing distance along

with the ten seismic stations. TheMw 7.7 scenario earthquake (SE) is also considered.

The influence of record updating on the spatial variation of site-specific intra-event

uncertainty reduction (i.e., mutual information) is shown in Figure 7.12, considering a

Sa vector IM (Sagen5) with five spectral periods {0.01, 0.2, 0.5, 1, 2} (s) as both the site

IM and the updating IM. The benefit of record updating comes from the uncertainty

reduction of the inter-event residuals and intra-event residuals. For the inter-event

residuals, record updating provides a uniform uncertainty reduction across the entire

spatially distributed sites, which is why the sites far-away from the seismic stations

(e.g., those at the corners of Figure 7.12) still receive certain amount of mutual

information; for the intra-event residuals, there is more IM uncertainty reduction for

sites near the seismic stations, since the spatial correlation of the IMs attenuates with

increasing separation distance.
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Figure 7.12 : Spatial variation of the site-specific mutual information (black triangles
indicate the seismic stations, site IM and updating IM: Sagen5)

In order to compare the IM random field (including both the inter-event and intra-

event variability) uncertainty reduction of the entire grid sites, Table 7.2 provides the

overall mutual information with different considerations of site IMs and updating IMs.

Note that for consistency, the average spectral acceleration (Savggen5) also adopts the

same spectral periods as those of Sagen5. First, it is noticed that updating a scalar

Sa is only effective when the site Sa spectral period is close to the updating Sa

spectral period; Updating Savggen5 only provides a moderate and relatively uniform

uncertainty reduction for each of the individual spectral periods because of its spectral

averaging formulation; Finally, updating the general vector IM, Sagen5, outperforms

all the other scalar IMs in reducing the uncertainty of the spatial IM random field,

both marginally (when the site IM is scalar) and jointly (when the site IM is also a

vector). The above findings suggest that record updating with a general vector IM is
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able to simultaneously and effectively provide uncertainty reduction of the spatial IM

random field over a wide range of spectral periods, which is favorable in post-event

RSRA considering heterogeneous structural portfolios with different spectral regions.

Table 7.2 : Comparison of the overall mutual information of the entire IM random field
of the grid sites with different considerations of site IM and updating IM

Updating IM at the stations
Site IM at the grid sites

PGA Sa(0.2) Sa(0.5) Sa(1.0) Sa(2.0) Sagen5

PGA 6.8 2.9 2.1 1.1 0.3 6.9

Sa(0.2) 2.8 6.7 2.3 0.8 0.2 6.9

Sa(0.5) 2 2.3 7.4 3.1 1.4 7.5

Sa(1.0) 1.1 0.9 3.3 8.4 3.4 8.6

Sa(2.0) 0.4 0.2 1.6 3.7 9.7 9.7

Savggen5 3.9 3.7 4.9 3.9 2.3 8.9

Sagen5 7.2 7.2 8.0 9.0 9.8 33.8

7.6.2 Influence of IM Selection on Post-event Loss Risk Estimation

Due to the lack of actual recordings of major earthquakes in the New Madrid Seismic

Zone (NMSZ), artificial updating IM realizations at the ten spatially distributed seis-

mic stations are generated for the considered Mw 7.7 scenario earthquake (SE), from

a single run of IM co-simulation. Based on the findings from the previous subsection,

a general updating Sa vector IM (Sagen11) covering a wide range of spectral periods

{0.01, 0.1, 0.2, 0.3, 0.5, 0.75, 1, 1.5, 2, 3, 5} (s) is considered in this IM co-simulation.

The example updating IM realizations at two (HDAR2 and RDST2) of the ten seis-

mic stations are shown in Figure 7.13.
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Figure 7.13 : Example updating IM realizations for the Mw 7.7 scenario earthquake
at the two seismic stations: (a) MCAR; (b) RDST2

The optimal IM parameters for the POS-IMs are identified via the scenario-specific

entropy-based IM selection method in conjunction with the IM co-simulation with

record updating (Section 7.2.2). The comparison of the unconditional demand entropy

and optimal IM parameters for different IMs is shown in Table 7.3. Note that the

results corresponding to the case without record updating (Section 7.5.1) are also

shown in parentheses as the reference. As for the optimal IM parameters, it is noticed

that compared with the pre-event RSRA, the uncertainty reduction of the spatial IM

random field after record updating may also alter the optimal IM parameters of the

POS-IMs. For all the considered site IMs, record updating universally helps reduce the

unconditional demand entropy. By comparing the loss risk curves for the pre-event

(Figure 7.9) and the post-event (Figure 7.14) RSRA, record updating significantly
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reduces the uncertainty in the loss risk estimates.

Additionally, the three POS-IMs are found to lead to a lower level of uncondi-

tional demand entropy compared with the PRI-IMs. It is also interesting to notice

that, the vector POS-IM, Sa∗, demonstrates the lowest demand entropy and outper-

forms Savg∗, the IM that exhibits the best performance in the case without record

updating. In post-event RSRA considering record updating of a general vector IM,

the uncertainty reduction of the spatial IM random field is more prominent for vector

site IMs (as shown in Table 7.2); also note that vector site IMs are able to provide

improved explanatory power than scalar IMs (see Section 7.4.2). The uncertainty re-

duction in the spatial IM random field together with the improved explanatory power

jointly contribute to the best performance of Sa∗ in reducing the unconditional de-

mand entropy in post-event RSRA. Further benefit of adopting such vector site IMs in

post-event RSRA considering vector IM record updating can be achieved if a denser

array of seismic stations are deployed to reduce the uncertainty of the spatial IM

random field. In terms of the loss risk curves as shown in Figure 7.14, the POS-IMs

show much better consistency with each other than those PRI-IMs, thus one more

time demonstrating the efficacy of the proposed entropy-based IM selection method

in facilitating more confident regional seismic risk estimates.
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Table 7.3 : Comparison of the optimal IM parameters and minimum joint demand entropy for different IMs
for the post-event RSRA with record updating (updating IM: Sagen11; results in parentheses correspond to
the case without record updating)

Site-IMs
MSSS-Concrete MSC-Steel

Optimal parameters Demand entropy Optimal parameters Demand entropy

Prior-IMs (PRI-IMs)

PGA — 316.9 (332.8) — 225.3 (235.8)

Sa(0.2) — 302.4 (317.0) — 219.7 (228.6)

Sa(0.5) — 243.1 (254.1) — 186.0 (194.6)

Sa(1.0) — 255.8 (261.1) — 184.4 (188.9)

Sa(2.0) — 278.4 (285.4) — 196.9 (203.4)

Posterior-IMs (POS-IMs)

Sa(T ∗) T ∗ = 0.60 (T ∗ = 0.60) 245.0 (251.6) T ∗ = 0.77 (T ∗ = 0.77) 182.0 (186.6)

Savg5(0.2T ∗, T ∗) T ∗ = 1.20 (T ∗ = 1.50) 238.0 (245.0) T ∗ = 1.79 (T ∗ = 1.79) 177.5 (182.7)

Sa3(0.2T ∗, T ∗) T ∗ = 0.90 (T ∗ = 0.75) 237.3 (246.3) T ∗ = 1.79 (T ∗ = 1.02) 175.0 (184.2)

T ∗ in the unit of seconds

Figure 7.14 : Comparison of the normalized aggregated loss risk curves obtained via
different IMs for the post-event RSRA with record updating: (a) MSSS-Concrete
bridge class; (b) MSC-Steel bridge class
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7.6.3 Vulnerable Bridge Identification

Identification of the vulnerable bridges that may have sustained structural damages

after a major earthquake event is crucial to informing post-event decision making such

as reconnaissance and repair prioritization, traffic control, and emergency response.

Additionally, the uncertainty reduction of the ground motion random field offered

by record updating can further help pinpoint the potentially damaged bridges. As

a demonstration, the mean damage ratios of the MSSS-Concrete bridge portfolio

under the given Mw 7.7 SE considering record updating are shown in Figure 7.15. It

can be seen that, as expected, those bridges located closer to the epicenter typically

demonstrate higher damage ratios, although the bridge specific characteristics affect

the vulnerability as well. The bridge damages directly affect the connectivity and

functionality of the regional transportation networks. On the other hand, different

spatial pattern for the repair cost for each of the individual bridges is observed as

shown in Figure 7.16, where the bridge specific characteristics, such as the number of

spans and span length, play a more important role in contributing to the repair cost.
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Figure 7.15 : Mean damage ratios of the MSSS-Concrete bridge portfolio under the
given Mw 7.7 scenario earthquake considering record updating (Site IM: Sa∗; Updat-
ing IM: Sagen11)

Figure 7.16 : Mean repair cost (in US dollars) of the MSSS-Concrete bridge portfolio
under the given Mw 7.7 scenario earthquake considering record updating (Site IM:
Sa∗; Updating IM: Sagen11)
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7.7 Closure

In order to facilitate more rigorous intensity measure (IM) selection and thereby more

confident regional seismic risk assessment (RSRA) of spatially distributed structural

portfolios, this chapter proposes a regional-level entropy-based IM selection method-

ology. Built upon the site-specific entropy-based IM selection from Chapter 6, which

is rooted in minimizing the level of uncertainty (i.e., joint entropy) of the uncondi-

tional seismic demands, this study further extends its applicability to regional-level

IM selection by generalizing the spatially distributed structures of the same structural

class as an integrated multi-response structural system. Enabled by a newly devel-

oped IM co-simulation method for advanced IMs, and parameterized multivariate

surrogate demand models (MvSDMs) for efficient and accurate demand estimation,

the proposed IM selection approach is able to holistically incorporate multiple sources

of uncertainties, including the spatial IM random field, structural parameters, and de-

mand models. Different IMs are considered, including the prior-IMs (PRI-IMs), where

prescribed IM parameters are adopted, and the posterior-IMs (POS-IMs), where op-

timal IM parameters are identified via the proposed IM selection approach. Based

on a hypothetical highway bridge portfolio consisted of two bridge classes in Shelby

County, Tennessee, USA, the efficacy of the proposed IM selection methodology along

with practical heuristics in alleviating the computational burden is demonstrated for

different cases of RSRA including pre-event RSRA for a single scenario-earthquake

(scenario-specific) as well as for a stochastic earthquake catalog (fully-stochastic); and
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post-event RSRA considering record updating. Several major conclusions are drawn

as follows:

• Among the different cases of RSRA, the POS-IMs (i.e., the spectral acceleration

(Sa∗), the average spectral acceleration (Savg∗), and the vector Sa (Sa∗)),

adopting the optimal IM parameters identified via the proposed entropy-based

IM selection method, are found to effectively reduce the unconditional demand

entropy and lead to much better consistency in regional loss risk estimates than

the PRI-IMs. These observations consistently highlight the significance of the

proposed IM selection approach in facilitating more confident regional seismic

risk estimation.

• Mutual information can effectively quantify the uncertainty reduction of the

spatial IM random field due to record updating. Record updating provides a

more pronounced IM uncertainty reduction for sites near the seismic stations,

since the spatial correlation of the IMs attenuates with increasing separation

distance. Further uncertainty reduction can be expected if a denser array of

seismic stations are deployed. Moreover, record updating with a general vector

IM is able to effectively reduce the uncertainty of the spatial IM random field

over a wide range of spectral periods, which is favorable in post-event RSRA

considering heterogeneous structural portfolios sensitive to different spectral

regions.

• In pre-event RSRA, despite the fact that Sa∗ demonstrates the best IM effi-
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ciency (i.e., explanatory power), the higher uncertainty embodied by the vector

IM random field is the main reason why it is outperformed by Savg∗ in terms

of unconditional demand entropy; whereas in post-event RSRA with record up-

dating, owing to the uncertainty reduction in the spatial IM random field and

the improved explanatory power, Sa∗ leads to the lowest level of unconditional

demand entropy. Uncertainty reduction of the spatial IM random field after

record updating may alter the optimal IM parameters and the performance of

the POS-IMs.
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Chapter 8

Conclusions, Key Contributions, and Future Work

8.1 Summary and Conclusions

Decision making under deep uncertainties in the face of seismic hazards requires

confident estimation of the seismic impacts on regional built environment. In this

regard, probabilistic seismic risk assessment (PSRA), which provides quantitative

measurements, is crucial to informing the stakeholders. However, the current PSRA

framework relies on convolution of a series of conditional probability statements and

the resulting seismic risk estimates are typically sensitive to the conditioning metric

selection. To address the above research gap and contribute to more robust and con-

fident uncertainty propagation in PSRA of general multi-response structural systems,

this thesis develops new tools and methodologies to improve and enrich the PSRA

framework, focusing on ground motion intensity measure selection and uncertainty

propagation.

First of all, a multivariate return period (MRP)-based record selection method-

ology was proposed to further improve the hazard consistency over a vector of IMs.

Unlike the traditional univariate return period anchored on a scalar intensity measure
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(IM), MRP generalizes the return period concept by directly incorporating the joint

rate of exceedance of a vector of IMs, thereby providing more holistic seismic hazard

characterization. By leveraging MRP in linking the seismic hazard to a vector of IMs,

the proposed MRP-based method for the first time offers a mathematically rigorous

yet practical solution for multivariate hazard consistency in ground motion selec-

tion. Moreover, owing to the direct implementation of multivariate Gaussian mixture

distributions in target spectra sampling, the proposed method can also capture the

spectral shape variability due to multiple potential earthquake ruptures.The merit

of the MRP-based ground motion selection was demonstrated by comparing the tar-

get spectra and resulting seismic demand estimates for several case-study structures

with other state-of-the-art record selection alternatives. The results consistently high-

lighted the superiority of the proposed MRP-based ground motion selection method

in realizing multivariate hazard consistency over a vector of IMs, as well as the im-

portance of hazard consistent ground motion selection on seismic demand estimation.

Additionally, this study helped to advance multivariate seismic surrogate demand

modeling of general multi-response structural systems, as multiple seismic demands

may relate to different failure modes in complex structural systems or across dis-

tributed infrastructure. The parameterized multivariate surrogate demand models

(MvSDMs) consist of a systematic trend model to characterize the mean response

hypersurface, and an error covariance model to capture and propagate the correlated

model errors. Different statistical and machine learning techniques were tested based
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on a typical case-study highway bridge. The predictive performance of the system-

atic trend models, and the error covariance matrix estimates were examined. The

validity of the MvSDMs was also evaluated by comparing against benchmark system

fragility curves directly derived from a large number of nonlinear time history anal-

yses. From the results, promising MvSDM formulations, i.e., the kernel partial least

squares regression (K-PLSR) or the artificial neural network (ANN) as the systematic

trend model; and the proposed sample regression residual covariance method (SCOV)

as the error covariance model, were identified. These MvSDMs can better capture

the nonlinear relationships among multiple predictors, and emulate the correlations

among multiple engineering demand parameters, yet maintaining high computational

efficiency.

A comprehensive IM comparative study was carried out based on general hys-

teretic single-degree-of-freedom (SDOF) systems covering a wide range of structural

configurations. This study introduced a probabilistic seismic demand modeling ap-

proach with the optimal IM parameters determined a posteriori (POS-PSDM) to

evaluate the full explanatory power potential and the applicability of different IM

formulations. Different IM formulations, including those conventional IMs, recently

proposed advanced IMs such as fractional order IMs and average spectral accelera-

tions, and other newly proposed IMs in this study, were considered. The underlying

mechanisms as well as the IM hazard computability of different IM formulations were

extensively investigated. According to the results, among all the compared IMs, aver-
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age spectral acceleration and spectral acceleration with higher damping demonstrated

superior explanatory power yet with good hazard computability potential.

By leveraging the concept of joint entropy from information theory for uncertainty

quantification of multivariate data, this thesis filled major gaps in IM selection for

site-specific PSRA, where an individual structural at a given site is of interest. A

new entropy-based IM evaluation criterion, which holistically incorporates multiple

sources of uncertainties (from the IMs, structural parameters, and MvSDMs) and

can serve as the basis for IM selection, was proposed. Practical framework was devel-

oped to facilitate the implementation of the entropy-based IM selection PSRA and

loss estimation. This framework helps to yield high confidence risk estimates, such as

economic losses, by selecting IM predictors that help to reduce the overall uncertainty

in the unconditional seismic demands. Armed with this new IM selection methodol-

ogy, the performance of different posterior-IM (POS-IM) formulations was evaluated,

and was compared with those prior-IMs (PRI-IMs) without rigorous IM parameter

selection process. Two typical individual highway bridges located at a hypotheti-

cal site in Memphis, Tennessee, were considered for the case-study. It was observed

that the proposed unconditional demand entropy can better balance the uncertainty

contribution from different sources. Among all the POS-IMs compared, the average

spectral acceleration, Savg∗, and the vector spectra acceleration, Sa∗, demonstrate

superior potential in reducing the demand entropy. From the risk assessment results,

the POS-IMs with entropy-based optimal IM parameters were found to provide much
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more consistent risk estimates compared with the PRI-IMs, highlighting the merit of

the proposed IM selection method in facilitating more confident site-specific PSRA.

The entropy-based IM selection methodology was further extended into regional-

level PSRA (RSRA), where a portfolio of spatially distributed structures are consid-

ered. To enable regional hazard computability of advanced general Savg vector IMs,

an IM co-simulation method was derived by leveraging the widely available ground

motion prediction equations (GMPEs) and empirical IM correlation models for the

commonly used Sa. Additionally, a portfolio of spatially distributed structures of

the same class were generalized into an integrated structural system whose joint de-

mand entropy can still be estimated. The merit of the proposed methodology was

demonstrated along with practical heuristics for alleviating the computational bur-

den, based on a hypothetical highway bridge portfolio. Different application cases in

the context of RSRA were considered, including pre-event RSRA considering a single

scenario-earthquake as well as a stochastic earthquake catalog, and post-event RSRA

considering record updating. The results consistently highlighted the significance of

the proposed IM selection method in facilitating more confident regional seismic risk

estimates. Moreover, this study also provided valuable insights into record updating

in reducing the level of uncertainty of the spatial IM random field, and its implication

on IM selection in post-event RSRA.
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8.2 Key Contributions

Overall, this thesis provided new tools and methodologies that collectively and syner-

gistically addressed several major research gaps within the current PSRA framework

to facilitate more confident seismic risk estimation, which can better inform decision

making in the face of seismic hazards. In particular, main contributions of this thesis

are listed as follows:

• This thesis addressed a long-standing issue in performance-based earthquake

engineering related to ground motion selection. Specifically, by direct incorpo-

ration of the joint probabilistic distribution of multiple IMs, a multivariate re-

turn period (MRP)-based ground motion selection methodology was proposed,

which for the first time offers a mathematically rigorous solution for hazard

consistency over a vector of IMs. As a result, the selected ground motions can

better represent the potential ground excitation, thus serving as more realis-

tic seismic inputs for nonlinear time history analyses and surrogate modeling.

Moreover, because of the improved multivariate hazard consistency, a common

general ground motion suite can now be employed in probabilistic seismic per-

formance assessment of different individual structures or structural portfolios,

which in return greatly simplifies the ground motion selection process.

• This study conducted the first thorough comparative study on multivariate

seismic surrogate demand modeling for joint estimation of multiple correlated

engineering demand parameters. Particularly, new techniques (i.e., partial least
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squares regression, and the sample regression residual covariance method) were

introduced or proposed, for the first time in the context of seismic demand

modeling. Promising MvSDMs were identified, which can facilitate more accu-

rate and computationally efficient joint seismic demand estimation of general

multi-response structural systems.

• This study provided insights into the underlying mechanisms and applicability

of various different IM formulations. Particularly, physical explanations were

for the first time elaborated for fractional order IMs, including the peak ground

fractional response, PGR, and the spectral acceleration of a fractionally damped

SDOF system, Sad. Additionally, this study also for the first time proposed the

used of higher-damped spectral acceleration as an IM candidate, which exhibits

great potential in explanatory power and hazard computability.

• This study generalized the uncertainty quantification of multivariate random

variables in PSRA, by introducing the concept of joint entropy from informa-

tion theory. Based on the joint entropy of the unconditional seismic demands,

an entropy-based IM evaluation and selection methodology was proposed for

site-specific PSRA, which for the first time enables holistic consideration of

multiple sources of uncertainties that are propagated through probabilistic seis-

mic demand analyses. The proposed IM selection method is able to better

balance the uncertainty contributions from different sources and facilitate more

confident and consistent site-specific PSRA.
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• Built upon the above site-specific entropy-based IM selection, this study further

extended this methodology into regional-level assessment. Particularly, an IM

co-simulation method was derived to enable the regional hazard computabil-

ity of spatially distributed advanced average spectral acceleration IMs; and the

spatially distributed structural portfolio were generalized as an integrated struc-

tural system with multivariate seismic demands. This thesis conducted the first

IM comparative study in the context of regional-level PSRA, and the entropy-

based IM selection method was found to lead to much better consistency in

regional seismic risk estimates.

• Finally, this study investigated different record updating schemes as an effort

to leverage the ground excitation information available from the spatially dis-

tributed seismic stations after an earthquake event. Record updating with vec-

tor IMs was found to be particularly effective in reducing the level of uncertainty

of the spatial IM random field. Valuable insights were also provided regarding

the implications of record updating on IM selection in post-event regional-level

RSRA.

8.3 Future Work

Although several major research problems have been addressed by this thesis, some

research gaps still exist within the PSRA pipeline. Moreover, some of the tools and

methodologies developed in the present study can potentially be applied in tackling
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research problems in other natural hazard engineering areas. Specifically, additional

research topics include:

• More regional-specific ground motion prediction equations (GMPEs) and em-

pirical correlation models should be developed to better enable the hazard com-

putability of the advanced IMs (e.g., average spectral acceleration, and higher-

damped spectral acceleration). Additionally, future work is needed to further

reduce the GMPE aleatory and epistemic uncertainties, which typically account

for the most dominant sources of uncertainties in PSRA. Moreover, the validity

of multivariate Gaussian assumption on the spatial IM random field should be

further examined at regional scales.

• Future work should further refine the target spectra selection algorithm to al-

leviate the computational burden and improve the practicality of the proposed

multivariate return period (MRP)-based record selection method. Moreover,

the implications of the MRP-based ground motion selection on seismic surro-

gate demand modeling, fragility modeling, and seismic risk estimates should be

investigated. Additionally, the concept of MRP can be further explored within

the context of performance based seismic design.

• The concept of MRP can also be applied in probabilistic characterization and

mapping of other types of natural hazards where multiple correlated IMs are

of interest, such as ground motion IMs along with wave height and inundation

depth for tsunami events, or joint wind, surge, and wave IMs for hurricanes.
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• Although the multivariate surrogate demand models (MvSDMs) were evaluated

based on an individual case-study highway bridge, the proposed MvSDMs can

be potentially extended to surrogate modeling of other multi-response structural

systems or portfolios (e.g., building structures and constituents of infrastructure

systems), as well as other natural hazard phenomena (e.g., multivariate intensity

measures for hurricanes and tsunamis).

• Future study should investigate the efficacy of the entropy-based IM selection

approach for other structural types or spatially distributed structural portfo-

lios. Also the IM-based risk estimates should be further validated and com-

pared against those directly obtained from high-fidelity physics-based ground

motion field simulations (e.g., CyberShake [162]). Beyond the applications in

supporting probabilistic risk assessment in the earthquake engineering context,

the proposed entropy-based methodology may also shed light on uncertainty

propagation and IM selection in probabilistic risk assessment for other types of

natural hazards (e.g., hurricanes, floods, and tsunamis).

• Record updating can be further extended to regional-level seismic risk assess-

ment considering main-shock after-shock sequences. For example, how the in-

formation available from the observed main-shock events helps reduce the uncer-

tainties of the potential after-shocks, and how such seismic hazard uncertainty

reduction affects the seismic risk estimation.
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Appendix A

Structural Parameter Distributions for the
Case-study Highway Bridges

This appendix presents the bounds and distributions of the uncertain structural

parameters for the case-study individual highway bridges (based on past studies

[163,42,164]).
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Table A.1 : Bounds and distributions of the uncertain structural parameters for the individual MSSS-Con
and MSC-Steel case-study bridges

Parameters Bounds Distribution1

Common parameters

Concrete strength (MPa) [20.9, 46.7] N(33.8, 4.3)

Steel reinforcement yield strength (MPa) [361.4, 584.1] LN(6.13, 0.08)

Abutment passive stiffness (kN/mm/m) [11.5, 28.8] Uniform

Abutment active stiffness, Ka (kN/mm/pile) [3.5, 10.5] Uniform

Foundation vertical stiffness (kN/mm/pile) [87.5, 262.5] Uniform

Foundation transverse stiffness (kN/mm/pile) [3.5, 10.5] Uniform

Mass participation ratio [0.9, 1.1] Uniform

Damping ratio [0.02, 0.07] N(0.045, 0.0125)

Column longitudinal reinforcement ratio [0.01, 0.04] Uniform

Column transverse reinforcement ratio [0.001, 0.011] Uniform

Earthquake loading direction (degree) [1, 360] Uniform

MSSS-Concrete bridge specific parameters

Coefficient of friction of elastomeric bearings, µb LN(log(µ), 0.1)2

Shear modulus of bearing pad (MPa) [0.66, 2.07] Uniform

Dowel strength (kN) [45.6, 73.7] LN(4.06, 0.08)

MSC-Steel bridge specific parameters

Coefficient of friction of expansion steel bearings-longitudinal, µebl [0.02, 0.06] LN(-3.22, 0.5)

Coefficient of friction of expansion steel bearings-transverse [0.05, 0.15] LN(-2.30, 0.5)

Coefficient of friction of fixed steel bearings-longitudinal [0.105, 0.315] LN(-1.56, 0.5)

Coefficient of friction of fixed steel bearings-transverse, µfbt [0.185, 0.555] LN(-0.99, 0.5)

Steel bearing stiffness factor [0.8, 1.2] Uniform

1 N : normal distribution; LN : lognormal distribution

2 µ = 0.05 + 0.4
σm

, where σm (MPa) is the normal stress acting on the bearing
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Table A.2 : Bounds and distributions of the geometry-related parameters for the MSSS-Con and MSC-Steel
case-study bridge portfolios

Parameters Bounds Distribution

Common parameters

Column aspect ratio, ASP [3, 7] Uniform

Column diameter, Dc (m) [0.6, 1.5] Uniform

Girder spacing, dg (m) [1.8, 3.7] Uniform

Column spacing (m) [4.7, 5.6] Uniform

Deck slab depth (m) [0.18, 0.25] Uniform

MSSS-Concrete bridge specific parameters

Number of spans, nspan [2, 9] From the NBI data

Maximum span length, Lspan (m) [7, 28] Uniform

Unit length weight of a girder, wg (kN/m) [4.2, 16.5] Based on the ASSHTO girder type

Deck width, Wd (m) [6, 20] Uniform

Bearing pad area, Ab (m2) [0.06, 0.42] Based on the ASSHTO girder type

MSC-Steel bridge specific parameters

Number of spans, nspan [2, 9] From the NBI data

Maximum span length, Lspan (m) [15, 80] Uniform

Unit length steel girder weight, wg (kN/m) [2.1, 7.0] From the AISC steel span to weight curves

Deck width, Wd (m) [10, 50] Uniform



222

Appendix B

Joint Entropy Calculation of Multivariate Random
Variables

If the multivariate RVs jointly follow a multivariate normal distribution with a co-

variance matrix Σ, the analytical solution of their joint entropy can be conveniently

obtained as follows [146]:

h(Z1, Z2, ..., Zd) =
1

2
log2

(
(2πe)d|Σ|

)
(B.1)

However, the analytical solution for general multivariate RVs is not available and usu-

ally the joint entropy is empirically estimated from a finite number of samples (i.e.,

the unconditional seismic demands for the case at hand). Empirical entropy can in

general be derived via two types of approaches, i.e., parametric and nonparametric.

For the parametric methods, the underlying probability density function (PDF) of

the samples is assumed or approximated and the entropy is then computed. How-

ever, the accuracy of the parametric methods depends on the accuracy of the PDF

approximation. On the other hand, the nonparametric approaches do not rely on

any assumption on the PDF. One of the commonly adopted nonparametric entropy

estimation methods is the k-nearest neighbors (kNN) estimator (as shown in Equa-

tion B.2) by Singh et al. [165], which is the generalized version of the first nearest
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neighbor estimator originally proposed by Kozachenko and Leonenko [166].

h(Z1, Z2, ..., Zd) ≈
1

n

n∑
i=1

log2

(
(n− 1)πd/2ρdi,k
Γ(1 + d/2)eΨ(k)

)
(B.2)

where ρi,k is the distance between the ith sample and its kth nearest neighbor, which

can be obtained via the k-nearest neighbors algorithm [149]; Γ denotes the gamma

function and Ψ denotes the digamma function. The kNN-based entropy estimator is

easy to implement and is relatively computationally efficient even in high dimensions

[167]. Therefore, in the present study, the kNN-based entropy estimator (k = 4

as per Singh et al. [165]) is employed to calculate the entropy of the unconditional

multivariate seismic demands.
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