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ABSTRACT 

The vulnerability of the built environment to natural hazards has increased in recent 

decades due to the growing population, increased construction activities, and climate 

change, among others. This exposure to natural hazards and resulting consequences are 

projected to increase substantially by the end of the century. The existing building 

portfolios and infrastructure systems are already vulnerable to extreme events and are 

likely to be increased in the future due to the aging of existing structures, non-

conformance to updated codes, and changing future hazard scenarios. This is evident 

from past hazards such as the 1994 Northridge and 1995 Kobe earthquakes, in which 

the buildings provided intended life safety function but still incur huge damage to the 

structures resulting in significant socioeconomic and environmental consequences due 

to repair activities and reduced functionality of buildings. The reduced functionality 

due to the relatively un-organized recovery process of building portfolios as observed 

in recent hazards including the 2004 Sumatra-Andaman earthquake and tsunami and 

2005 hurricane Katrina has further highlighted the need to assess and possibly enhance 

the performance of the community building portfolios. 

Hence, it is essential to develop frameworks and methodologies that can better 

predict the socioeconomic and environmental consequences of extreme events. These 

uncertain consequences could be assembled into meaningful performance indicators 

including risk, resilience, and sustainability. Also, there is a need to better assess these 

performance indicators on buildings and community portfolio-level. Furthermore, there 

is a need to improve the performance of considered infrastructure systems and the built 

environment by considering different mitigation alternatives. Finally, a decision-
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making framework is required to provide optimal solutions to reduce the uncertain 

consequences given the least mitigation costs. 

This thesis aim to provide methodologies and frameworks for the mathematical 

modeling of buildings and community portfolios by considering risk, resilience, and 

sustainability performance indicators under seismic hazard scenarios.  The highlighted 

problems and research gaps are addressed in this thesis in different chapters, divided 

into two parts and three stages. Part 1 is focused on providing mathematical models for 

individual buildings and part 2 is focused on community building portfolios. Each part 

is further divided into three stages depending upon the type of problem addressed. For 

instance, stage 1 of each part is focused on the performance assessment methodologies 

under seismic hazard considering multiple performance indicators, stage 2 is focused 

on the performance enhancement frameworks and methods under seismic hazard by 

implementing conventional retrofit tools and techniques, and stage 3 is focused on 

developing decision-making methodologies by implementing strategies established in 

the first two stages and including multi-criteria optimization and decision-making 

methods. 

Hence, the proposed frameworks include performance assessments, 

enhancements, and decision-making for buildings and community building portfolios 

under seismic hazard scenarios considering various methodologies, theories, 

algorithms, tools, and techniques including a building-level framework for risk, 

resilience, and sustainability assessment, seismic resilience enhancement considering 

conventional retrofit techniques, performance-based assessment and enhancement 

methodologies, resilience assessment framework on a community building portfolio-

level considering utility networks, interactions, and access to essential facilities, and 
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the performance-based assessment and enhancement methodologies for surrogate-

based optimization and decision-making of buildings on a community level. 

These assessments, enhancement, and decision-making frameworks are 

illustrated on individual buildings and on community portfolios to demonstrate their 

potential, significance, and applicability. Finally, the conclusions and recommendations 

are made and future works, prospects, and potential future directions are suggested. 
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CHAPTER 1 INTRODUCTION 

1.1 Background and motivation 

A community building portfolio is an essential part of the built environment that 

sustains many important community functions such as providing housing, commercial 

activities, education, health, and emergency services, among others. In addition, the 

community buildings provide infrastructure to sustain social well-being and economic 

activities (Roohi et al., 2020). These functions can be hindered in a hazardous event 

due to the damage to community buildings. Recent post-hazard damage assessments 

such as Hurricane Katrina in 2005, Wenchuan Earthquake in 2008, and Superstorm 

Sandy in 2012 have highlighted the increased vulnerability of the built environment. 

Major earthquakes have also highlighted significant damage to community buildings 

with the housing sector alone representing 50 percent of the total economic 

consequence (Alisjahbana and Kiremidjian, 2020). The recovery process of the 

building infrastructure system is also complex, usually not centrally planned, 

comparatively takes longer, and includes various stakeholders and decision-makers 

(Wang et al., 2020). It is therefore important to have science-based tools and decision-

making frameworks to assess and enhance community buildings. 

Also, the existing building infrastructure around the world is at risk of poor 

performance in an earthquake event due to inadequate structural detailing and 

inefficient seismic design provisions implemented during the design and construction 

of these buildings (Gautam and Chaulagain, 2016). The seismic loss can be significant 
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for the deficient existing buildings, particularly in low-to-medium seismicity regions 

where the seismic codes have not been adopted. This also highlights the importance of 

improving the performance of existing structures to reduce seismic consequences and 

increase resilience. 

The design codes provide life safety performance objectives under design 

hazard scenarios but to evaluate other performance objectives, performance-based 

methodologies are usually implemented (Porter, 2003). Performance-based methods 

can be utilized along with optimization techniques to assess and possibly enhance the 

performance of buildings and infrastructure systems (Kim et al., 2011; Dong et al., 

2014; Wang et al., 2019). The performance may be assessed in terms of meaningful 

socioeconomic and environmental consequences including repair costs, downtime of 

buildings, and equivalent carbon emissions, among others (Broccardo et al., 2015). 

These multiple and sometimes conflicting consequences require a multi-objective 

optimization and decision-making approach to enhance community performance 

considering sustainability and resilience. 

Bruntland Report (Keeble, 1988) describes sustainability as the “development 

that meets the needs of the present without compromising the ability of future 

generations to meet their own needs”. Architecture 2030 (2019) estimates the building 

industry in the U.S. consumes almost 49% of the energy and contributes 47% of the 

total equivalent CO2 emissions. Previously, the operational energy consumption was 

nearly 88% as compared to the embodied energy consumption of 12%, but the ratio has 

been significantly reduced more recently due to the advancements in operational 

efficiency, to a point where embodied energy contribution is a significant factor in 

overall sustainability. Therefore, it is increasingly becoming important to assess and 
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reduce embodied impacts in sustainable design tools. In infrastructure development, 

sustainability is achieved by reducing social, economic, and environmental impacts on 

the life-cycle of a structure (Frangopol et al., 1997; Wang et al., 2018). However, these 

sustainability assessments often only consider high probability, low consequence 

events and might fail in enhancing sustainability in the regions, where extreme events 

cannot be ignored (Dong et al., 2014; Gencturk et al., 2016). The extreme events impart 

damage to the structure resulting in additional social, economic, and environmental 

consequences referred to herein as seismic sustainability. Thus, it is of vital importance 

to incorporate sustainability in the performance-based assessment and decision-making 

of civil infrastructure. 

Disaster assessment studies related to 1994 Northridge, California, and 1995 

Kobe, Japan indicate that the consequences of a disaster are not limited to the immediate 

aftermath, but will continue during the recovery phase referred to herein as lack of 

resilience (Kilanitis and Sextos, 2019). Resilience addresses parameters such as 

robustness, functionality, and downtime (Lounis and McAllister, 2016). The recovery 

of a building is multi-disciplinary and depends on various factors such as additional 

delays for financing and management, utility availability, and the sequence of repairs. 

The additional delays due to impeding factors, and the dependencies on the utilities 

may impact the downtime of a building, hence overall seismic resilience. Hence, a 

logical sequence of repairs, utility availability, and additional delays due to inspections, 

mobilization, financing for accurate estimation of downtime, and resilience of a 

building is required for accurate estimation of resilience. 

Considering the aforementioned discussion, it is imperative to develop 

assessment, enhancement, and decision-making methodologies for the built 
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environment considering various approaches including performance-based methods, 

optimization, and multi-criteria decision-making, among others. Also, considering the 

immediate and continuing impacts of the extreme events along with their consequences 

on the environment, the performance-based assessment, enhancement, and decision-

making methodologies should be focused in terms of meaningful performance 

indicators including resilience and sustainability. The development of these 

methodologies on building and portfolio-level are discussed in this thesis. 

1.2 Scope and objectives 

The scope of this thesis includes developing performance-based assessment, 

enhancement, and decision-making methodologies on building and community 

portfolio-level considering risk, resilience, and sustainability-related indicators. The 

specific objectives are listed as follows: 

1.  Develop a performance-based probabilistic framework for seismic risk, 

resilience, and sustainability assessment of reinforced concrete structures by 

utilizing component-level detailed finite element and performance models. 

Subsequently, utilizing the framework for efficient retrofit selection based on 

the seismic resilience of deficient buildings retrofitted with the conventional 

mitigation approaches. 

2.  Propose a performance-based multi-criteria decision-making framework for 

buildings under seismic hazard considering long-term loss, sustainability, and 

resilience to provide rankings for considered retrofit alternatives considering the 

entire hazard curve and multiple socioeconomic and environmental 

performance indicators. 
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3.  Formulate a system thinking approach to assess the resilience of buildings on a 

community level considering utility networks, interactions, and access to 

essential facilities to develop an efficient recovery and resilience assessment 

framework. 

4.  Propose a multi-objective surrogate-based optimization and decision-making 

framework for community building portfolios under uncertain consequences 

and risk attitudes to develop an efficient technique for performance-

enhancement and multi-criteria decision-making on a community level under 

uncertain consequences and risk attitudes. 

1.3 Thesis outline 

This thesis consists of nine chapters divided into two parts and each part into three 

stages as shown in Figure 1-1. The first chapter provides the introduction of the thesis, 

followed by the literature review chapter, and the last chapter provides the conclusion 

and future work. Chapters’ three to eight provide the frameworks, methodologies, and 

illustrative examples related to performance-based assessment, enhancement, and 

decision-making considering risk, resilience, and sustainability performance indicators. 

The first part of the thesis is from chapter 3 to chapter 5 which focused on (1) 

building-level assessment, enhancement, and decision-making strategies, and the 

second part is from chapter 6 to chapter 8 and is focused on (2) community-level 

assessment, enhancement, and decision-making strategies. Each part further consists of 

three stages: (1) stage 1 is comprised of developing and implementing an assessment 

framework, (2) stage 2 is focused on developing and implementing an enhancement 

framework considering retrofit alternatives, and (3) stage 3 is focused on the multi-
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criteria decision-making strategies to provide rankings and optimal decisions 

considering risk, resilience and sustainability performance indicators. 

A summary of each chapter is as follows: 

Chapter 1 provides an introduction of the thesis which comprises of background 

and motivation of the thesis, overall aim and specific objectives, thesis organization, 

and main contributions of the thesis. 

Chapter 2 provides a literature review related to the risk, resilience, and 

sustainability performance indicators, performance-based assessment methodologies, 

performance enhancement-related strategies, optimization strategies, and multi-criteria 

decision-making methods on individual building and community portfolio levels. 

Chapter 3 provides a building-level performance assessment framework for 

risk, resilience, and sustainability assessment of reinforced concrete buildings. The 

uncertainties associated with structural performance and consequence functions are 

incorporated. Distributed repair loss, equivalent carbon emissions, and downtime are 

calculated. The residual functionalities are determined probabilistically, and resilience 

is quantified for an investigated time period. The proposed approach is illustrated on a 

non-ductile RC frame structure. 

Chapter 4 provides a building-level performance enhancement framework 

considering conventional retrofit alternatives to improve the seismic resilience of 

existing structures. The social, economic, and environmental consequences are 

evaluated and compared for a reference non-retrofitted, and a retrofitted building. It is 

concluded that applying retrofit techniques reduces the probability of collapse, social, 
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economic, and environmental consequences. The repair times of a building’s 

components are also reduced, hence improving the seismic resilience. 

Chapter 5 provides a building-level multi-criteria decision-making framework 

considering the entire seismic hazard curve to rank considered retrofit alternatives 

based on seismic risk, resilience, and sustainability performance indicators. The social, 

economic, and environmental consequences are determined for the investigated 

building by considering different retrofit alternatives and utilized in the decision-

making process. A reinforced concrete building with three retrofit alternatives is 

selected as an illustrative example, and based on this example, it can be concluded that 

the framework can be used for the ranking of retrofit alternatives against different 

criteria. 

Chapter 6 provides a community-level framework for resilience assessment of 

building portfolios considering functionality from utility networks, interactions, and 

access to essential facilities. The framework is developed following a synthesis 

paradigm of systems thinking. Subsequently, the framework is applied to a community 

consisting of building portfolios, water, and power systems. The building functionality 

states are defined, and the community resilience is assessed via community 

functionality and access to essential facilities. 

Chapter 7 provides a community-level performance enhancement framework 

for building portfolios considering conventional retrofit alternatives under a pre-hazard 

scenario considering socioeconomic and environmental consequences. Performance-

based assessment methodology is utilized to assess performance objectives in terms of 

risk, downtime, and sustainability. Then, the performance objectives are optimized by 
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utilizing an evolutionary optimization approach for given retrofit levels for each 

building in a community. The proposed methodology is implemented on an illustrative 

community and Pareto-optimal solutions are developed. Finally, the Pareto-optimal 

solutions are utilized to assess four different retrofit programs to enhance the 

community performance. 

Chapter 8 provides a community-level performance optimization and decision-

making framework by utilizing efficient surrogate-based optimization and utility 

decision theory-based multi-criteria decision-making methods. The proposed 

framework provides approximate Pareto-optimal solutions by utilizing performance-

based method, Gaussian process models, spectral sampling, and genetic optimization. 

Later, utility decision theory is implemented to determine ideal solutions among the 

approximate Pareto-optimal solutions. 

Chapter 9 presents the conclusions and provides possible future directions. 
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Figure 1-1 Organization and outline of the thesis based on performance assessment, 

enhancement, and decision-making of buildings 

1.4 Contributions 

The major contributions of the thesis are as follows: 

1.  A probabilistic performance-based approach is proposed to aid the development 

of next-generation performance-based engineering incorporating both resilience 

and sustainability. Subsequently, the approach is utilized for retrofit selection 

based on the seismic resilience of deficient buildings retrofitted with the 

conventional mitigation approaches. The component-based methodology is 
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considered for the sustainability and resilience assessment by compiling 

nonlinear numerical and building performance models. The collapse fragilities 

are developed from the pushover, time histories, and incremental dynamic 

analyses, and the resulting socioeconomic, and environmental consequences are 

determined. Also, the resilience of buildings is assessed by developing a 

downtime assessment methodology incorporating a sequence of repairs, 

impeding factors, and utility availability. Finally, different functionality states 

are developed to assess the performance during the investigated time. 

2.  A performance-based multi-criteria decision-making framework is developed 

by utilizing a performance-based approach coupled with seismic loss, 

sustainability, and resilience for the selection of different retrofit alternatives. 

To achieve this, a component-based probabilistic approach is utilized for the 

seismic loss, sustainability, and resilience assessment from a long-term 

perspective. The resulting socioeconomic and environmental consequences are 

converted to expected annual consequences by considering the full range of 

seismic hazards and are utilized as a multi-criterion in the technique for order 

preference by similarity to the ideal solution to rank considered retrofit 

alternatives for performance enhancements. 

3.   A community-level seismic resilience assessment framework is proposed 

considering utility networks, interactions, and access to essential facilities. The 

resilience of community building portfolios is achieved by utilizing the 

dependencies and interdependencies of utility networks, and by considering 

geospatial access to services by utilizing inherent resilience and access to 

essential facilities. The proposed approach provides important insights into 
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community resilience such as building functionality, utility demand, and supply, 

access to essential facilities, among others. 

4.  To support decision-making on a community level, a multi-objective decision-

making framework considering multiple performance objectives is proposed. 

The methodology considers performance-based assessment, multi-objective 

optimization, and a decision-making method to evaluate, enhance and provide 

decision-support considering community performance. The contributions 

include considering a performance-based black-box to evaluate the socio-

economic and environmental consequences by considering all the possible 

hazard scenarios, a surrogate-based multi-objective optimization approach to 

inexpensively approximate the Pareto-optimal solutions, and a utility theory-

based decision-making considering multiple performance-objectives over an 

entire hazard curve and under different risk attitudes. 
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CHAPTER 2 LITERATURE REVIEW 

2.1 Introduction 

Most of the building stock is privately owned and the decision-making related to the 

choices including the type of construction, and up-gradation, among others, is partially 

decentralized (i.e., buildings construction and up-gradation-related activities are not 

entirely centrally planned by a government body or community stakeholders). The 

stakeholders and decision-makers must work in collaboration and form an 

organizational structure to reduce the hazard impacts (Godschalk, 2003). Different 

levels of organizational structure perform different functions. For instance, the 

construction of main roads and bridges is decided at a state level, the mitigation support 

may be provided at a state or country level. The planning to assess the hazards, 

characterize the built environment, assess the performance, and identify possible 

mitigation alternatives can be performed on a community level (Koliou et al., 2017). 

Hence, it is important to consider the performance of buildings on a building as well as 

portfolio level for possible collective assessments, enhancements, and decision-

making. 

The performance of buildings is usually assessed in terms of engineering 

demand parameters (Fajfar, 2000; Ghobarah, 2001; Huang et al., 2017; Guo et al., 

2021). These parameters provide engineering information that is difficult to 

comprehend for community stakeholders and decision-makers. For instance, given a 

possible hazard scenario, engineering demand parameters for a particular building may 
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include story drifts, spectral accelerations, deflections, and curvatures, among others 

(Moehle, 2006; Jeong et al., 2012; Lemma et al., 2021). These parameters are checked 

against the allowable limits to verify the acceptable performance of a building under 

hazards (FEMA, 2005; Zheng et al., 2019; Guan M. EERI et al., 2021; Jalayer et al., 

2021).  

More recently, demand parameters that may be more meaningful to the 

community stakeholders are being utilized to better assess the performance of a 

community (Giouvanidis and Dong, 2020; Chen et al., 2021). The utilized demand 

parameters may include total casualties, total repair costs, and total repair time under a 

given hazard scenario that gives a meaningful performance assessment parameter that 

community stakeholders can understand (Dong and Frangopol, 2016a; Hashemi et al., 

2019; Anwar et al., 2020). The demand parameters are usually correlated with the 

discrete damage states of buildings via fragility functions which are lognormal 

cumulative distribution functions, providing the probability of exceeding damage states 

given intensity measures. Different damage states provide contributions of a varying 

percent to the assessment of demand parameters which are discussed in various 

methods available in literature including FEMA, HAZUS, among others (HAZUS, 

2003; FEMA-P-58, 2012; Vettore et al., 2020). These demand parameters can provide 

an intuitive understanding of the performance of buildings under a hazard and are 

utilized in this research to assess and enhance community performance. 

The collective demand parameters are assessed by utilizing performance 

indicators. The performance indicators considered in the literature include risk, 

resilience, and sustainability (Rodriguez-Nikl, 2015; McAllister and Moddemeyer, 

2018; Yang and Frangopol, 2018). The risk performance indicator is related to the 
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immediate impact of extreme events and has been extensively utilized to assess the 

performance of buildings under hazard scenarios (Barbat et al., 2010; Erdik, 2017; 

Battarra et al., 2018). These immediate impacts may include the total number of 

casualties, total waste generated, and total repair costs on a community level, among 

others.  

The resilience performance indicator is related to the consequences arising due 

to the non-functionality of buildings such as population outmigration, and business 

interruptions, among others (Miles and Chang, 2006; Miles et al., 2018; Donà et al., 

2019). Resilience is often measured in relation to the downtime and functionality 

assessments of buildings (Burton et al., 2017; Feng et al., 2017; Lin and Wang, 2017a; 

Masoomi and van de Lindt, 2018; Hassan and Mahmoud, 2020; Sen et al., 2021). 

However, the sustainability performance indicator considers consequences that may 

compromise the ability of future generations to meet their needs (Zinke et al., 2012; 

Asprone and Manfredi, 2015). For instance, the release of potential global warming 

gases during the repair activities from a hazard event would impact the environment 

negatively and may impact future generations. These performance indicators can cover 

a wide range of consequences, provide more meaningful and intuitive information, and 

can be utilized to make decisions and enhance performance. 

2.2 Resilience and sustainability 

The first step towards a resilient community is to understand individual infrastructure 

components and their relation to a whole community. Numerous studies exist in the 

literature proposing frameworks for the resilience assessment of individual buildings 

and community portfolios. For instance, Broccardo et al. (2015) presented a 
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probabilistic resilience assessment methodology of civil systems, and Burton et al. 

(2015) proposed a performance-based methodology for the recovery process associated 

with a building community. A methodology for recovery modeling by aggregating 

building-level restoration using probabilistic damage assessment was later developed 

for community building portfolios (Lin and Wang, 2017b; Lin and Wang, 2017a). 

Similar approaches were developed for the functionality recovery and resilience 

assessments for the built environment (Koliou et al., 2017; Masoomi and van de Lindt, 

2018; Masoomi et al., 2020) and few studies utilized detailed component-based damage 

and consequence assessment approaches to quantify resilience (Dong and Frangopol, 

2016a; Hashemi et al., 2019). 

Sustainability addresses social, economic, and environmental issues and their 

impact on future generations (Zhao et al., 2014; Sabatino et al., 2015). Structures 

constructed in hazard-prone regions need to be resilient also to fulfill sustainability 

objectives (Zheng et al., 2018; Wen et al., 2019). Resilience and sustainability have 

vast similarities and should be considered together for a resilient and sustainable built 

environment (Bocchini et al., 2014; Rodriguez-Nikl, 2015). Frameworks for resilience 

and sustainability assessment of the built environment have also been developed over 

the last few years (Marchese et al., 2018) and studies are available that have 

incorporated sustainability in hazard-prone regions as well (Asprone and Manfredi, 

2015; Gencturk et al., 2016).  

However, a computational platform incorporating seismic sustainability and 

resilience using a detailed component-level damage assessment model is limited. 

Moreover, there is an increasing trend to incorporate uncertainties in seismic 

sustainability and resilience assessment procedures. The uncertainties in the prediction 
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models arise because of the inability to accurately predict hazards, structural modeling 

uncertainties, and uncertainty in the damage assessments, among others.  Additionally, 

there are uncertainties associated with consequences resulting from repair actions, 

downtime, and carbon emissions, among others. The cumulative result of these inherent 

uncertainties makes precise evaluation difficult and should also be incorporated while 

addressing the sustainability and resilience of the building environment. 

Limited studies are available investigating seismic sustainability and resilience 

of buildings utilizing physics-based building fragilities and component-level damage 

assessment considering uncertainties as well. For instance, Hashemi et al. (2019) 

investigated seismic sustainability and resilience of limited-ductile buildings. A multi-

axis hybrid simulation was performed and CFRP retrofit was investigated on a soft-

story building. Structural damage states were defined experimentally, and performance-

based methodology was used to incorporate resilience into the life-cycle sustainability 

approach.  

There is a further need to incorporate comprehensive structural and non-

structural components in the component-based performance assessment methodology. 

Additionally, there exist uncertainties in seismic sustainability and resilience and a 

probabilistic platform is required to present results realistically. In comparison, this 

thesis evaluates seismic sustainability and resilience probabilistically considering the 

uncertainties in the framework by not just utilizing the lognormal or normal 

distributions of repair cost, repair times, and equivalent carbon emissions but also 

incorporates Gaussian process surrogate models for uncertainty propagation and 

assessment. 
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2.3 Performance enhancements strategies 

Repair, rehabilitation, and retrofitting are utilized to improve the performance of 

existing buildings. Recently, it has become an important construction activity, 

considering that the amount of money spent globally on the repair and rehabilitation of 

existing structures is higher than on new constructions (Ma et al., 2017). The retrofitting 

techniques include adding lateral force-resisting systems or upgrading the existing 

elements for structural performance improvement (Zheng et al., 2019). The upgrading 

of existing elements can be implemented by either reducing the demands on a lateral 

force-resisting or improving the capacity, achieved by modifying strength, stiffness, 

ductility properties, or through any of these combinations (Thermou and Elnashai, 

2006).  

Ductility depends on the detailing of structural components and therefore, its 

retrofitting would require improving beam-column joints and rebar reinforcements, 

which can be disruptive and expensive. Hence this type of retrofitting is rarely used in 

the low-to-medium seismicity region (Calvi, 2013). A more desirable approach for 

ductility-related retrofitting is to reduce the demands on the structure by modifying or 

replacing lateral force-resisting members. This study is related to improving the 

strength and stiffness of existing lateral force-resisting members by using Reinforced 

Concrete Jacketing (RCJ), Steel Jacketing (SJ), and Fiber-Reinforced-Polymer (FRP) 

wrapping around columns, which is a commonly utilized approach (Billah and Alam, 

2014). 

Performance-based assessment is adopted for the seismic upgrading evaluations 

of existing buildings. Performance is expressed in terms of discrete performance levels 
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defined as immediate occupancy, life safety, and collapse prevention. The performance 

levels are correlated with social, economic, and downtime losses, but these correlations 

are observation-based or empirical and are site-specific (Whitman et al., 1997). This 

approach to risk reduction requires threshold limit state values which cannot be 

precisely determined for various types of buildings, since they depend on several 

factors, such as structural configurations, design criteria, importance factors, and level 

of detailing, among others (Qian and Dong, 2020). The recovery time of a building, 

which is a key input in the seismic resilience assessment, is also related to building 

performance levels, which are mostly presented in crude terms (e.g., the most widely 

used HAZUS risk-assessment platform assumes the building achieves full functionality 

within one year, irrespective of the amount of damage and hazard scenario).  

Numerous studies have adopted a performance-based seismic assessment 

approach for risk and resilience evaluation (Dong and Frangopol, 2015b; Zheng et al., 

2018; Kilanitis and Sextos, 2019; Giouvanidis and Dong, 2020; Li et al., 2020a), also 

linking to seismic sustainability (Bocchini et al., 2014; Dong et al., 2014; Rodriguez-

Nikl, 2015). A component-level approach incorporating seismic loss, sustainability, 

and resilience has also been investigated by many researchers (Dong and Frangopol, 

2016a; Anwar et al., 2019; Asadi et al., 2019; Hashemi et al., 2019). Tirca et al. (2016) 

investigated improvement in seismic resilience through local modifications of the 

components of office buildings. Incremental Dynamic Analysis (IDA) was used to 

develop damage fragilities, and functionality curves developed by Cimellaro et al. 

(2010a) were used to evaluate seismic resilience. Guo et al. (2017) studied the seismic 

resilience of a frame building retrofitted with self-centering walls with friction devices. 

The performance of a building was compared through Engineering Demand Parameters 
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(EDPs), but a quantification framework for seismic resilience was not considered. 

Similar studies can be found in the literature for seismic resilience improvements 

considering seismic retrofit (Pekcan et al., 2014; Khanmohammadi et al., 2018; 

Rousakis, 2018; Vona et al., 2018; Anelli et al., 2019), but none utilizes a performance-

based quantification framework of resilience assessment.  

Molina Hutt et al. (2016) propose a seismic loss and downtime assessment 

approach for increasing seismic resilience for tall buildings by utilizing IDA, which 

employs a series of time history analyses with increasing intensity measure levels, and 

which can be computationally expensive, particularly for complex structural models, 

high-rise buildings, and in cases where buildings have to be analyzed several times. 

According to the authors’ best knowledge, seismic resilience assessment of deficient 

reinforced concrete buildings retrofitted with conventional mitigation approaches has 

not been investigated in detail and further investigations are required considering 

uncertainties, and especially through assembly-based quantification of functionalities 

by utilizing component fragility functions, consequence functions, and collapse 

fragilities. Additionally, the risk assessment indicators only consider the robustness of 

a structure, while the resilience indicator also considers the recovery of a building. 

Numerous studies also aimed at incorporating seismic sustainability or resilience 

in the performance assessment framework but most of the studies consider seismic loss, 

sustainability, or resilience individually and not in the context of decision-making 

(Decò et al., 2013; Feese et al., 2014; Padgett and Li, 2014; Dong and Frangopol, 

2016b; Dong et al., 2016; Chhabra et al., 2017; Akiyama et al., 2020; Giouvanidis and 

Dong, 2020; Liu et al., 2020). For instance, Dong and Frangopol (2015b) presented a 

framework for highway bridges, incorporating loss and resilience under the mainshock 
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and aftershock sequence. Han et al. (2017), and Tesfamariam and Goda (2015) 

performed a seismic loss assessment of non-ductile reinforced concrete structures 

incorporating a mainshock aftershock sequence. Feese et al. (2014) evaluated seismic 

repair cost and environmental consequences of commercial buildings utilizing a 

system-level approach of loss estimation. Bocchini et al. (2014) proposed a unified 

approach for sustainability and resilience in an integrated perspective due to the 

similarities and common characteristics. Frangopol and Soliman (2016) discussed the 

integration of risk, resilience, and sustainability into life-cycle management. Yang and 

Frangopol (2018) proposed a novel concept of lifetime resilience to bridge the gap 

between sustainability and resilience, among others (Zinke et al., 2012; McAllister and 

Moddemeyer, 2018; Caspeele et al., 2020). Dong and Frangopol (2016a) studied the 

seismic performance of base-isolated and conventional buildings using a component-

level approach and quantified sustainability and resilience considering slow-track and 

fast-track repair strategies.  

Fewer studies have also incorporated component-level assessment for damage 

and consequence evaluation (Chhabra et al., 2017; Hashemi et al., 2019). For instance, 

Asadi et al. (2019) discussed decision-making incorporating seismic sustainability and 

resilience. Previous seismic loss and resilience assessment studies focused on a single 

hazard (Dong and Frangopol, 2017b), multiple hazards (Kameshwar et al., 2019), 

and/or mainshock-aftershock (Dong and Frangopol, 2015b), but the stochastic 

occurrence of the multiple earthquakes is not well investigated, especially for decision-

making. The low-intensity seismic events may occur multiple times during the service 

life of a structure, while high-intensity events may only occur once due to the low 

probability of occurrence of such events. The stochastic nature of frequency and 
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magnitude of low-intensity seismic hazard may result in higher accumulative 

consequences due to multiple earthquakes during the investigated time interval, termed 

herein as long-term consequences (Li et al., 2020a; Li et al., 2020b). The long-term 

consequences are evaluated based on the occurrence model of earthquakes. The Poisson 

process with an occurrence rate λ is generally utilized to model the stochastic 

occurrence of earthquakes, which has been widely used in earthquake engineering 

(Rackwitz, 2002; Yeo and Cornell, 2009). 

2.4 Resilience assessment of community buildings 

Seismic risk assessment on a regional scale is widely investigated in the literature 

(Whitman et al., 1997; Kircher et al., 2006; Silva et al., 2014; Newman et al., 2017), 

but,  contrarily, seismic resilience assessment is relatively a recent development with a 

conceptual framework originally proposed by Bruneau et al. (2003) and later illustrated 

on community buildings (Cimellaro et al., 2010a; Cimellaro et al., 2010b). Various 

other researchers have attempted to propose methodologies to assess the resilience of 

buildings on a community level (Burton et al., 2015; Miles et al., 2018). For instance, 

Feng et al. (2017) proposed a functional interdependence model to measure 

functionality recovery as a measure of the resilience of community buildings, Lin and 

Wang (2017a) proposed stochastic functionality recovery of community buildings as 

discrete-state, continuous-time markov chain; Masoomi et al. (2020) proposed 

functionality recovery of buildings considering utility networks, Alisjahbana and 

Kiremidjian (2020) proposed housing recovery model using a stochastic queuing 

model, among others (Gonzalez et al., 2020; Logan and Guikema, 2020). All these 

resilience assessment methodologies are limited to functionality recovery curves and 
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there is rarely an attempt to connect socioeconomic consequences into performance 

indicators that can be more meaningful to the stakeholders (Nozhati et al., 2019; Hassan 

and Mahmoud, 2020). Additionally, there is also a need to consider the environmental 

consequences in the community assessment and enhancement frameworks considering 

climate change concerns. 

The end goal of these assessment methodologies is to perform decision-making but 

there are only a few resilience frameworks for building portfolios that provide such 

decision support. For instance, Masoomi and van de Lindt (2018) proposed a 

community resilience based design methodology for the built environment by 

considering population outmigration performance objective, and Kameshwar et al. 

(2019) proposed a decision support framework for community resilience by considering 

the Bayesian network. However, these decision support frameworks provide a 

generalized decision-making approach and considered a few performance indicators, 

mostly functionality recovery only. There is a need to consider multiple performance 

indicators for community buildings optimization, prioritization, and decision-making 

considering pre-hazard mitigation alternatives. 

In the past, community recovery has been investigated following a reductionism 

approach (Dong and Frangopol, 2015b; Dong and Frangopol, 2016b; Dong and 

Frangopol, 2016a; Yang and Frangopol, 2019; Giouvanidis and Dong, 2020; Li et al., 

2020a; Li et al., 2020b; Qian and Dong, 2020) by evaluating the functionality recovery 

of building portfolios in a hazard event and integrating over investigated time to 

evaluate resilience. However, the functionality of individual buildings not only depends 

on their damage states but also on the availability of utilities such as water and 

electricity. Hence, there exist interactions between buildings and utility systems 
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referred to herein as dependencies and/or interdependencies. To apply systems 

thinking, building portfolios and utility systems should be considered in a holistic 

manner (i.e., a model of an interacting physical infrastructure system consisting of 

relevant systems and key community components such as building portfolios). The 

individual building recovery and resilience assessment lack explicit modeling of such 

relationships, and therefore, resilience assessment at a community level is expected. 

Numerous studies investigated community resilience by considering building 

portfolios under hazards (Miles and Chang, 2006; Cimellaro et al., 2010b; Cimellaro et 

al., 2010a; Cimellaro and Piqué, 2016; Miles et al., 2018), exploring various methods 

such as analytical formulations, agent-based modeling, among others (Ouyang, 2014). 

For instance, Burton et al. (2015) proposed a performance-based community recovery 

framework and applied it to a residential community (Burton et al., 2017). Lin and 

Wang (2017) formulated discrete-state continuous-time Markov Chains for the 

stochastic post-disaster recovery assessment of building portfolios. These studies 

provide substantial insights into the community recovery and resilience against 

earthquakes but follow a reductionism approach where interactions among the 

components are ignored.  

Few studies have considered these interactions in the recovery modeling of 

building portfolios. For instance, Kameshwar et al. (2019) proposed a decision-support 

framework utilizing the Bayesian network, incorporating transportation, water network, 

and electrical power networks in a multi-hazard context. Masoomi et al. (2020) 

proposed a post-earthquake functionality assessment of buildings, considering the 

connectivity from utility networks, but the bidirectional coupling relationship (i.e., 

interdependency) between the water and electrical power networks, and their 
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dependence on buildings were not explored. These relationships could affect the 

demand and supply of utilities and can also provide additional insights about the 

community recovery and resilience. 

The two major approaches to evaluate community resilience include (a) evaluating 

the socioeconomic, institutional, and infrastructure capacity of a community, and (b) 

assessing functionality recovery of physical infrastructure systems (Cutter, 2020). The 

former is not hazard-specific and is a qualitative measure of resilience that relies on the 

socioeconomic performance indicators to prepare for anticipated hazards, adapt to 

changing conditions, and to recover rapidly (Cutter et al., 2014; Cutter, 2016). The latter 

aims for the physical infrastructure systems to have robustness (the ability to sustain 

damage) and recover from the hazard rapidly (Bruneau et al., 2003; Ouyang et al., 2012; 

Ouyang and Wang, 2015; Akiyama et al., 2020; Anwar and Dong, 2020; Dong and 

Frangopol, 2020). This approach is widely adopted in infrastructure resilience and the 

central idea of this approach is to improve functionality recovery by upgrading the 

physical infrastructure systems. The functionality curve is integrated over an 

investigated time after an earthquake event and the resulting value is often considered 

as a measure of its resilience (Koliou et al., 2017). The limitation is that the single 

numeric outcome is challenging to comprehend, less meaningful to the decision-

makers, and unable to capture the geospatial variations of people and services. These 

variations such as lack of access to essential facilities can contribute to population 

outmigration indicating its correlation to the resilience of a community when recovering 

from disruptions (Aldrich, 2012). Access to essential facilities after an extreme event is 

as essential as the robustness and rapidity of the physical infrastructure systems (Logan 

and Guikema, 2020), and thus can be utilized as an indicator to assess community 
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resilience. According to the best of the authors’ knowledge, there have been few studies 

providing a holistic model to assess community resilience considering bidirectional 

interactions of utility and building portfolios under seismic hazards by considering 

novel resilience indicators such as community functionality, inherent resilience, and 

access to essential facilities. Furthermore, the community building portfolios have been 

seldom considered along with its interactions with critical infrastructure systems for 

functionality and resilience assessments. 

2.5 Optimization and decision-making 

The decision-making for retrofit alternatives, considering seismic loss, sustainability 

and resilience can be challenging due to the possibility of conflicting (i.e., improving 

one criterion may worsen another criterion or one criterion may be a benefit criterion, 

preferring higher values, while another may be a cost criterion, preferring lower values) 

and disproportionate nature of criteria (i.e., some criteria may have a greater influence 

on the decision-making) (Bocchini et al., 2014; Asadi et al., 2019). For instance, some 

sustainable materials may be less resilient; a strategy to repair over replacement might 

be sustainable but may have high seismic loss potential (Brown et al., 2011; McAllister 

and Moddemeyer, 2018), among others. Sustainability and resilience are considered 

benefit performance indicators with preferred high values, while seismic loss is a cost 

performance indicator with preferred lower values. Additionally, long-term 

consequences can result in disproportionate losses and can influence decision-making 

(Ligabue et al., 2018). Technique for order preference by similarity to ideal solutions 

(TOPSIS) is a multi-criteria decision-making (MCDM) method developed by Hwang 

and Yoon (1981), and has been used in road pavements (Chang et al., 2005), bridge 
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construction (Zavadskas et al., 2007), loss assessment for civil infrastructure (Faber and 

Stewart, 2003), among others (Qian and Dong, 2020). TOPSIS considers different 

alternatives at a Euclidian distance away from the ideal solution, and the shortest 

distance of any alternative from the ideal solution is considered the most acceptable 

solution (Mateo, 2012). Caterino et al. (2009), among others, used multi-criteria 

decision-making methods for seismic retrofit selection but seismic sustainability and 

resilience were not considered. According to the best of the authors’ knowledge, there 

have been no investigations considering long-term uncertain consequences in the multi-

criteria decision-making incorporating risk attitudes of the decision makers, and by 

considering seismic loss, sustainability, and resilience for retrofit selection of buildings. 

The performance assessment and enhancements considering multiple performance 

indicators against community-level retrofit costs require a multi-objective optimization 

approach. The community building portfolios consist of numerous buildings with 

different structural systems, functionalities, and different retrofit strategies that cannot 

be selected manually for optimized performance. In the last two decades, the 

evolutionary multi-objective optimization approach has become increasingly popular 

because this technique does not require derivative information and is relatively easier 

to implement in a variety of settings such as optimizing the dynamic response of 

structural systems, design optimization, life-cycle optimization, among others in the 

context of structural engineering (Dong et al., 2014; Dong and Frangopol, 2017a). The 

method was first proposed by Holland (1975), inspired by Darwin’s evolutionary theory 

of the origin of species. Later, many multi-objective evolutionary algorithms were 

developed (Schaffer, 1985; Horn et al., 1994; Konak et al., 2006), the two most widely 

adopted being the strength Pareto evolutionary algorithm (Zitzler et al., 2001) and non-
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dominated sorting genetic algorithm (Deb et al., 2002). In a community building 

portfolio under a hazard scenario, few researchers have employed one of these methods 

on a community level to solve the optimization problem in a pre-hazard scenario. For 

instance, Zhang and Nicholson (2016) proposed bi-objective optimization considering 

risk in terms of population dislocation and structural costs. However, sustainability-

related indicators and uncertainties have not been explored.  

A community building portfolio consists of a number of buildings with different 

code configurations, structural systems, dimensions, and stories, among others. Hence, 

formulating an objective function with derivative information may not be practical. 

Contrarily, numerical optimization approaches are gaining traction due to the 

advancements in computer simulations (Larson et al., 2019; Gambella et al., 2021; 

Pardalos et al., 2021). The numerical optimization problems where derivative 

information is not directly available are referred to as black-box optimization problems 

(Guirguis et al., 2019). In the case of community building portfolios, it can be 

computationally expensive to query an objective function from a black box which 

makes these conventional numerical optimization techniques undesirable.  

The solution is to develop sequential sampling techniques by establishing a cheap 

surrogate model from a finite number of points from an expensive black-box objective 

function (Forrester and Keane, 2009). This surrogate-based optimization technique 

utilizes Gaussian process models to sample points by utilizing acquisition functions. 

The Gaussian process models have shown good performance and have been utilized in 

multi-objective settings with existing optimization algorithms (Rasmussen, 2003a; 

Knowles, 2006; Voutchkov and Keane, 2010). There also have been improvements in 

the algorithms in terms of acquisition functions such as the use of hypervolume 
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functions, utilizing expected Euclidian distances, among others (Emmerich et al., 2011; 

Hupkens et al., 2014; Emmerich et al., 2016). 

The approximated Pareto-optimal solutions provide multiple optimal solutions in 

terms of considered performance objectives. The relationships between the pre-hazard 

mitigation costs and resulting performance enhancements can be identified and an ideal 

solution can be selected (Sabatino et al., 2015; Dong and Frangopol, 2017a). However, 

selecting an ideal solution from the Pareto-optimal may not be straight forward task due 

to many factors. For instance, performance enhancements may be in terms of reducing 

casualties or equivalent carbon emissions during repair, among others and it is difficult 

to assign a cost-benefit approach to select an ideal solution considering multiple 

different performance objectives (Frangopol et al., 2017).  

The decision may be further complicated due to different rates of returns, hazard 

scenarios with varying intensities and probability of occurrences, and inherent risk 

perceptions of decision-makers due to uncertain consequences (Cheng and Frangopol, 

2021). A risk-seeking decision-maker may prefer a low mitigation cost solution in 

exchange for high future consequences, whereas a risk-averse decision-maker may 

prefer low uncertainty and is more inclined toward reducing future consequences (Dong 

and Frangopol, 2015a; Gong and Frangopol, 2020). Hence, the information provided 

by approximated Pareto-optimal solutions is inadequate for decision-making under 

uncertain consequences. Hence, an efficient surrogate-based optimization and decision-

making framework for community building portfolios considering socioeconomic and 

environmental consequences under risk perceptions is needed. According to the best of 

the authors’ knowledge, there have been no studies providing an efficient performance-

based multi-objective Bayesian optimization framework for community building 
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portfolios by utilizing Gaussian process surrogates, spectral sampling techniques, and 

by considering multiple performance indicators including risk, resilience, and 

sustainability as performance objectives and under uncertainties. 

2.6 Research Gaps 

The literature review chapter provides details related to the need for performance-based 

assessment methods to evaluate socioeconomic and environmental consequences in 

terms of meaningful and novel performance indicators including risk, resilience, and 

sustainability. The scope of the literature review is limited to buildings and building 

portfolios on a community-level, and under seismic hazard scenarios. The literature 

review is conducted related to the performance assessment, enhancement, and decision-

making of buildings and building portfolios under seismic hazard scenarios with 

increased attention towards resilience. The findings in terms of the research gaps are as 

follows: 

1.  There is an apparent need to integrate resilience and sustainability into the 

performance-based assessment frameworks to establish a comprehensive 

methodology capable of incorporating detailed component-based performance 

models to provide meaningful performance indicators for decision-makers and 

stakeholders under uncertain consequences. 

2.  The resilience assessment of buildings retrofitted with conventional mitigation 

approaches is required to be investigated by developing detailed component-

level recovery assessment strategies. Since the conventionally conducted risk 

assessments are not capable of providing information related to the additional 

consequences during the recovery from an extreme event. 
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3.  Furthermore, there are no studies available extending the next-generation 

performance-based assessment methodologies for decision-making especially 

considering the long-term consequences. Hence, establishing a multi-criteria 

decision-making framework incorporating seismic risk, sustainability, and 

resilience for retrofit selection is required. 

4.  Additionally, it is more desirable to think about resilience on a community level. 

In this respect, there have been no studies providing a holistic model to assess 

community resilience considering dependencies and interdependencies of 

utility networks and building portfolios under seismic hazards by considering 

novel resilience indicators such as community functionality, inherent resilience, 

and access to essential facilities. 

5.  Finally, for performance enhancement and decision-making, efficient 

surrogate-based optimization and decision-making framework for community 

building portfolios considering socioeconomic and environmental 

consequences under risk perceptions is required for possible performance 

enhancements on a community level. 

The following chapters (i.e., chapter 3 to chapter 8) address the aforementioned 

research gaps, and the last chapter provides the overall conclusion and findings 

resulting from the addressed research gaps.  
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CHAPTER 3 PERFORMANCE-BASED PROBABILISTIC 

FRAMEWORK FOR SEISMIC RISK, RESILIENCE, 

AND SUSTAINABILITY 

3.1 Introduction 

Recent earthquakes have highlighted additional losses due to the lack of resilience of 

damaged structures. Environmental impact, as a performance indicator, has also 

received increased attention within performance-based earthquake engineering. In this 

chapter, a combined probabilistic framework is proposed to assess seismic risk, 

sustainability, and resilience of a non-ductile reinforced concrete frame structure. The 

framework utilizes a three-dimensional inelastic fiber-based numerical modeling 

approach to develop limit states associated with performance levels. The decision 

variables (i.e. repair cost, downtime, and equivalent carbon emissions) are quantified 

at both component- and system-level and are compared considering seismic risk, 

sustainability, and resilience. Additionally, the proposed approach considers 

uncertainties in the building performance and consequence functions of structural and 

non-structural components. Fast-track and slow-track schemes are utilized as a repair 

strategy and probabilistic resilience is quantified given the investigated time period. 

The proposed approach can aid the development of next-generation performance-based 

engineering incorporating both resilience and sustainability. 
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3.2 Sustainability and resilience under seismic hazard 

3.2.1 Seismic sustainability 

Sustainability, as defined in the report of Brundtland, (1987) is “meeting the needs of 

the present generation without compromising the ability of future generations to meet 

their own needs”. Sustainability assessment includes social, economic, and 

environmental impacts distributed over the life-cycle of a building (e.g., construction, 

maintenance, demolition, and aging). In this study, seismic sustainability is emphasized 

by considering the socio-economic and environmental impacts resulting from 

earthquake hazards. Environmental indicator (e.g., equivalent carbon emissions) is used 

to evaluate environmental impacts. The social impact of seismic sustainability is 

determined by calculating the total repair time of a building under seismic hazard. 

Mathematically, the sustainability impact of earthquake hazard can be computed as: 

                                   SI = 𝐶𝑆𝑀|𝐶 . 𝑝𝐶|𝐼𝑀 + 𝐶𝑆𝑀|𝑁𝐶 . (1 − 𝑝𝐶|𝐼𝑀)                                 3-1 

𝐶𝑆𝑀|𝑁𝐶 = ∑.𝐶𝑜𝑚𝑝∑ 𝐶𝑆𝑀,𝐶𝑜𝑚𝑝|𝐷𝑆. 𝑝𝐷𝑆,𝐶𝑜𝑚𝑝|𝐼𝑀 𝐷𝑆                             3-2 

where 𝐶𝑆𝑀|𝐶  and 𝐶𝑆𝑀|𝑁𝐶  is the consequence (e.g., economic loss, equivalent CO2 

emissions, repair time) given collapse and non-collapse of a building; IM is the intensity 

measure; 𝑝𝐶|𝐼𝑀  is the probability of collapse under IM;  𝐶𝑆𝑀,𝐶𝑜𝑚𝑝|𝐷𝑆  is the 

sustainability metric given a damage state of a given component with the building; and 

𝑝𝐷𝑆,𝐶𝑜𝑚𝑝|𝐼𝑀 is the probability of a damage state associated with a component under a 

given IM.  
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The carbon emissions due to repair (i.e. non-collapse condition) are accounted 

for, by calculating the probability of damage states (i.e. 𝑝𝐷𝑆,𝐶𝑜𝑚𝑝|𝐼𝑀) utilizing fragility 

functions of considered structural and non-structural components. The consequences 

associated with different repair actions are weighted with relevant probability of being 

in damage states to determine the desirable sustainability impact of a particular 

component (i.e. ∑ 𝐶𝑆𝑀,𝐶𝑜𝑚𝑝|𝐷𝑆. 𝑝𝐷𝑆,𝐶𝑜𝑚𝑝|𝐼𝑀 𝐷𝑆 ). A similar procedure is carried out for 

all the components and the desirable consequences given non-collapse of a building are 

evaluated (i.e. 𝐶𝑆𝑀|𝑁𝐶). The consequence given the collapse of a building is determined 

considering construction materials (e.g. concrete, reinforcing steel, bricks) used during 

the construction phase and the relevant sustainability impact of construction materials 

can be determined. The total sustainability impact (e.g. equivalent carbon emissions) is 

evaluated by adding consequences for collapse and non-collapse of a building weighted 

as represented in Equation (3-1). 

3.2.2 Seismic resilience 

Resilience is represented by its functionality and can be associated with four attributes: 

robustness: the ability to withstand an extreme event without complete failure; rapidity: 

the ability to recover from an extreme event efficiently and effectively; redundancy: 

reserve or substitutive structural components or systems; and resourcefulness: 

efficiency in identifying problems, prioritizing solutions, and mobilizing (Bruneau et 

al., 2003). Mathematically, resilience can be evaluated by integrating the functionality 

curve over time. 
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Figure 3-1 Resilience assessment under hazards 

𝑅𝑆 =  
1
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∫ 𝑄(𝑡)𝑑𝑡
𝑡0+𝑇𝑟

𝑡0
                                                     3-3 

equivalent CO2 emissions) given collapse and non-collapse of a building; IM is the 

intensity measure; 𝑝𝐶|𝐼𝑀 where Q(t) is the functionality; t0 is the time of occurrence of 

the extreme event and Tr is the time of investigation of functionality. As shown, the 

three functionality states associated with the functionality are proposed defined as 

follows: 

1.  Reliability state (SI): Pre-event functionality state where a building is 

considered to have baseline functionality (i.e., the building is functional or in an 

original state before the occurrence of a hazard event); 

2.  Recovery state (SII): Post-event functionality state where the building is 

considered to have a loss of functionality depending upon the robustness of the 

building, and time-variant functionality regain as a result of repair efforts. Two 

types of repair schemes are defined for functionality recovery (i.e., series repair 

scheme where a building is repaired one story at a time termed as slow-track 

and parallel repair scheme where all the stories are repaired simultaneously 
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termed as fast-track). The repair efforts are an attribute of resourcefulness and 

redundancy of the system; and 

3.  Recovered state (SIII): building functionality after the recovery efforts (i.e., 

building regains loss of functionality) 

In the reliability state, the building has baseline functionality and at t0 the 

building changes from baseline functionality to residual functionality as a result of 

physical damage and loss of services of a building. After a hazard event, the state 

changes from reliability state to recovery state, which includes the delay time (i.e., the 

time required for inspection, engineering mobilization, review and/or redesign, 

financing, contractor mobilization and permitting, etc.) and the time-variant 

functionality improvement. Subsequently, repair actions are performed, and the 

building regains its functionality to reach a recovered state. The resilience can be 

calculated by taking integral from a hazard event to the investigated time period. 

3.3 Integrated performance-based engineering 

The PBEE methodology is carried out in four stages (i.e., hazard, structural, damage, 

and loss analysis), providing Decision Variables (DVs) meaningful to the stakeholders. 

The methodology focuses on probabilistic procedures to incorporate uncertainties in all 

phases of the process. 
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Figure 3-2 PEER PBEE methodology incorporating sustainability and resilience 

Each stage of the PBEE methodology is carried out individually to arrive at 

DVs. For a given earthquake scenario, following equations are utilized to calculate 

expected total loss, total repair time, and total sustainability impact (e.g. environmental 

indicator in terms of equivalent carbon emissions).  

L |IM = LC|IM+LNC|IM                                                     3-4 

   |IM =   C|IM +   NC|IM                                                3-5 

SI |IM = SIC|IM + SINC|IM                                             3-6 

where 𝐿𝑇|𝐼𝑀 is a total monetary loss DV; 𝐿𝐶|𝐼𝑀 and 𝐿𝑁𝐶|𝐼𝑀 are losses for collapse and 

non-collapse; 𝑅𝑇𝑇|𝐼𝑀 is a total building repair time DV; 𝑅𝑇𝐶|𝐼𝑀 and 𝑅𝑇𝑁𝐶|𝐼𝑀 are repair 

times for collapse and non-collapse; 𝑆𝐼𝑇|𝐼𝑀  is the total seismic sustainability impact 

Hazard model

λ[IM|D]

Site hazard

λ[IM]

Structural model

P[EDP|IM]

Structural 

response

[EDP]

Fragility model

P[DM|EDP]

Damage 

response

[DM]

IM: Intensity measure

EDP: Eng’ing demand param.

DM: Damage measure

DV: Decision measure

Loss model

P[DV|DM]

Repair loss,

Downtime

[DV]

Collapse loss, 

Rebuild time

[DV]

GHG 

emissions

[DV]

Collapse

No 

Collapse

Environment model

P[DV|C(IM)]

GHG 

emissions

[DV]

Environment model

P[DV|DM]

Collapse

Time variant

functionality

[Q(t)]

Recovery model

Residual

functionality

[Q(t0)]

Functionality model

Seismic 

Sustainability

[SI]

Seismic Risk

[DV]

Resilience

[RS]

Loss model

P[DV|C(IM)]
PBEE methodology 



37 

 

(e.g., equivalent carbon emissions); and 𝑆𝐼𝐶|𝐼𝑀 and 𝑆𝐼𝑁𝐶|𝐼𝑀 are seismic sustainability 

impact for collapse and non-collapse cases. The detailed process of PBEE incorporating 

resilience and sustainability is introduced in the following section. 

3.3.1 Hazard analysis 

PBEE methodology requires the selection of suits of earthquake records representative 

of the potential scenarios, a structural system may experience. The representative 

earthquake records for dynamical analysis are selected based on the criteria, such as 

magnitude, source mechanism, source to site distance, rupture directivity, and local site 

conditions, among others. Several ground motion databases are available for ground 

motion selection, such as the PEER ground motion database, and the European strong-

motion database. 

3.3.2 Structural analysis 

Structural analysis is performed to evaluate the response of the structure under seismic 

hazards. Nonlinear time history analysis is performed to determine engineering demand 

parameters (EDP) (such as element forces, deformations, floor accelerations, drifts, 

etc.). Element forces and drifts are considered more suitable for structural components, 

while peak floor accelerations and peak floor velocities are usually considered for non-

structural components. The variation in hazard is incorporated by considering a number 

of analyses with given intensity measures to get the mean and variance of EDPs. The 

probability of collapse 𝑝𝐶|𝐼𝑀 can be determined using collapsed data from Incremental 

Dynamic Analysis (IDA) (Vamvatsikos and Cornell, 2002), and the probability of 

having no global collapse can be determined using the total probability theorem. 
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pNC|IM = 1 − pC|IM                                                        3-7 

A lognormal cumulative distribution function is used to fit the probability of collapse 

under a given EDP (Sfahani et al., 2015). Fragility curves for IO, LS, and CP can also 

be generated similarly as follows: 

pC|IM = 𝛷 (
𝑙𝑛 (x/θ)

β
)                                                         3-8 

where Φ is the standard normal cumulative distribution function (CDF);  is the median 

of the collapse fragility function (i.e., Intensity measure (IM) with 50% probability of 

collapse); and  is the dispersion or standard deviation of lnIM. 

3.3.3 Damage analysis 

Damage analysis is performed to determine physical damage at the component level 

using structural responses in terms of EDPs. The probabilistic EDPs are incorporated 

with the damage fragility curves to calculate the Probability of Exceedance (PoE) of 

damage states. Damage measures (DM) in terms of different damage levels or damage 

states are typically defined as fragility functions to quantify the damage. The damage 

fragility functions for structural and non-structural components can be developed using 

experimental testing, analytical modeling, and/or expert opinion. Component fragility 

functions are usually divided into fragility groups and performance groups depending 

upon the EDPs effect on component damage. 
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3.3.4 Seismic risk assessment 

Loss analysis is performed to determine direct economic losses and downtime. The 

PoEs obtained from damage analysis are used to determine losses using consequence 

functions, which are likely values of repair to replacement cost ratio, repair time, etc. 

Limit state fragilities are utilized along with the hazard model to determine the 

probability of collapse of a building and related consequences are evaluated. Fragility 

functions utilized in the fragility model are used along with the repair actions to 

evaluate related consequences for the non-collapse of a building. The uncertainties of 

the consequence functions are included depending upon the variability in each of the 

DV. The Monte Carlo process is used to generate a large number of EDPs for the 

statistically consistent demand sets given a limited set of input EDPs. These demand 

sets generated using Monte Carlo simulations are used with fragility and consequence 

functions to calculate statically distributed DVs. Losses due to collapse and non-

collapse of a building are added to determine seismic risk due to earthquake scenario. 

3.3.5 Seismic sustainability and resilience assessment 

In this section, the seismic sustainability and resilience assessment incorporated in the 

proposed framework is outlined. Step 1 starts with building a detailed finite element 

model. A suite of earthquake ground motions is selected, and IDA is performed to 

develop fragilities at immediate occupancy (IO), life safety (LS), collapse prevention 

(CP), and collapse (C) limit states. In Step 2, three hazard scenarios are considered with 

50%, 10%, and 2% probability of exceedance in 50 years of a structure. Non-linear time 

history analyses are performed to evaluate structural responses (e.g., story drifts, floor 

accelerations, and velocities). Drift-sensitive structural components, drift-sensitive 
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non-structural components, and acceleration-sensitive non-structural components are 

identified, and component-level damage assessment is performed using fragility 

functions determined from literature (FEMA, 2012; Dong and Frangopol, 2016). Monte 

Carlo simulations are conducted, and monetary losses and downtime are evaluated 

using consequence functions. 

In Step 3, repair actions are determined for the considered structural and non-

structural components following the repair descriptions provided in fragility 

specifications of FEMA methodology (FEMA, 2012). Monte Carlo simulations are 

performed to probabilistically determine equivalent carbon emissions related to the 

relevant materials. The relationship between equivalent carbon emissions and the 

materials is extracted from (Chau et al., 2012; Dong and Frangopol, 2016). Seismic 

sustainability is thus evaluated by quantifying equivalent carbon emissions using the 

probability of damage and collapse scenarios utilizing Equations (3-1) and (3-2). 

In Step 4, probabilistic seismic resilience can be quantified utilizing the residual 

functionality of a building and its recovery to pre-event functionality state at the end of 

recovery time. The residual functionality is mapped against the different building limit 

states developed in Step-1; with baseline functionality at no damage and zero 

functionality at building collapse. Intermediate functionalities are assigned to different 

damage states to account for uncertainties. Recovery functions can be linear, 

trigonometric, and exponential and depend on the community’s resourcefulness and 

rapidity. Under an earthquake event, the building will suffer structural and non-

structural damage, and the building will change its state from full functionality to some 

residual functionality depending upon the robustness of a structure. Recovery functions 

are used to track time-variant functionality improvement and after the downtime, the 



41 

 

building will achieve full functionality. The time-variant functionality over an 

investigated period can thus be determined, and resilience can be computed by 

integrating the time-variant functionality using Equation (3-3). 
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Figure 3-3 Probabilistic sustainability and resilience quantification framework 

3.4 Illustrative example 

3.4.1 Description and modeling of the investigated building 

The developed integrated performance-based assessment methodology for seismic 

sustainability and resilience quantification is applied to an eight-story non-ductile RC 

moment-resisting frame structure. The selected building is located in the earthquake-

prone region and was not designed considering earthquake design guidelines, as 

standard practice before the implementation of earthquake codes. The non-ductile 

structures may perform poorly during a natural hazard since they are not designed 

according to the revised building codes. The building has a ground floor height of 5 m 

and a typical story height is 3.5 m, design details for critical elements along with the 

layout are shown in the following Figure. 

The building was constructed before 1991 when UBC (1997) recommended 

seismic zone ‘0’ for most of the low-to-medium seismicity regions. Recent seismic 

hazard studies revised the seismic zones in many regions of the world, however existing 

building stock may be vulnerable to seismic risk. The considered building was designed 

only under the gravity and wind loads without considering seismic provisions. Gravity 

loads considered in the design process include self-weight, superimposed dead load of 

4.0 kN/m2, and a live load of 2.0 kN/m2. The live load of 4.8 kN/m2 was considered for 

the staircase areas and exit ways. The considered building is a residential structure and 

was assigned risk category II. Concrete strength of 20 MPa and mild steel with a yield 

strength of steel of 240 MPa were used in the design. Slab thickness of 0.2m was used 
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considering serviceability requirements and column dimensions were appropriately 

selected. 

 

Figure 3-4 Vertical member design and layout of 8-story building 

Fiber-based modeling technique is used for the performance evaluation of non-

ductile structures under earthquake hazards. Incremental dynamic analysis was 

performed using nonlinear analysis software. Nonlinear material properties are used to 

represent concrete and steel behavior. The nonlinear concrete confinement model is 

used with a crushing strain of 0.02 and a confinement factor of 1.05 depending upon 

the reinforcement detailing. A bilinear elastoplastic model with kinematic strain 

hardening is used for mild steel with a strain hardening parameter of 0.005, yield 

strength of 264 MPa, and modulus of elasticity of 200 GPa. Structural members are 

modeled using Cubic Elasto-Plastic Frame (CEPF) elements, which are capable of 
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modeling concrete cracking and steel yielding. CEPF elements are also capable of 

effectively modeling nonlinear geometric and material properties in space frames 

(Mwafy and Elkholy, 2017). 

3.4.2 Structural vulnerability 

IDA analysis was performed using carefully selected twenty far-field earthquake 

records based on epicentral distance, magnitude, soil conditions, PGA, and a/v ratios. 

ASCE (2013) gives limit states with respect to Inter-story Drift Ratios (IDR) for each 

performance criteria. An IDR of 0.5%, 1%, and 2% is considered for IO, LS, and CP 

performance limit states, while numerical instability due to excessive nonlinear 

deformations in the structure is considered for the collapse limit state (Li et al., 2014; 

Vamvatsikos and Cornell, 2002). Building fragility curves developed using IDA are 

shown in the following Figure. The extracted fragility curves provide probability of 

exceedance of the given limit states given the intensity measures. The fragility curves 

for the IO, LS, CP seems steeper as compared to the moment resisting frames designed 

in accordance to the recent design codes with implemented seismic provisions. This 

could be due to several factors. For instance, in the illustrative example, UBC (1997) 

was utilized and seismic provisions were not considered. Also, concrete strength of 20 

MPa was considered with comparatively higher superimposed and live loads, making 

building heavier and hence more prone to the seismic loads. Hence, the fragility curves 

may appear steeper as compared to ductile moment resisting reinforced concrete frames 

that are designed according to the latest seismic design codes and have sufficient 

ductility to absorb the lateral loads 
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Figure 3-5 (a) IDA results and (b) Fragility curves of the investigated RC building 

Loma Prieta-Emeryville 1989 with a magnitude of 6.93 and a duration of 28 

seconds is selected for seismic sustainability and resilience assessment. The 

hypothetical seismic scenarios (i.e., service level earthquake (SLE) with a 50% 

probability of occurrence in the 50-year life of a structure, design level earthquake 

(DLE) with 10% probability of occurrence, and maximum considered earthquake 

(MCE) with 2% probability of occurrence) are then assumed. The earthquake record is 

selected for illustrative purposes. Generally, record-to-record variability and 

uncertainty should be considered and a wide range of realizations considering 

uncertainties must be generated to account for ground motion variations. Time history 

analysis is performed, and results are plotted for maximum IDRs and accelerations. 

Maximum IDR of 1.02%, 2.47%, and 3.67% is observed at story-5 and story-6 for three 

earthquake scenarios. Similarly, maximum floor accelerations of 0.276g, 0.448g, and 

0.570g are observed at story-8, story-3, and story-1, respectively. 
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Figure 3-6 Time histories of inter-story drifts at (a) story-5 under SLE scenario, (b) 

story-5 under DLE scenario, and (c) story-6 under MCE scenario and time histories of 

maximum accelerations at (d) story-8 under SLE scenario, (e) story-3 under DLE 

scenario, and (f) story-1 under MCE scenario 

As shown, it can be observed that the increasing intensity of earthquake 

scenarios results in increasing demands on a structure. Peak IDRs increased by 58.48% 

for DLE and 32.63% for MCE. Similarly, for peak floor accelerations, an increase of 

38.36% for DLE and 23.33% for MCE is observed. 
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Figure 3-7 EDPs for earthquake scenarios (a) Peak inter-story drift ratios and (b) peak 

floor acceleration 

3.4.3 Performance, seismic loss, and sustainability 

Seismic loss and sustainability in terms of dollar, downtime, and equivalent carbon 

emissions are assessed considering structural and non-structural components. 

Damageable components are identified and divided into two performance groups (i.e., 

drifts-based performance group and acceleration-based performance group). The drifts-

based performance group includes drift-sensitive structural components and drift-

sensitive non-structural components, while the acceleration-based performance group 

includes acceleration-sensitive non-structural components. The fragility functions of 

the damageable components are represented using lognormal distributions with median 

and dispersion values. Table 3-1 shows various structural and non-structural 

damageable components considered in this example with uncertainty incorporated 

repair costs at different damage states. The damageable components fragility curves 

and repair costs are collected from Cardone and Perrone (2017) and FEMA (2012). 
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Table 3-1 Fragility curves and repair costs of the damageable components 

Components DS No. 

per 

floor 

EDP Fragility functions Repair cost (USD) 

median dispersion median dispersion 

Structural components 

External 

joints 

DS1 

DS2 

DS3 

16 IDR 

(%) 

1.75 

2.25 

3.22 

0.40 

0.40 

0.40 

2090 

3180 

3860 

0.39 

0.32 

0.30 

OMRF 

columns 

DS1 

DS2 

DS3 

24 IDR 

(%) 

1.50 

1.75 

2.00 

0.40 

0.40 

0.40 

2090 

3180 

3860 

0.39 

0.32 

0.30 

Non-structural infill components 

Masonry 

infill 

DS1 

DS2 

DS3 

10 IDR 

(%) 

0.15 

0.40 

1.75 

0.5 

0.5 

0.35 

570 

1200 

5760 

0.22 

0.44 

0.52 

Exterior 

masonry 

infill with 

windows 

DS1 

DS2 

DS3 

16 IDR 

(%) 

0.1 

0.3 

1.75 

0.5 

0.5 

0.4 

570 

1020 

4320 

0.30 

0.46 

0.52 

Interior 

masonry 

infill with 

doors and 

windows 

DS1 

DS2 

DS3 

12 IDR 

(%) 

0.2 

0.5 

1.75 

0.50 

0.40 

0.35 

510 

960 

4650 

0.28 

0.46 

0.52 

Aluminum-

framed 

window 

DS1 

DS2 

DS3 

30 IDR 

(%) 

1.6 

3.2 

3.6 

0.29 

0.29 

0.27 

69.6 

348 

696 

0.2 

0.2 

0.2 

Non-structural MEP components 
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Conveying 

cold water 

DS1 

DS2 

67.5*

1000l

f 

PFA 

(g) 

1.5 

2.6 

0.4 

0.4 

50 

500 

0.76 

0.4 

Conveying 

hot water 

DS1 

DS2 

954*

1000l

f 

PFA 

(g) 

0.55 

1.1 

0.4 

0.4 

50 

500 

0.76 

0.41 

Sanitary 

waster piping 

DS1 

DS2 

545*

1000l

f 

PFA 

(g) 

1.2 

2.4 

0.5 

0.5 

80 

560 

0.58 

0.34 

Electrical 

service and 

distribution 

(Switchgear) 

DS1 3.6*

AP 

225 

PFA 

(g) 

1.28 0.4 1940 0.16 

Electrical 

service and 

distribution 

(Distribution 

panel) 

DS1 3.6*

AP 

225 

PFA 

(g) 

2.16 0.45 1940 0.16 

*DS1 = Damage state 1, DS2 = Damage state 2 and DS3 = Damage state 3 

*PFA = Peak floor accelerations 

*MEP=Mechanical, electrical and plumbing 

*OMFR = ordinary moment resisting frame 

*lf = linear foot 

Fragility functions and repair functions for different damage states are presented 

for considered damageable components. The number of components per floor is also 

given. It can be noted that Mechanical, electrical, and plumbing (MEP) components are 

acceleration sensitive, while non-structural infills and structural components are drift 

sensitive. The repair loss of the components is calculated using Equation (3-2). The loss 

distributions for all the components are determined using Monte Carlo simulations and 

aggregated for structural and non-structural repair losses. The following Figure shows 

structural and non-structural repair losses under considered seismic scenarios. 



50 

 

 

Figure 3-8 Distributions for repair loss associated with structural and non-structural 

components at (a) SLE, (b) DLE, and (c) MCE 

The total expected losses for SLE, DLE, and MCE level earthquakes are 6.03 x 

105, 2.25 x 106, and 3.47 x 106 USD, respectively. As indicated, the repair losses for 

the non-structural components are much larger at the SLE level, but as the intensity of 

earthquake ground motion increases, the structural losses significantly increase along 

with the non-structural components. Since its non-ductile structure with stringent drift 

performance limit states, structural losses are also higher. The collapse cost determined 

at three earthquake levels is 1.72 x 100, 5.01 x 104, and 9.93 x 105 USD, respectively. 

(a) (b)

(c)
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Results indicate negligible collapse losses at SLE, 2.18%, and 22.25% of the total losses 

at DLE and MCE. It shows that most of the structural and non-structural losses are at a 

low probability of collapse, even at MCE level earthquake for a building designed 

without considering earthquake forces, the losses due to collapse contribute to 22.25%. 

The repair to replacement cost ratio for three earthquake levels is 15.51%, 57.84%, and 

89.19%. The higher repair to replacement ratio can be due to non-ductile code 

configurations of the evaluated RC frame structure. It is observed that most of the 

damage is from non-structural infills, structural components also contribute to the repair 

loss considerably, while repair loss due to MEP components is negligible. 

Table 3-2 Damage ratios corresponding to different damage states 

Damage State Damage ratio (%) Central damage 

ratio 

Slight Structural Damage (IO) 1.25-7.50 3.5 

Moderate Structural Damage (LS) 7.5-20 10 

Severe Structural Damage (CP) 20-90 65 

Collapse (C) 90-100 95 

 

Environmental impact in terms of greenhouse gases (GHG) is assessed by 

quantifying equivalent CO2 emissions associated with the repair activities. Repair 

actions of damageable components for different damage states shown in Table 3-3 are 

used to quantify materials during repair activities. The material types of damageable 

building components, material take-off and the relevant distributions of equivalent 

carbon emissions are shown in Table 3-4.  

Table 3-3 Repair actions of damageable components at different damage states 
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Components Damage 

states 

Repair actions 

Structural components 

External joints and OMRF 

Columns 

DS1 Patch new plaster and paint 

DS2 Restore concrete 1 inch beyond the 

exposed reinforcing steel, Patch new 

plaster and paint 

DS3 Replace component 

Non-structural infill components 

Masonry Infill DS1 Patch new plaster and paint 

DS2 Restore broken bricks, patch new plaster 

and paint 

DS3 Reinstall windows and doors, restore all 

bricks, patch new plaster and paint 

Non-structural MEP components 

Conveying cold water, hot 

water and sanitary piping 

DS1 Fix minor leakage 

DS2 Fix one pipe break per 1000 feet 

Electrical service and 

distribution (Switchgear and 

distribution panel) 

DS1 Fix inoperability 

 

The material take-offs are based on the building drawings and repair actions, 

and the carbon emission values are based on the study conducted by Chau et al. (2012) 

and Dong and Frangopol (2016). Monte Carlo simulations are performed and 

equivalent CO2 emissions are quantified for all the damageable components and 

aggregated to get total emissions. The equivalent CO2 emissions for SLE, DLE, and 

MCE are shown in the following Figure. 

Table 3-4 Material take-offs and CO2 emissions of different building materials 
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Material 

type 

SLE DLE MCE Type of 

PDF 

CO2 emissions 

(kg CO2/kg) 

 kg kg kg  Median β 

Concrete 1.27 x104 1.84 x105 3.22 x105 uniform 0.045 0.06 

Steel 9.96 x102 1.68 x104 3.04 x104 lognormal 0.460 0.4 

Plaster 1.08 x105 1.81 x105 2.22 x105 lognormal 0.023 0.4 

Paint 8.84 x103 1.33 x104 1.57 x104 lognormal 1.665 0.4 

Brick 3.54 x105 9.60 x105 1.31 x106 lognormal 0.042 0.4 

Glass 4.15 x102 4.05 x103 6.27 x103 normal 0.184 0.4 

Plywood 3.17 x102 4.84 x103 7.50 x103 lognormal 0.192 0.4 

* β = dispersion values 

 

Figure 3-9 CO2 emissions under three earthquake scenarios 

3.4.4 Downtime and resilience 

Repair times associated with damageable components are shown in Table 3-5. Repair 

times are represented as worker days required to complete repairs while building 
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downtime is the total time required for a building to complete all repairs. Downtime is 

calculated using two schemes (i.e., parallel (fast-track) and series (slow-track)). In 

practice, neither parallel nor series configuration is utilized but it covers a wide range 

of downtime, and actual downtime is presumed to be within this range. In addition to 

repair times for actual building repair activities, additional time called delay time is also 

considered in the downtime assessment. Delay time is an additional time required for 

inspection, engineering mobilization, review and/or redesign, financing, contractor 

mobilization and permitting, etc. The delay times can vary considerably and can range 

from weeks to months (Hutt et al., 2015). The repair times of damageable components 

are collected from FEMA (2012). 

Table 3-5 Probabilistic repair times of damageable components  

Components Damage 

state 

Repair time 

(Worker-days) 

median dispersion 

Structural components 

External joints DS1 

DS2 

DS3 

18.9 

28.7 

35.3 

0.46 

0.40 

0.39 

OMRF columns DS1 

DS2 

DS3 

18.9 

28.7 

35.3 

0.46 

0.40 

0.39 

Non-structural infill components 

Masonry infill DS1 

DS2 

DS3 

18.9 

28.7 

35.3 

0.46 

0.40 

0.39 
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Exterior masonry infill with 

windows 

DS1 

DS2 

DS3 

5 

10 

15 

0.4 

0.4 

0.4 

Interior masonry infill with doors 

and windows 

DS1 

DS2 

DS3 

5 

12 

17 

0.4 

0.4 

0.4 

Aluminum-framed window DS1 

DS2 

DS3 

0.18 

0.72 

1.44 

0.3 

0.3 

0.3 

Non-structural MEP components 

Conveying cold water DS1 

DS2 

0.307 

0.281 

0.80 

0.48 

Conveying hot water DS1 

DS2 

0.370 

0.281 

0.80 

0.48 

Sanitary waster piping DS1 

DS2 

0.424 

3.02 

0.63 

0.42 

Electrical service and distribution 

(Switchgear) 

DS1 2.18 0.3 

Electrical service and distribution 

(Distribution panel) 

DS1 2.18 0.3 

 

Slow track and fast track repair schemes can provide a reasonable estimate of 

lower and upper bounds of a building downtime and can be calculated by dividing the 

total repair time with the total number of workers available per floor for repairs and 

adding delay times. The consequence functions for structural and non-structural 
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components are based on (Cardone and Perrone, 2017; Dong and Frangopol, 2016; 

FEMA, 2012). 

The following Figure shows the downtime at three earthquake levels for slow 

track and fast track. The expected downtime for the slow track at three levels is 567, 

1735, and 2621 days, respectively; similarly, for the fast track is 90, 362, and 486 days. 

The difference between slow and fast track depends on the number of stories along with 

other factors, as the number of stories increases, the difference in the slow-track and 

fast-track increase considerably (Almufti and Willford, 2013).  

 

Figure 3-10 Downtime for the slow and fast track at levels (a) SLE, (b) DLE, and (c) 

MCE 

(a) (b)

(c)
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At the SLE level, most of the downtime is due to the non-structural repair of 

infills, while for DLE and MCE levels, downtime due to structural repair is dominant. 

The distribution of downtime is utilized for the resilience assessment. Performance 

limit states (i.e., IO, LS, CP, and collapse) are considered for the determination of 

residual functionality. Residual functionality also considered as the robustness of a 

building system can be quantified from the building performance limit states. The 

uncertainties associated with functionality are incorporated using a triangular 

distribution with lower bound, upper bound, and mode corresponding to IO, LS, and 

CP as (0.7, 0.9, 0.8), (0.4, 0.6, 0.5), and (0, 0.2, 0), respectively (Dong and Frangopol, 

2016). The residual functionality corresponding to no damage is 1 and for the collapse 

of a building is 0. Monte Carlo simulations are performed for the uncertainty modeling 

of residual functionality against different limit states and corresponding expected 

values for three levels are determined (i.e., 0.52, 0.22, and 0.15 for SLE, DLE, and 

MCE). Residual functionalities are used to calculate resilience under investigated time 

intervals using Equation (3-1). The calculated resilience at an investigated time interval 

of 100, 200, and 300 days is shown as follows for fast-track and slow-track. 
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Figure 3-11 Distributions of resilience at investigated 100, 200, and 300 days under 

DLE 

The expected values of resilience are plotted as follows for the investigated time period 

of 1,000 days.  

 

Figure 3-12 Expected resilience under 1000 days investigated period under (a) SLE, (b) 

DLE, and (c) MCE 

As indicated, the residual functionalities are substantially low for DLE and MCE. 

The reduced residual functionality shows poor earthquake performance during an 

earthquake event. The comparatively large differences between slow-track and fast-

track downtimes increase the bounds, but still, useful information can be deduced about 

the recovery profile of a building. The expected resilience of 0.975, 0.85, and 0.75 is 

(a) (b)

(c)
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observed for fast-track at an investigated time period of 1000 days, while for slow-tack 

the expected resilience observed is 0.86, 0.42, and 0.31, respectively. 

3.5 Summary 

The chapter provides a probabilistic framework to compute seismic sustainability and 

resilience using performance-based assessment methodology. Following conclusions 

are drawn. 

1. The performance-based methodology is used for the repair and downtime 

assessment of non-ductile RC buildings. Monetary losses due to non-collapse 

account for 99.99%, 97.82%, and 77.75% of the total losses at three earthquake 

scenarios. The total repair losses for structural and non-structural components 

at three levels are 9.72 x 104, 1.02 x 106, 1.71 x 106 USD and 5.06 x 105, 1.23 x 

106, 1.76 x 106 USD. Non-structural infills contribution to repair loss is found 

to be significant with 83%, 51%, and 46% of the total repair loss. Losses due to 

structural components also dominate with 45% and 49% at DLE and MCE.  

2. The equivalent carbon emissions for three earthquake levels equal 3.447 x 104, 

8.696 x 104, and 1.222 x 105 kg, respectively. The emissions are dominated by 

bricks and paint material with 89%, 74%, and 69% of the total emissions at three 

earthquake scenarios. Repair to replacement ratio for economic loss at three 

scenarios is 15.51%, 57.84%, and 89.19% while, for environmental is 10.59%, 

26.80%, and 37.39%. In the considered example, it is environmentally friendly 

to repair a structure even at MCE earthquake scenario. 

3. Resilience quantification using performance-based assessment methodology 

can be used as an indicator for measuring the robustness and recovery of 
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building infrastructure. Based on results, the non-ductile building suffers a high 

loss of functionality and is not able to gain even 50% of the functionality at DLE 

and MCE for slow-track after 1000 days of investigated time period, showing 

poor performance not only during an earthquake but during the recovery time 

as well. Fast-track scheme shows considerably better recovery performance but 

for that community must have high resourcefulness and rapidity attributes. 

4. Downtime assessment plays an important role in the resilience assessment of 

individual multi-story buildings and thus should be investigated further to 

improve quantification of resilience, since neither series nor parallel repair 

schemes would be adopted for the repair of an actual building after an 

earthquake. The results conclude huge variability in slow-track and fast-track 

resilience and should follow a logical repair strategy for downtime assessment 

to reduce variability. 

5. Future research is needed to incorporate record-to-record variability using large 

suits of earthquake records for assessment purposes. Improved uncertainty 

modeling and functionality mapping should be developed for better predicting 

residual functionality during and after an earthquake. 
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CHAPTER 4 SEISMIC RESILIENCE OF RETROFITTED 

BUILDINGS 

4.1 Introduction 

Existing buildings can be at greater seismic risk due to non-conformance to current 

design codes and may require structural retrofitting to improve building performance. 

The performance of buildings is measured in terms of immediate consequences due to 

direct damage, but the continuing impacts related to recovery are not considered in the 

seismic retrofit assessment. This chapter introduces a framework of retrofit selection 

based on the seismic resilience of deficient buildings retrofitted with the conventional 

mitigation approaches. The assembly-based methodology is considered for the seismic 

resilience assessment by compiling a nonlinear numerical model and a building 

performance model. The collapse fragility is developed from the capacity curve, and 

the resulting social, economic, and environmental consequences are determined. The 

seismic resilience of a building is assessed by developing a downtime assessment 

methodology incorporating a sequence of repairs, impeding factors, and utility 

availability. Five functionality states are developed for the building functionality given 

investigated time intervals, and a functionality curve for each retrofit is determined. It 

is concluded that seismic resilience can be used as a performance indicator to assess the 

continuing impacts of a hazard for the retrofit selection. 
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4.2 Seismic resilience assessment 

The framework begins by selecting building and retrofit methods used for investigating 

and enhancing seismic resilience. The first step is to develop the nonlinear models for 

the reference un-retrofitted and the retrofitted buildings. The nonlinear model should 

be able to effectively capture the steel yielding, concrete crushing, strength, and 

stiffness degradation.  The capacity curve representing base shear given lateral 

displacement can then be developed from the nonlinear static analysis procedure and is 

used to estimate the deficiencies in the lateral force-resisting system.  

The capacity curves are developed by applying a series of lateral loads with 

increasing magnitude and recording the lateral displacements. Increasing the lateral 

loads in each iteration will eventually cause elements to start to yield, and, as a result 

of each yielding of structural members, the redistribution of loads will take place (Su 

et al., 2019). The model is revised in each iteration by adjusting the member yielding, 

strength, and stiffness degradation, and the process continues till the yield pattern and 

strength and stiffness degradation for the whole structure is identified. The maximum 

base shear and the lateral displacements are identified and compared with the design 

loads and a strength factor is determined. If the strength factor is greater than one or 

within the desirable limits of the codes, the structure is considered safe; otherwise 

structural retrofitting is required. The capacity curves are developed for the retrofitted 

models using the same procedure (i.e., pushover analysis). If the strength factors are 

not desirable, then the retrofit techniques are revised and the process is repeated to 

achieve the desirable preliminary performance. The methodology is presented in a 

flowchart as shown below. 
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Figure 4-1. The methodology for assessing seismic resilience using a nonlinear static 

procedure 

4.2.1 Developing collapse fragilities from pushover 

If the retrofit techniques satisfy the preliminary strength and stiffness requirements, the 

next step is to develop the collapse fragilities and building performance model. 

Vamvatsikos and Cornell (2006) investigated a series of single-degree-of-freedom 

Start

Develop non-linear models 
for selected and retrofitted 

structure for inelastic analysis

Assemble building 
performance model

hazard 
scenario

Develop collapse 
fragilities

Perform pushover 
analysis

Select a building

Apply retrofit 
techniques

Perform consequence 
assessment

Extract 
repair timesDetermine repair 

schedule, impeding 
delays and utility 

availability
Define 

functionality states

Determine downtimes 
against all 

functionality states

Develop time-varying 
functionality curve

Determine seismic 
resilience for selected 

and retrofitted structure
End

Preliminary 
strength and 

stiffness 
evaluation

Not ok

Ok



64 

 

systems with a wide range of time periods through incremental dynamic analysis. The 

resulting hysteresis loops were converted to backbone curves ranging from simple 

bilinear to quadrilinear, comprising an elastic, hardening, softening, and a residual 

plateau segment that ends at a zero-strength. The relationship between the characteristic 

segments of IDA curves were linked to the backbone curves of many systems, 

suggesting that nonlinear static analysis procedure (i.e., pushover analysis) can be used 

to estimate nonlinear dynamic response. In this chapter, the pushover analysis is used 

to estimate nonlinear IDA results by utilizing the static pushover to incremental 

dynamic analysis (SPO2IDA) tool. FEMA-P-58 (2012) recommends that this tool can 

be used to develop collapse fragilities for low-rise buildings dominated by the 

fundamental mode of vibration. This method can bypass the computationally expensive 

part of the methodology and can rapidly generate the collapse fragility. Following are 

the steps to develop collapse fragility using the SPO2IDA tool. 

1.  Develop a suitable nonlinear mathematical model of a structure for the pushover 

analysis. 

2.  Perform a nonlinear static analysis procedure to develop capacity curve in the 

principle building direction. 

3.  Approximate the capacity curve into quadrilinear curve by identifying four 

control points each indicating the endpoint and the start point of the four defined 

segments 

4.  Execute the SPO2IDA tool and input the control points and relevant information 

(e.g., building weight, building height, fundamental time period, etc.), and 

extract the median collapse capacity. 



65 

 

5.  Construct the collapse fragility using a lognormal cumulative distribution 

function with a dispersion of 0.6. 

4.2.2 Consequence assessment 

The collapse fragility analysis provides information on the probability of collapse given 

an intensity measure. It is more interesting for decision-makers to obtain more 

meaningful information (e.g., economic loss in terms of dollars, casualties in terms of 

numbers, equivalent carbon emissions, etc.). In the consequence assessment, collapse 

fragility and the probability of damage to components of a building are converted to 

social, economic, and environmental consequences. For that purpose, a building 

performance model is assembled, comprising fragility functions and consequence 

functions for damageable structural and non-structural components. Fragility functions 

determine the probability of exceeding given damage states for each damageable 

component. Consequence functions use the probabilities of components being in 

different damage states and determine the social, economic, or environmental 

consequences. The following steps can determine economic and environmental 

consequences given a hazard scenario. 

1. Define a hazard scenario against which consequences are to be determined 

2. Evaluate EDPs from the developed nonlinear mathematical model. 

3. Determine the probability of exceeding different damage states for all the 

damageable components. 
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4. Utilize the probability of exceeding different damage states for all the 

damageable components, and the collapse fragility to determine consequences 

using the total probability theorem. 

The social consequences (i.e., injuries, fatalities) can be determined as 

 | rand rand ||m IM C T R C IMS T f p T p p p 
    4-1 

where |m IMS
 is the social metric of seismic sustainability; C  is the casualty function, 

which depends on the type of construction and can be determined using historical 

casualties from past earthquakes; randT  is the randomly generated time of the day and 

day of the week for a particular realization;  | randf p T
 is the time-dependent 

population model; Tp  is the total population of a building; 𝑝𝐶|𝐼𝑀 is the probability of 

collapse of a building given IM; and Rp  is the population at risk depending upon the 

failure mode of a building. 

The economic and environmental consequences can be determined as 

 
| | || | | |

0

. 1 .
T IM R DS C CL L DS EDP EDP IM C IM L C IM

DS

C C p f dEDP p C p



  
    4-2 

where |T IMLC
 is the total consequence given IM; |C CLC

 is the consequence given 

probability of collapse; |C IMp
 |R DSLC

 is the random value of a consequence loss function 

of a component for a given damage state; |DS EDPp
 is the probability of damage state 

given EDP; and |EDP IMf
 is the probability density function of EDP given IM. 
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The resulting socioeconomic and environmental consequences may include 

considerable variations due to the uncertainties in the variables in different stages of the 

analysis and it is essential to consider these uncertainties for better understanding of the 

consequences and the existing variations. This would be discussed in more detail in the 

subsequent chapters but is important to highlight that mean alone cannot provide 

complete picture and these meaningful consequences can have significant variations 

that may hinder effective decision support and should be considered accordingly. 

4.2.3 Seismic resilience assessment 

Seismic resilience is the ability of a structure to absorb damage without suffering 

collapse and to recover from the earthquake hazard efficiently. The building with 

greater seismic resilience would have less damage in the immediate aftermath of an 

earthquake and would recover faster. The functionality of a building after an earthquake 

and its recovery can be used as a performance indicator for assessing seismic resilience. 

The functionality curve provides the functionality state given the investigated time 

interval and its recovery to full functionality after a hazard event. Seismic resilience 

can be mathematically evaluated by integrating the functionality curve over time.  

In this chapter five functionality states are developed depending upon the 

structural and non-structural damage and utility availability. The mapping of the 

functional states and the recovery to full functionality is presented in a flowchart shown 

in Figure 4-2. Five functionality states are represented mathematically by a designated 

weighting factor. Full-Functionality (FF) is assigning a weighting factor of 1, and the 

Restricted-Entry (RE) is given a weighting factor of 0.2. The remaining functionality 

states are assigned weighting factors between 0.2 and 1 with an increment of 0.2. After 
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an earthquake event, the process starts with the inspection of a building, which is 

performed by a professional building inspector. In this chapter, the structural and non-

structural damage is computed using fragility functions to quantify the extent of damage 

to the building. Depending on the extent of damage and the information about the utility 

availability, the initial functional state of a building can be determined. For example, if 

the building has experienced moderate to extensive structural damage, the building is 

tagged in the Restricted-Entry (RE) functional state (i.e., the occupants are not allowed 

to enter the premises before the necessary repairs). The logical sequence of repair is 

designed in the next step to bring the building functionality to a pre-hazard state. Before 

the building repairs, additional delays, called impeding delays, will occur due to 

financing, engineering reviews, permitting, contractor mobilization, and sometimes 

long lead times. 

The building is tagged as Restricted-Entry (RE) if it suffers moderate to 

extensive structural damage, and if the building only suffers non-structural damage, 

then the building is in Restricted-Use (RU) functional state. The building will be 

recovered to full functionality after the impeding delays, necessary non-structural 

repairs, and availability of all the utilities. If minor or no damage is observed, then, 

depending upon the availability of utilities, a building is assigned as one of the 

remaining three functional states. If no utility is available, the building is in Re-

Occupancy (RO) functional state (i.e. the building space can be occupied for shelter 

purposes but cannot be utilized for its intended purpose). If only critical utilities are 

available (i.e. electricity and water), then the building is Baseline-Functional (BF), and 

the building will achieve Full-Functionality (FF) after the availability of all the utilities. 
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The repair time required for the repair of each damaged structural and non-

structural component can be determined from Equation (4-2). The downtime for each 

functional state can be determined by considering the repair schedule (i.e., sequence of 

repairs determined from the repair times of all the damageable components), impeding 

delays (i.e., financing, engineering review and permitting, contractor mobilization, and 

long lead times) and the utility availability. The impeding delays and the utility 

availability are considered in this chapter through the lognormal distribution function 

developed by Almufti and Willford (2013) in the REDi Rating System (Resilience-

based Earthquake Design Initiative for the Next Generation of Building). The 

functionality curve can be developed after determining the downtime for each 

functional state, and the seismic resilience can be evaluated. 

 

Figure 4-2. Functionality states and recovery considering structural and non-structural 

damage, impeding delays, sequence of repairs, and utility availability 
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4.3 Illustrative example 

The non-ductile reinforced concrete building selected for this illustrative purpose is a 

two-story intermediate moment-resisting frame building with a total height of 8.5m. 

The residential building is designed according to the building codes implemented at the 

time of its design and construction, which largely ignored seismic provisions, and in 

which only wind loads are considered in the design of a building against the lateral 

loads. The concrete strength of 20Mpa and a mild steel with yield strength of 240 MPa 

is used for the design, resulting in large cross-sections, increased weight, and stiffness. 

Three retrofitting techniques, namely, Reinforced Concrete Jacketing (RCJ), Steel 

Jacketing (SJ), and Fiber Reinforced Polymer (FRPs) overlays are considered for 

improving the performance of a non-ductile building. The considered seismic retrofit 

techniques require modifying the existing lateral force-resisting components (i.e., 

column in the considered example). The enhancement of the cross-sections follows 

FEMA-547 (2006) and ASCE-41-13 (2013) recommendations, which explicitly 

highlight the detailing, construction practices, and seismic evaluation of existing 

buildings. The layout and the design details of a building are shown in Figure 4-3. 
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Figure 4-3. Building plan and structural details 

Ten fiber-based nonlinear models are developed, one for the reference un-

retrofitted structure and nine models for the retrofitted structures (i.e., three retrofit 

models for each retrofit technique). The numerical models are developed in an open-

source nonlinear analysis platform ZEUS-NL (Jeong and Elnashai, 2005). The built-in 

nonlinear material models are used to represent concrete and steel behavior. The 

nonlinear concrete material model with a crushing strain of 0.02 and a confinement 

factor of 1.05 is used depending upon the reinforcement details. A bilinear elastoplastic 

model with kinematic strain hardening is used for the steel material modeling. The 

material and geometric nonlinearities, P-delta effects, and large displacements are 

considered. The models for the reinforced concrete jacketing, steel jacketing, and FRP 

overlays are represented by modeling sections of the columns into reinforcing steel, 

confined, and unconfined concrete regions. The element cross-sections are divided into 

a number of fibers to effectively monitor the stresses and strains of different sections of 

elements. A uniaxial constant confinement concrete model is utilized for the reinforced 

concrete jacketing, a bilinear steel model with constant strain hardening is utilized for 

the steel jacketing, and a uniaxial trilinear fiber-reinforced plastic model is used for the 

fiber-reinforced polymer overlays. 

4.3.1 Developing collapse fragilities from pushover 

Pushover analysis is performed on a model by applying an increasing inverted 

triangular lateral loads pattern, representing the deformation of a building under the 

fundamental mode, and evaluating the maximum lateral displacements. Information on 

the structure’s strength, stiffness, and ductility can be extracted from the resulting 
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capacity curve of a building, and a strength factor can be determined to evaluate the 

performance of a building and retrofit methods (Elkady and Lignos, 2015). Following 

Figure shows the capacity curve of the reference building and the considered retrofit 

techniques. The capacity curve gives important information about member yielding, 

stiffness, and ultimate strength of a building structure. The ultimate strengths are 

compared with the design strength, and the strength factor is determined, which is the 

ratio of the design strength to ultimate strength. If the strength factor is more than one, 

then the building is satisfactory; otherwise retrofit techniques are used to improve the 

strength factor. The non-ductile reinforced concrete building is designed only to resist 

gravity and wind loads, since before 1991 the region was classified as zone ‘0’, and the 

lateral seismic loads were not considered during the design process. According to the 

revised zone classification of the region, UBC’s (1997) static lateral force procedure 

provides a required design strength of 655 kN, and the ultimate strength determined 

from the capacity curve is 605 kN. Since the ultimate strength is less than the required 

design strength of a building, the reference building is not conforming to the design 

requirement of the current code of practice (i.e., UBC (1997)). RCJ retrofit with retrofit 

thickness of 50mm, 75mm, and 100mm gives the strength factors of 2.69, 3.13, and 

3.57. Similarly, the strength factors for the FRP retrofit for one, two and three layers 

are 1.54, 2.01, and 2.12. And the strength factors for the SJ retrofit with steel jacket 

thicknesses of 3mm, 5mm, and 10mm are 2.40, 2.99 and 3.98. It is interesting to note 

that steel jacketing has greater impact in increasing the lateral capacity of a building, 

while FRPs provide comparatively the least improvement in the ultimate lateral 

capacity. Nonetheless, all the considered retrofit techniques provide satisfactory 

strength factors (i.e., greater than one). 
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Figure 4-4. Capacity curve for (a) reference structure, (b) reinforced concrete jacketing, 

(c) FRP overlays, and (d) steel jacketing 

The capacity curves are converted into idealized curves, a bilinear 

approximation is provided in Figure 4-4a, and more details on idealization from the 

capacity curve can be obtained from Elnashai and Di Sarno (2008). The four segments 

of the idealized curve will give four control points, which are used as an input in the 

SPO2IDA tool, and the median and dispersion values for the collapse fragilities are 

evaluated. The lognormal cumulative distribution function is then used to develop 

collapse fragilities for each model. The following Figure shows the collapse fragilities 

developed by using pushover analysis. It is noted that SJ retrofit reduces the probability 

of collapse significantly, RCJ retrofit also significantly reduces the probability of 

collapse, while for the FRP retrofit, the reduction in the probability of collapse is not 

significant. Nonetheless, the probability of collapse is reduced for all the considered 

retrofit techniques. 
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Figure 4-5. Collapse fragilities for (a) FRP overlays, (b) reinforced concrete jacketing, 

and (c) steel jacketing 

4.3.2 Consequence assessment 

Consequence assessment starts with selecting a hazard scenario and assembling a 

building performance model. The hazard scenario with a design PGA of 0.16g is 

selected for the case of this illustrative example. To investigate the variation of social, 

economic, and environmental consequences with varying intensity measures, four 

hazard scenarios are considered for the consequence assessment (i.e. half the design 

hazard scenario, twice the design hazard scenario, and four times the design hazard 

scenario). Three retrofit techniques (i.e. FRPs with 1 layer, RCJ with 75mm of jacket 

thickness, and SJ with 3mm of jacket thickness) are considered for the consequence 

and resilience assessment. 
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The building performance model consists of fragility functions and 

consequence functions. Fragility functions relate the structural analysis results to the 

damage, and consequence functions translate the damages into social, economic, and 

environmental consequences. The fragility and consequence functions utilized in this 

example are extracted from (Mitrani-Reiser, 2007; FEMA-P-58, 2012; Hashemi et al., 

2019), and are shown in Table 4-1. Additionally, for the illustration purposes, fragility 

and consequence functions for the structural damageable component (i.e., structural 

columns) is shown in Figure below. The fragility functions for the three damage states 

are shown as a cumulative distribution functions, while the corresponding consequence 

function is represented as probability distribution function. The fragility function will 

give probability of exceedance of given damage state and the corresponding 

consequence function will provide the resulting economic loss in terms of USD. 

 

Figure 4-6. Fragility and consequence functions for considered structural columns 

The fragility and consequence functions for various types of retrofitted 

structural components are not yet available in the literature. Therefore, in this 

illustrative example, conventional fragility and consequence functions are utilized for 

the retrofitted buildings. 
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Table 4-1. Fragility functions and consequence functions of damageable components 

Component Quantity 

per floor 

Damage 

state 

Fragility 

functions 

Consequence functions 

Economic 

(USD) 

Environmenta

l (kgCO2) 

Median CoV Median CoV Median CoV 

Structural 

columns 

20 units DS1 

DS2 

DS3 

1.75 

2.25 

3.22 

0.40 

0.40 

0.40 

6270 

9540 

11580 

0.39 

0.32 

0.30 

1.794 

1.794 

19.73 

0.4 

0.4 

0.4 

Partition 

 

6 m2 x 

22 

DS1 

DS2 

0.39 

0.85 

0.17 

0.23 

115 

679 

0.20 

0.10 

12.72 

25.52 

0.4 

0.4 

Finish 6 m2 x 

44 

DS1 

DS2 

0.39 

0.85 

0.17 

0.23 

115 

321 

0.20 

0.10 

1.336 

2.686 

0.4 

0.4 

Glazing 2.8 m2 x 

5.654 

DS1 

DS2 

4.00 

4.60 

0.36 

0.36 

564 

564 

0.17 

0.17 

96.30 

183.2 

0.4 

0.4 

Ceiling 232 m2 x 

0.22 

DS1 

DS2 

DS3 

0.35 

0.55 

0.80 

0.40 

0.40 

0.40 

4541 

37612 

70769 

0.40 

0.50 

0.55 

1.023 

5.846 

19.73 

0.4 

0.4 

0.4 

Sprinklers 4 m x 8.8 DS1 0.32 1.40 1154 0.37 58.07 0.4 

 

The components are divided into drift-sensitive and acceleration-sensitive 

components. The components partitions, finishes, and glazing are sensitive to lateral 

story drifts, and ceiling and sprinklers are sensitive to floor accelerations. The social 

consequences are determined by constructing a population model and defining casualty 

function and the population at risk. The time-dependent population model represents 

the percentage of people present during the time of the day, and day of the week for a 
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given realization. The casualty function for the reinforced concrete residential 

construction indicates that 90% will suffer casualties in the event of collapse, and 10% 

will suffer a major injury in the case of reinforced concrete frame structure (FEMA-P-

58, 2012). The following Figure shows the social losses in terms of the total number of 

expected fatalities given four scenarios. The social losses for the reference un-

retrofitted building have the highest number of expected fatalities. Applying retrofit 

reduces the social losses, with SJ and RCJ being the most effective in reducing the 

social consequences. 

 

Figure 4-7. The social consequence in terms of expected fatalities given IM 

To evaluate the economic and environmental losses, structural analyses of 

nonlinear building models are performed and engineering demand parameters (i.e., 

story drifts and accelerations) are extracted for each story, correlated with damage 

through fragility functions and consequences through consequence functions. The total 

economic and environmental consequences determined from Equation (4-2) are shown 

in the Figure below. The economic and environmental consequences increase with 

increasing IM levels. The un-retrofitted structure has the highest consequences, reduced 

using retrofit techniques. Comparatively, the percent reduction in the social, economic, 

and environmental consequences is highest for the 0.16g and 0.32g hazard scenario, 
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and lowest for the 0.08g and 0.64g hazard scenario. In the given illustrative example, 

SJ and RCJ are more effective in reducing the consequences for the design and twice 

the design seismic hazard scenario. 

 

Figure 4-8. Consequences (a) Economic in terms of monetary loss, and (b) 

Environmental in terms of kgCO2 emissions 

4.3.3 Seismic resilience assessment 

The first step in evaluating seismic resilience is to extract the repair times for all the 
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financing, contractor mobilization, and permitting), and utilities (i.e., water, gas, and 

electricity) are considered using lognormal cumulative distribution functions. The 

utility disruption curves represent the restoration of utilities to the building and are 

determined from previous earthquake data and simulation studies (Almufti and 

Willford, 2013). The utility disruptions depend on the amount of local damage to the 

distribution system and are considered through repair rate (RR), which is computed 

based on the peak ground velocity at a building site. The related lognormal distribution 

function is selected for repair rates greater or less than 0.2 repairs/Km, as shown in 

Table 4-2. 

In a pre-hazard state, the building is performing its intended purpose and is in a 

full functional state (i.e., all the utilities are available and no structural or non-structural 

damage hinders the normal intended functions). After an earthquake event, the building 

can be in any functional state, depending upon the structural and non-structural damage 

and utility availability. The functionality state recovery times can be evaluated, and a 

functionality recovery curve can be generated, which gives the propagation of 

functional states to full functionality given the investigated time interval. The 

functionality curve can be utilized to develop resilience using Equation (4-3). The 

resilience of a reference building determined for the given four scenarios is shown in 

the following Figure. It is observed that for a hazard scenario with a maximum PGA of 

0.08g, the building showed better resilience, but for the rest of the hazard scenarios, it 

showed poor resilience. In the hazard scenario of 0.64, the building has negligible 

expected resilience even at 500 days of investigated time interval, showing that the 

building has collapsed and cannot be repaired. 
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Figure 4-9. Expected resilience of a reference un-retrofitted building under given 

scenarios 

Applying the retrofit reduces the damage, hence improving the functionality 

curves and seismic resilience. The following Figure shows the functionality curves and 

the resulting seismic resilience of the reference building along with the retrofit 

techniques applied. The reference un-retrofitted building at a PGA of 0.32g takes an 

expected 272.5 days to achieve full functionality, which is reduced to 260.5, 107, and 

85.5 days after applying FRP, RCJ, and SJ retrofits. The improvement in seismic 

resilience in the case of FRP retrofit techniques is negligible, while significant 

improvement is observed for the RCJ, and SJ retrofit techniques. Since, seismic 

resilience is a function of collapse fragility, EDPs, fragility functions, and the 

consequence functions. It is observed that applying RCJ and SJ can effectively reduce 

the collapse fragility and the demands on EDPs as compared to FRPs. As a result, the 

seismic resilience for RCJ and SJ is larger compared with the FRP retrofit alternative.  
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Figure 4-10. Seismic hazard scenario of 0.32g showing (a) functionality curves, and (b) 

seismic resilience 

Table 4-2. Impeding factors for delay and utility disruption curves 

Impeding 

Factors and 

utility system 

Mitigation measures Damage 

conditions 

median CoV 

Inspection BORP Equivalent - 1 day 0.54 

Engineering 

Mobilization 

Engineer on contract Minor 

Extensive 

2 weeks 

4 weeks 

0.32 

0.54 

Financing Pre-arranged credit - 1 week 0.54 

Contractor 

Mobilization 

GC on contract Minor 

Extensive 

3 weeks 

7 weeks 

0.66 

0.35 

Permitting GC on contract Minor 

Extensive 

1 week 

8 weeks 

0.86 

0.32 

Electricity 

system 

- - 3 days 1.0 

Water system RR <= 0.2 repairs/Km 

RR > 0.2 repairs/Km 

- 4 days 

21 days 

0.5 

1.0 

Natural gas 

system 

RR <= 0.2 repairs/Km 

RR > 0.2 repairs/Km 

- 10 days 

42 days 
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RR = Repair Rate, BORP = Building Resumption Program, GC = General Contractor 

4.4 Conclusions 

This chapter presents a performance-based methodology for evaluating seismic 

resilience under conventional structural retrofit techniques. The following conclusions 

can be drawn. 

1. Pushover analysis provides important information on a structure’s strength, 

stiffness, and ductility, which can be used for preliminary evaluation of a 

building and the suitability of the considered retrofit technique. The strength 

factor determined from the capacity curve for the reference un-retrofitted 

building was 0.92, indicating non-conformance with the current building codes, 

and hence, structural modifications are required to improve the performance of 

a building. 

2. Three retrofit techniques, namely, RCJ, SJ and FRPs, were used for improving 

the performance of a deficient building. Capacity curves for the retrofit 

buildings showed improved strength factors, hence improving the overall 

seismic performance of a building. The SJ retrofit technique significantly 

improved the performance of a building, followed by the RCJ retrofit. The FRPs 

also improved the performance above the acceptable code performance, but 

comparatively the performance improvement was not significant. 

3. The social, economic, and environmental consequences for the reference and 

retrofit buildings were assessed in term of casualties, monetary loss in USD, 

and equivalent carbon emissions. The consequences were reduced significantly 
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by applying SJ jacketing, followed by the RCJ. In the case of FRP retrofit, the 

reduction in consequences were not significant. 

4. The seismic resilience assessment considers component-level repair time of a 

building considering sequence of repairs, utility repair times, and impeding 

delays for the downtime assessment of a building. Five discrete functionality 

states were considered for developing the functionality repair curve to evaluate 

seismic resilience. Among the considered retrofit alternatives, SJ and RCJ 

showed better seismic resilience, while FRPs and the un-retrofitted building 

showed poor seismic resilience. 
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CHAPTER 5 PERFORMANCE-BASED DECISION-

MAKING OF BUILDINGS UNDER SEISMIC HAZARD 

5.1 Introduction 

It is of vital importance to incorporate sustainability and resilience in the performance-

based decision-making of civil infrastructure under seismic hazards. However, a 

performance-based engineering framework utilizing a component-level approach, 

integrating seismic loss, sustainability, and resilience in a multi-criteria decision-

making (MCDM) is not yet extensively developed particularly for retrofit selection in 

a long-term perspective. This chapter introduces a framework utilizing a performance-

based approach to couple seismic loss, sustainability, and resilience in the decision-

making framework for the selection of different retrofit alternatives. A component-

based probabilistic approach is developed for the seismic loss, sustainability, and 

resilience assessment in a long-term perspective. The resulting social, economic, and 

environmental consequences are converted to expected annual consequences (EACs) 

by considering the full range of seismic hazards and are utilized as a multi-criterion in 

the technique for order preference by similarity to ideal solution (TOPSIS). The 

proposed long-term performance-based multi-criteria decision-making (PB-MCDM) 

framework considers five consequences, which include cost, casualties, equivalent 

carbon emissions, embodied energy, and repair time. Based on the illustrative example, 

it may be concluded that incorporating seismic sustainability and resilience in the PB-
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MCDM approach in a long-term perspective can provide ideal solutions and better 

decision-making against retrofit alternatives. 

5.2 Multi-criteria decision-making framework 

The proposed framework consists of four main modules: (1) Performance-assessment 

module (PAM), (2) Sustainability-assessment module (SAM), (3) Resilience-

assessment module (RAM), and (4) Decision-Making module (PB-MCDM) is shown 

below. 

 

Figure 5-1 Main modules of the proposed framework 

5.2.1 Performance-assessment module (PAM) 

The performance-assessment module utilizes four stages (i.e., hazard assessment, 

structural analysis, performance model, and loss assessment) to quantify consequences. 

The hazard assessment stage requires developing a hazard model to evaluate intensity 

Performance-Assessment
• Hazard assessment

• Structural Analysis

o Collapse Fragility

o Building Response

• Performance Model

• Loss Assessment

social (repair time)

economic (costs)

Sustainability-Assessment
• Collapse fragility from PAM

• Building Response from PAM

• Sustainability Model

• Sustainability Assessment 

social (casualties),       

economic (costs) 

environmental (equivalent 

carbon emissions, embodied 

energy)

Resilience-Assessment
• Total repair time from PAM

• Impeding factors

• Utility disruptions

• Downtime assessment

• Functionality assessment

• Resilience assessment    

social (downtime)

Decision-Making
• Criteria from PAM, 

SAM, and RAM

• Risk attitude

• Retrofit alternatives

• Modified TOPSIS

Module 1: PAM Module 2: SAM Module 3: RAM

Module 4: PB-MCDM
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measures (IM), the structural analysis stage requires building a structural model to 

determine collapse fragility and building response, the performance model stage 

requires assembling fragility and consequence functions, and the loss assessment stage 

requires evaluating seismic losses. The horizontal ground shaking effect of an 

earthquake is directly correlated with the seismic loss and is considered in hazard 

assessment (Calvi et al., 2006). A structural model is used to predict the building 

response in terms of Engineering Demand Parameters (EDPs) which are correlated with 

the structural and non-structural damage (Zheng and Dong, 2019). Uncertainties in the 

hazard and structural model result in a distribution of EDPs, which can be assumed as 

lognormally distributed (Hashemi et al., 2019). Regressions can be performed for the 

analytical representation of the response quantities as a continuous function of IM as 

follows: 

uEDP|IM = α1(IM)α2     5-1 

α𝑙𝑛(EDP)|IM = ∑ βi
n
i=1 (IM)i−1                                          5-2 

where 𝑢𝐸𝐷𝑃|𝐼𝑀 is the median value of the response EDP given IM; 𝛼ln(𝐸𝐷𝑃)|𝐼𝑀 is the 

lognormal coefficient of variation; and 𝛼1, 𝛼2, and 𝛽𝑖 are regression constants. 

Loss assessment utilizes damage state probabilities and collapse fragility to 

compute decision variables (e.g., repair time, repair cost). Collapse fragility can be 

determined from the maximum drift EDPs using a set of earthquake records and limit 

state function. Limit state function provides maximum drift EDP beyond which 

collapse occurs, and collapse fragility can be developed through fragility fitting (Baker, 

2015). Total probability theorem is used to calculate the total loss in terms of repair 

time and/or repair cost as follows: 
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lLT|IM = lLR|IM,NC
(1 − pC|IM) + lLC|CpC|IM                      5-3 

where 𝑙𝐿𝑇|𝐼𝑀 is the total loss in terms of cost or time given IM; 𝑙𝐿𝑅|𝐼𝑀,𝑁𝐶
 is the loss in 

terms of repair cost or time conditioned on non-collapse probability; 𝑙𝐿𝐶|𝐶 is the loss 

given probability of collapse; and 𝑝𝐶|𝐼𝑀 is the probability of collapse of a building given 

IM. 

Collapse loss is calculated by evaluating the replacement value of a building 

given collapse of a building or irreparability due to excessive residual drifts. Non-

collapse loss mathematically presented in Equation (5-4), is calculated using the 

component-based assessment method. 

lLR|IM,NC
= ∑ ∫ lLR|DS

∞

0
DS

pDS|EDPfEDP|IM EDP                   5-4 

where 𝑙𝐿𝑅|𝐷𝑆
 is the random value of a consequence loss function of a component for a 

specific damage state; 𝑝𝐷𝑆|𝐸𝐷𝑃  is the probability of damage state given EDP; and 

𝑓𝐸𝐷𝑃|𝐼𝑀 is the probability density function of EDP given IM. 

The proposed long-term loss can be determined by summing the losses from 

individual earthquakes during the investigated time period 𝑡𝑚𝑎𝑥 as follows: 

l(L )LT|tmax
= ∑ lLT,k|IMe

−  k
N( max)

k=1
    5-5 

where 𝑙(𝐿𝑇)𝐿𝑇|𝑡𝑚𝑎𝑥
 is the total loss for the kth hazard; 𝑇𝑘 is the arrival time of the hazard; 

and r is the financial discount rate used to convert future losses to present. The expected 

number of earthquakes during the investigated time period can be determined from a 
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Poisson process {𝑁(𝑡𝑚𝑎𝑥), 𝑡𝑚𝑎𝑥 > 0}  with  𝐸[𝑁(𝑡𝑚𝑎𝑥)]  =  𝜆𝑡𝑚𝑎𝑥 , a widely used 

occurrence model (Rackwitz 2002; Yeo and Cornell 2009), and the expected long-term 

loss is determined as follows: 

E[l(L )LT|tmax
] =

L𝜆

 
(1 − e−  max)     5-6 

where 𝐸[𝑙(𝐿𝑇)𝐿𝑇|𝑡𝑚𝑎𝑥
] is the expected long-term loss; 𝐿 is the total loss under single 

hazard and can be determined from Equation (5-3); λ is the frequency of the earthquake 

given IM determined from hazard curve; and 𝑡𝑚𝑎𝑥 is the investigated time interval. 

It is important to note that the social losses such as casualties including fatalities and 

injuries are based on simplified mathematical tools and models, and more advance 

models in social science field exists and the overall estimation of social losses involve 

many factors including disparities among communities, socioeconomic status, 

ethnicity, household income, geographic reasons, and among others. Nonetheless, for 

the purpose of this framework, simplified social loss models are considered which is in 

accordance with the state of art in the earthquake engineering field. Also, the 

consideration of these factors is outside the scope of this work but is worth mentioning 

that advance social loss models under extreme events exists and could be incorporated 

to better assess the social losses under extreme events. 

5.2.2 Sustainability-assessment module (SAM) 

Sustainability is defined in terms of its three pillars (i.e., social, economic, and 

environmental). The social consequences are evaluated through casualties (i.e., 

fatalities and/or injuries) arising due to the collapse or extensive damage of a building, 
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and are determined herein using the time-dependent population model, casualty 

functions, and population at risk for fatality or injury. The social consequences of an 

earthquake are mathematically formulated as follows: 

Sm|IM = ∅C  andf(p|  and)p pRpC|IM                                  5-7 

where 𝑆𝑚|𝐼𝑀 is the social metric of seismic sustainability; ∅𝐶 is the casualty function, 

which depends on the type of construction and can be determined using historical 

casualties from the past earthquakes; 𝑇𝑟𝑎𝑛𝑑 is the randomly generated time of the day 

and day of the week for a particular realization; 𝑓(𝑝|𝑇𝑟𝑎𝑛𝑑) is the time-dependent 

population model; 𝑝𝑇 is the total population of a building; and 𝑝𝑅 is the population at 

risk depending upon the failure mode of a building. 

The environmental consequences (e.g., equivalent carbon emissions, embodied 

energy) of a building can be determined by defining new consequence functions, 

correlating environmental consequences with the building damage and collapse 

fragility. The total environmental consequences can also be computed using Equations 

(5-3) and (5-4), where 𝑙  would represent the environmental consequence of an 

earthquake for seismic sustainability. The long-term seismic sustainability can be 

evaluated by summing the consequences related to seismic sustainability from 

individual seismic hazards conditioned on the probability of occurrences during the 

service life of a building as follows: 

S(L )LT|tmax
= ∑ SEL ,k|IM

N( max)

k=1
    5-8 

where 𝑆𝐸𝐿𝑇,𝑘|𝐼𝑀 is the seismic sustainability for the kth hazard. The expected number 

of earthquakes during the investigated time period can be determined from a Poisson 
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process as  {𝑁(𝑡𝑚𝑎𝑥), 𝑡𝑚𝑎𝑥 > 0}  with  𝐸[𝑁(𝑡𝑚𝑎𝑥)]  =  𝜆𝑡𝑚𝑎𝑥 . The occurrence rate 

associated with high-intensity events is smaller than low-intensity events. Considering 

the occurrence rate, the expected long-term seismic sustainability can be formulated as 

follows:  

E[S(L )LT|tmax
] = S𝜆 max    5-9 

where 𝐸[𝑆(𝐿𝑇)𝐿𝑇|𝑡𝑚𝑎𝑥
] is the expected long-term seismic sustainability and 𝑆  is the 

seismic sustainability under a single hazard. The economic metric of sustainability is 

affected by the discount rate and can be determined using Equation (5-6). 

5.2.3 Resilience-assessment module (RAM) 

Resilience is the ability to prepare for anticipated hazards, adapt to changing conditions, 

and withstand and recover rapidly from disruptions (Koliou et al., 2017). Seismic 

resilience herein refers to the ability of a building to sustain the impact (i.e., robustness), 

and recover rapidly from seismic hazards. After an earthquake event, it takes time for 

recovery efforts to bring the building back to full functionality, resulting in additional 

consequences. Downtime assessment is a critical step in determining the resilience of a 

building but is considered empirically in the past research. In this module, total recovery 

time considers both the repair and rebuilding time. The rebuilding time is computed as 

the product of collapse probability and the total construction time of a building. For the 

repair time, the sequence of repairs is considered, and the total repair time of a building 

is determined. REDi methodology (Almufti and Willford, 2013) is then adopted which 

provides a rational basis to calculate downtime of a building (i.e., total repair time and 

the additional delays due to impeding factors and utilities). The adopted methodology 
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is improved, and additional time required for planning and execution of the repair 

efforts is included through quick assessment impeding and the utility availability curves 

(Anwar and Dong, 2020). The impeding factors include delays from inspection, 

financing, engineering and contractor mobilization, and permitting, etc., and utilities 

may include water, gas, and electricity. Five functionality states are defined in this 

framework depending upon the structural and non-structural damage, and the 

availability of utility. Each structural and non-structural damageable component is 

defined using fragility function, which is assigned to a repair class defining the severity 

of the damage. The damage severity of structural and non-structural components is 

determined by quantifying the damage of component using Equation (5-10) and 

correlating with the repair class (e.g., a building component with 𝑛 damage states can 

be in minimum, moderate or maximum repair class category). The repair class refers to 

the severity of component damage and it could impact the impeding factors. The 

building functionality state can then be determined considering the utility availability, 

impeding factors, and total repair time as follows: 

DSDam =
∑ i⋅DSi
n
i=1

∑ DSi
n
i=1

 , {

if   DSDam = i               hen "minimum repair class"
if   i < DSDam < n       hen "mo era e repair class"
if   DSDam = n               hen "maximum repair class"

            

5-10 

where 𝐷𝑆𝐷𝑎𝑚 is the average damage state of a component with 𝑛 damage states; and 

𝐷𝑆𝑖 is the number of components in damage state 𝑖. 

τFF = 𝑚𝑎𝑥{f(uelc), f(uw  ), f(ugas), τR |IM} + max{

f(DIns) + f(DFin)

f(DIns) + f(DEng.mob) + f(Dpe m)

f(DIns) + f(DCon.mod) + f(DLL )

              

5-11 
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τBF = 𝑚𝑎𝑥{f(uelc), f(uw  ), τR |IM} + max{

f(DIns) + f(DFin)

f(DIns) + f(DEng.mob) + f(Dpe m)

f(DIns) + f(DCon.mod) + f(DLL )

                             

5-12 

τRO =

{
 
 

 
 

IF    τRT|IM>0

max{

f(DIns)+f(DFin)

f(DIns)+f(DEng.mob)+f(Dpe m)

f(DIns)+f(DCon.mod)+f(DLLt)

          + τRT|IM

ELSE 0

                                         5-13 

τRU =

{
 
 

 
 

IF  τTH|Ext.Dam≥τSRT|IM≥0

max{

f(DIns)+f(DFin)

f(DIns)+f(DEng.mob)+f(Dpe m)

f(DIns)+f(DCon.mod)+f(DLLt)

          +τSRT|IM

ELSE 0

                                        5-14 

τRE =

{
 
 

 
 

IF  τSRT|IM≥ τTH|Ext.Dam

max{

f(DIns)+f(DFin)

f(DIns)+f(DEng.mob)+f(Dpe m)

f(DIns)+f(DCon.mod)+f(DLLt)

          +τSRT|IM

ELSE 0

                                       5-15 

where 𝜏  is the relevant downtime to achieve given functional state (definitions of 

functional states are presented in Table 5-1); 𝑓(𝑢𝑒𝑙𝑐),𝑓(𝑢𝑤𝑡𝑟), an  𝑓(𝑢𝑔𝑎𝑠)  are 

probabilistic repair times functions for electricity, water, and gas utilities, illustratively 

presented in the following Figure; 𝑓(𝐷𝐼𝑛𝑠),𝑓(𝐷𝐹𝑖𝑛), an  𝑓(𝐷𝐿𝐿𝑡) are probabilistic repair 

time functions for inspection, financing and long lead 

times; 𝑓(𝐷𝐸𝑛𝑔.𝑚𝑜𝑏), 𝑓(𝐷𝐶𝑜𝑛.𝑚𝑜𝑑), an  𝑓(𝐷𝑝𝑒𝑟𝑚) are probabilistic repair times functions for 

engineering mobilization, contractor mobilization, and permitting; 𝜏𝑅𝑇|𝐼𝑀 is the total 

repair time of a building determined from Equations (5-3) and (5-4), and adjusted for 

the sequence of repairs; 𝜏𝑆𝑅𝑇|𝐼𝑀  is the total structural repair time of a building; and 

𝜏𝑇𝐻|𝐸𝑥𝑡.𝐷𝑎𝑚  is the threshold repair time against extensive damage determined from 

Equations (5-3) and (5-4) and Equation (5-10). Functionality curve represents the 
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propagation of functionality state after an earthquake to its pre-earthquake state. A 

typical functionality curve representing five functionality states and the median 

recovery time to the pre-hazard state after an earthquake event, along with the median 

repair times for impeding delays, building repairs, and utility availability is also 

presented. 

To illustrate this, consider a simple case of an earthquake event where 10 

damageable columns in each story of a building are in damage state 𝑖. The story with 

the highest average damage has 2,5,3 columns in damage states 1, 2, and 3. The average 

damage state of that story calculated using Equation (5-10), is 2.1 indicating a moderate 

repair class, and therefore relevant impeding curves can be selected. Assuming 

inspection, financing, and permitting would take 1, 4, and 5 days, and engineering 

mobilization, contractor mobilization, and long lead times would take 4, 4, and10 days. 

Electricity, water, and gas utilities will be restored at 5, 20, and 40 days. The repair 

times for all damageable components is determined from Equations (5-3) and (5-4) and 

considering repair schedule, the total repair time of a building is 30 days. The full 

functionality will be achieved at 55 days and the baseline functionality will be achieved 

at 45 days after an earthquake which is determined as: 

𝐷𝑆𝐷𝑎𝑚 =
(1 × 2) + (2 × 5) + (3 × 3)

10
= 2.1   {

𝑠𝑖𝑛𝑐𝑒   𝑖 < 𝐷𝑆𝐷𝑎𝑚 < 𝑛
 𝑡ℎ𝑒𝑛 "𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑙𝑎𝑠𝑠"

 

𝜏𝐹𝐹 = max{5, 20, 40, 30} + 𝑚𝑎𝑥 {
1 + 4

1 + 4 + 5
1 + 4 + 10

= 40 + 15 = 55 𝑑𝑎𝑦𝑠 

𝜏𝐵𝐹 = max{5, 20, 30} + 𝑚𝑎𝑥 {
1 + 4

1 + 4 + 5
1 + 4 + 10

= 30 + 15 = 45 𝑑𝑎𝑦𝑠 
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Table 5-1. Functionality states definition considering structural, non-structural damage, 

and utility availability   

Functionality States Structural 

Damage 

Non-Structural 

Damage 

Utility Availability 

5 FF Full 

Functionality 

No damage or 

Repaired 

No damage or 

Repaired 

All available 

(e.g., water, 

electricity, gas) 

4 BF Baseline 

Functionality 

No damage or 

Repaired 

No damage or 

Repaired 

Critical ones (e.g., 

water and 

electricity) 

3 RO Re-Occupancy No damage or 

Repaired 

No damage or 

Repaired 

No 

2 RU Restricted Use No damage or 

Repaired 

Damaged or 

under-repair 

No 

1 RE Restricted Entry Damaged or 

under-repair 

Damaged or 

under-repair 

No 
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Figure 5-2 Illustration of building restoration after an earthquake event 

5.3 Performance-based decision-making 

The proposed PB-MCDM utilizes performance-based engineering and TOPSIS for 

decision-making. The consequences developed in the seismic loss, sustainability, and 

resilience modules are converted into attributes in criteria evaluation and the retrofit 

options are ranked based on the decision-making method. The steps are explained in 

the subsequent sections. 
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5.3.1 Criteria evaluation 

TOPSIS is a multi-criteria decision-making method, which requires multiple criteria to 

be ranked based on the closeness to the ideal solution. In this methodology, the 

proposed modules are used to assess social, economic, and environmental 

consequences. The multi-criteria are the consequences determined in the previous 

modules. To incorporate the entire range of hazard scenarios in decision-making, the 

consequences are translated to EACs for seismic loss, sustainability, and resilience. The 

EAC provides a single value of consequence by considering all hazard scenarios with 

the probability of occurrence. The mathematical formulation of EAC is computed by 

integrating consequence and hazard curve (Krawinkler et al., 2006; Cardone et al., 

2017) as follows: 

EAC = ∫ C |IM |
∂λIM

∂IM
|  IM

∞

0

     5-16 

where 𝐶𝑇|𝐼𝑀 is the expected value of total consequence given IM and 𝜆𝐼𝑀 is the mean 

annual frequency of exceedance of a given IM determined from the hazard curve. 

The computation of EACs requires a hazard curve and a consequence curve. 

The hazard curve gives the mean annual frequency of exceedance of IM, and 

consequence curves give social, economic, or environmental consequences for a given 

IM, and can be determined using Equations (5-3) and (5-7). For the long-term 

consequences refer to Equations (5-6) and (5-9). In general, a closed-form solution to 

the integral Equation (5-16) cannot be determined, and therefore a numerical 

integration approach is utilized (Eads et al., 2013). The slope of the hazard curve can 

be determined using the numerical approach, IM time step can be selected, and the 
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integration of slope of hazard curve and consequence curves is achieved for each time 

step, and EAC can be determined as illustrated below. 

 

Figure 5-3 Illustration for computing EAC: (a) Derivative of hazard curve, (b) 

consequence curve, and (c) integration of slope of hazard and consequences given IM 

5.3.2 TOPSIS 

Seismic loss, sustainability, and resilience are characterized into attributes, which 

include cost attribute from seismic loss, casualties, equivalent carbon emission, 

embodied energy attribute from seismic sustainability, and repair time attribute from 

resilience assessment. The formulated weighted normalized decision matrix for 

attributes in terms of EACs and retrofit options in terms of alternatives is calculated by: 

vab =
waxab

√Σb=1
m xab

2
 where b = 1,… ,m; a = 1,… , n                      5-17 

(a) (b)

(c)
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where 𝑣𝑎𝑏 is an element of matrix normalized to the weights referred to as normalized 

decision matrix; 𝑤𝑎 is the weights for an attribute 𝑎; and 𝑥𝑎𝑏 is an element of a matrix 

showing EAC of attributes for retrofit alternatives 𝑏. 

The least ideal and the most ideal solutions are computed using Equations (5-

19) and (5-20) referred herein as the most acceptable solution 𝑣∗, and least acceptable 

solution 𝑣−. 

v∗ = {v1
∗, … , vn

∗} = {(max bvab|a ∈ I′), (minbvab|a ∈ I′′)}   5-18 

v− = {v1
−, … , vn

−} = {(minbvab|a ∈ I′), (maxbvab|a ∈ I′′)}   5-19 

where 𝐼′ and 𝐼′′ are positive and negative attributes, respectively. The measured five 

attributes are considered as negative attributes since it is favorable to reducing cost, 

casualties, emissions, and repair time of a building. The ideal and the negative-ideal 

solutions for each attribute are used to calculate the Euclidean distances referred to as 

the separation measures from an ideal solution 𝐷𝑏
∗ and the separation measure from the 

non-ideal solution 𝐷𝑏
− calculated by: 

Db
∗ = √∑ (vab − va∗)2

n
a=1  where  b = 1,… ,m; a = 1,… , n   5-20 

Db
− = √∑ (vab − va−)2

n
a=1  where  b = 1,… ,m; a = 1,… , n   5-21 

Finally, to determine the relative closeness to the ideal solution and ranking of 

the retrofit alternatives from best to worse, Equation (5-22) is used as follows: 

pb =
Db
−

(Db
∗+Db

−)
  where b = 1,… ,m; 0 < pb < 1.0   5-22 
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The conventional TOPSIS method is normalized, resulting in a narrow gap 

between performance measures, which may lead to a loss in information. Additionally, 

different stakeholders may have different risk attitudes in decision-making. To solve 

the narrow gap problem for the performance measures and to add risk-attitude in the 

TOPSIS, the normalized decision matrix is modified as follows: 

vab = 1 − [
(v∗+D2)−xab

(v∗+D2)−(v−−D1)
]
Ra

       where b = 1,… ,m; a = 1,… , n                5-23 

where 𝐷1 and 𝐷2 are values to achieve a wider gap in the performance measures ; 𝑣𝑎𝑏 

is an element of a normalized matrix; 𝑥𝑎𝑏 is an element of a matrix showing EAC of 

attributes for retrofit alternatives 𝑏 ; and 𝑅𝑎  can be interpreted as a reflecting risk 

attitude. 

5.4 Illustrative example 

The proposed framework consisting of four modules (i.e., performance assessment, 

sustainability assessment, resilience assessment, and PB-MCDM) is illustrated on a 

reinforced-concrete residential building. The reference building and the retrofit 

alternatives are designed for illustration of the proposed framework. The designed 

building is an intermediate four-story moment resisting frame structure with three bays 

in the x-direction and five bays in the y-direction, the width of the bay is 4 m and typical 

story height is 3.5 m. The gravity loads considered in the design of a building include 

self-weight of a building, super-imposed dead load of 4.0 kN/m2, and live load of 2.0 

kN/m2 for the slabs. The concrete strength of 24 MPa and a steel strength of 240 MPa 

is considered in the strength design of structural components. The structural design of 

a building is based on the ACI-318 (2011) code of practice, and the seismic design is 
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based on the IBC (2012). The design level earthquake of 0.398g is considered for the 

lateral design of a building, extracted from the hazard curve. The fragility and 

consequence functions for residential building type are extracted from previous studies 

(Mitrani-Reiser, 2007; FEMA-P-58, 2012; Hashemi et al., 2019). For instance, 

Hashemi et al. (2019) provided the relevant fragility functions for both structural and 

non-structural components of a reinforced concrete building, and FEMA-P-58 (2012) 

provided an extensive database for fragility and consequence functions along with 

spreadsheets which is used to extract structural and nonstructural components, the 

quantities and the relevant fragility and consequence functions. FEMA 547 (2006) 

discussed various retrofitting techniques for global strength and stiffness deficiencies 

with focus on vertical members to improve lateral stability. Three retrofit methods are 

designed and implemented following the FEMA 547 (2006) and ASCE (2013) 

recommendations. The building layout and structural details are shown below. 

 

Figure 5-4 Building model and layout of 4-story building 
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5.4.1 Performance and sustainability assessment module 

The first step of the PAM module is hazard assessment. PGAs (Peak Ground 

Accelerations) at FLE (Frequent Level Earthquake), DLE (Design Level Earthquake), 

and MCE (Maximum Considered Earthquake) scenarios are extracted from the hazard 

curve (i.e., 0.137g, 0.398g, and 0.778g, respectively). Building performance model 

developed in PAM consists of fragility functions, consequence functions, and 

population model. The population model shows the variation of percentage of 

population present during the time of a day and day of a week. Random time of the day 

and day of the week is determined using a stochastic process and is utilized in each 

realization for the casualty assessment. Fragility functions relate the EDPs with the 

probability of damage state, and consequence functions translate those probabilities to 

repair loss and repair time for each component. Table 5-2 shows the fragility and 

consequence functions for structural and non-structural components. Structural 

members are drift-sensitive structural components; ceiling and sprinklers are 

acceleration-sensitive non-structural components (i.e., the damage in these components 

is triggered due to floor accelerations); and the remaining non-structural components 

are drift-sensitive. The total cost and total time are inclusive of repair cost and repair 

times determined from damage assessment, and the replacement time and replacement 

cost from the probability of collapse. The replacement cost (i.e., the total cost required 

to replace the structure in case of collapse) is estimated to be 2 million USD, and the 

total replacement time (i.e., the total time required to replace the structure in case of 

collapse) is estimated to be 280 days. The replacement cost and time are estimated from 

the quantity estimation tools provided in FEMA-P-58 (2012), and from the relevant 

studies (Asadi et al., 2019; Hashemi et al., 2019), adjusted for inflation. 
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Table 5-2. Fragility and consequence functions of damageable components 

Component Quantity 

per floor 

Damage 

state 

Fragility 

functions 

Consequence functions 

 

Repair cost 

(USD) 

Repair time 

(Days) 

Median CoV Median CoV Median CoV 

Structural 

members 

21 units DS1 

DS2 

DS3 

1.75 

2.25 

3.22 

0.40 

0.40 

0.40 

6270 

9540 

11580 

0.39 

0.32 

0.30 

18.9 

28.7 

35.3 

0.46 

0.40 

0.39 

Partition 

 

6 m2 x 

50 

DS1 

DS2 

0.39 

0.85 

0.17 

0.23 

115 

679 

0.20 

0.10 

0.136 

0.797 

0.30 

0.30 

Finish 6 m2 x 

100 

DS1 

DS2 

0.39 

0.85 

0.17 

0.23 

115 

321 

0.20 

0.10 

0.135 

0.376 

0.51 

0.61 

Glazing 2.8 m2 x 

12.85 

DS1 

DS2 

4.00 

4.60 

0.36 

0.36 

564 

564 

0.17 

0.17 

0.582 

0.582 

0.29 

0.40 

Ceiling 232 m2 x 

0.5 

DS1 

DS2 

DS3 

0.35 

0.55 

0.80 

0.40 

0.40 

0.40 

4541 

37612 

70769 

0.40 

0.50 

0.55 

5.699 

47.05 

88.40 

0.63 

0.40 

0.40 

Sprinklers 4 m x 20 DS1 0.32 1.40 1154 0.37 1.227 0.80 

 

A set of 20 far-field earthquake records are utilized for the collapse fragility 

assessment. The vertical structural elements are retrofitted with reinforced concrete 

(RCJ), steel jacketing (SJ) and fiber-reinforced polymer (FRP) overlays to improve 

lateral stability. In RCJ, all the columns are retrofitted with the 75 mm reinforced 

concrete jacket, a steel jacket of 3 mm thickness is used for SJ, and fiber-reinforced 
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polymer overlays with a thickness of 0.33 mm were used for FRP retrofit. The number 

of collapses per twenty simulations is recorded given IM with increasing intensity. A 

lognormal distribution is fitted using maximum likelihood function (Baker, 2015) and 

collapse fragilities are developed for reference building and retrofit options. The 

reference building (𝐶|𝑅𝑒𝑓) and the retrofit with Fiber-Reinforced Polymer (𝐶|𝐹𝑅𝑃) 

have considerably higher probability of collapse as compared to Reinforced-Concrete 

Jacketing (𝐶|𝑅𝐶𝐽) and Steel-Jacketing retrofit (𝐶|𝑆𝐽), nonetheless it is observed that, 

the probability of collapse is reduced using retrofit. Seismic loss assessment is 

performed to determine social and economic consequences. Following Figure shows 

social and economic loss curves for a reference building developed using Equations (5-

3) and (5-4) and Equation (5-7). 

 

Figure 5-5 Collapse fragility curves for building with retrofit options  
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Figure 5-6 Expectation of probabilistic loss curves: (a) Economic and (b) social  

It is observed that the repair losses increase with increasing IM levels up to 

0.65g, and then start decreasing, while collapse losses continue to increase with 

increasing IM. However, it is important to note that, the total economic losses increase 

with the increasing IM levels. The expected total economic losses determined from the 

economic loss curves are 0.054, 0.375, and 1.03 million USD, for the considered three 

scenarios (i.e., FLE, DLE, and MCE). As shown, the economic losses are dominated 

by structural and nonstructural damage at low IM levels due to the high probability of 

non-collapse, while at high IM levels the economic losses are dominated by collapse 

losses due to high probability of collapse. The casualties are conditioned on the 

probability of collapse; therefore, an increasing trend is observed for social 

consequences with increasing IM. The mean annual frequency of earthquake hazard (λ) 

for the three scenarios, determined from the hazard curve is 0.0139, 0.0021, and 0.0004. 

The inflation rate is assumed as 3% yearly and the expected long-term economic and 

social loss is determined using Equations (5-6) to (5-9), for the investigated period. 

 

Figure 5-7 Long-term loss under investigated time interval: (a) Economic and (b) Social 
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In the 50-year service life of a building, the expected long-term economic loss 

for the three scenarios is 1.969 x 104, 2.045 x 104, and 1.050 x 104 USD, and it increases 

with the increasing service life of a structure. On the contrary, the DLE scenario 

experiences higher long-term economic losses as compared to FLE and MCE scenarios, 

indicating that the DLE scenario is likely to cause higher accumulative economic loss 

during the service life of a structure. The long-term consequences are a function of the 

probability of occurrence, intensity, and consequences of an event. In the considered 

example, the long-term economic consequences are highest for the DLE event, and 

long-term social consequences are highest for the MCE event. The following Figure 

shows the long-term economic and social loss curves given IM for three different 

service lives of a structure. The reduced long-term economic losses in the MCE 

scenario are due to the low probability of occurrence of a seismic event at high IM 

levels. The long-term social losses increase with increasing IM with the highest social 

loss at 0.77g, and it decreases afterward because the probability of occurrence starts to 

decrease significantly. It is interesting to note that, high long-term economic losses are 

observed at low IM values, while for long-term social loss, the IM levels are closer to 

the MCE scenario. The social losses are conditioned only on the collapse case, while 

economic losses are conditioned on both collapse and non-collapse cases. At low IM 

levels, the economic consequences are more sensitive to structural and non-structural 

damage due to the high probability of non-collapse. The sensitivity to damage at low 

IM levels can also be observed in similar research (Ramirez et al., 2012; Hashemi et 

al., 2019). 
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Figure 5-8 Long-term loss curves: (a) Economic and (b) Social 

The parameters used in the seismic sustainability model are shown in Table 5-3. Social 

loss curves for casualties and environmental loss curves for total embodied energy are 

shown below. It is observed that increasing the service life of a structure results in a 

higher long-term environmental loss, and the MCE scenario has the highest, while the 

DLE scenario has the lowest long-term environmental loss. A similar trend is observed 

for the environmental consequence (i.e., at low IM levels consequences are sensitive to 

damage, and at high IM levels the consequences are more sensitive to collapse). 

Table 5-3. Environmental consequence functions of damageable components 

Components Damage 

state 

 

Environmental consequence functions 

Carbon emission 

(kgCO2) 

 

Embodied energy 

(MJ) 

Median CoV Median CoV 

Structural 

members 

DS1 

DS2 

DS3 

1.794 

1.794 

19.73 

0.4 

0.4 

0.4 

16.00 

432.0 

500.0 

0.4 

0.4 

0.4 

Partition DS1 12.72 0.4 226.0 0.4 
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 DS2 25.52 0.4 453.0 0.4 

Finish DS1 

DS2 

1.336 

2.686 

0.4 

0.4 

25.29 

50.84 

0.4 

0.4 
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DS2 

96.30 

183.2 

0.4 

0.4 

1679 

3314 

0.4 

0.4 
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1.023 

5.846 

19.73 

0.4 

0.4 

0.4 

17.53 

104.9 

349.9 

0.4 

0.4 

0.4 

Sprinklers DS1 58.07 0.4 839.3 0.4 

 

 

Figure 5-9 Environmental loss: (a) Total embodied energy and (b) long-term equivalent 

carbon emissions 
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structural components are repaired serially, while non-structural components are 

repaired in parallel. Three sequences of impeding factors are also considered. 

 

Figure 5-10 Downtime assessment flowchart 

The repair time of all the components at each story is determined using 

Equations (5-3) and (5-4) and the maximum repair time can be calculated using critical 

path analysis as follows: 

τR = max {

τS  + τPa + τFin
τS  + τGlz

τS  + τSp + τCel
    5-24 

where 𝜏𝑆𝑡𝑟  is the structural repair time; 𝜏𝑃𝑎𝑟  is the repair time of the partition 

component; 𝜏𝐹𝑖𝑛  is the repair time of finishes; 𝜏𝐺𝑙𝑧  is the repair time of the glazing 

component; 𝜏𝑆𝑝𝑟 is the repair time of sprinklers; and 𝜏𝐶𝑒𝑙 is the repair time of the ceiling 

component. 
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In the considered example, the path with the longest repair time is the critical 

path of a building under given IM. The CPM is repeated for all the IM levels and repair 

time loss curves are developed. Lognormal distribution curves are utilized for 

incorporating impeding factors and utility availability, synthesized from the REDi 

(Almufti and Willford, 2013) as shown in Table 5-4. 

Table 5-4. Impeding factors for delay and utility disruption curves 

Impeding 

Factors and 

utility system 

Mitigation measures Other conditions Median CoV 

Inspection BORP Equivalent - 1 day 0.54 

Engineering 

Mobilization 

Engineer on contract Minor damage 

Extensive 

damage 

2 weeks 

4 weeks 

0.32 

0.54 

Financing Pre-arranged credit - 1 week 0.54 

Contractor 

Mobilization 

GC on contract Minor damage 

Extensive 

damage 

3 weeks 

7 weeks 

0.66 

0.35 

Permitting GC on contract Minor damage 

Extensive 

damage 

1 week 

8 weeks 

0.86 

0.32 

Electricity 

system 

- - 3 days 1.0 

Water system RR <= 0.2 repairs/Km 

RR > 0.2 repairs/Km 

- 4 days 

21 days 

0.5 

1.0 

Natural gas 

system 

RR <= 0.2 repairs/Km 

RR > 0.2 repairs/Km 

- 10 days 

42 days 

0.5 

0.6 
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The impeding factors, utility availability curves, and structural and non-

structural damage conditions are mapped against different functional states and the 

amount of time spent in each functional state is used to model building restoration after 

an earthquake event. The other conditions in Table 5-4, indicating minor and extensive 

damage would result in different engineering mobilization, contractor mobilization, and 

permitting delay times for minor and extensive damage states of a building. The time 

required to achieve different functional states is determined from Equations (5-11) to 

(5-15), and the functionality recovery curve can be determined for a given hazard 

scenario. The resulting functionality recovery sequence for the three scenarios with and 

without impeding factors and utility availability is shown below. 

 

Figure 5-11 Functionality states repair sequence at (a) FLE, (b) DLE, and (c) MCE 

In this illustrative example, it is observed that considering impeding factors and 

utility availability results in a longer time period to achieve full functionality. The 

availability of utility has a larger impact on determining resilience at the FLE scenario, 

while impeding factors have a larger impact on resilience for the MCE scenario, and 

considering utility system has no impact on resilience and recovery profile for the MCE 

scenario. The expected resilience for the FLE, DLE, and MCE scenarios and the effect 
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of utility availability and impeding factors are shown in the following Figure. The FLE 

and DLE scenarios perform better in terms of time to recovery as compared to the MCE. 

It is observed that for the DLE scenario, utilities have a negligible impact on the seismic 

resilience of a reference building, while not-considering impeding factors would affect 

the seismic resilience. The expected resilience for the investigated time interval of 200 

days is 0.930, 0.789, and 0.285, and the expected long-term resilience for the building 

with 50-year service life, for three scenarios is 0.645, 0.083, and 0.0058, respectively.   

 

 Figure 5-12 Expected resilience for (a) FLE, DLE, and MCE scenarios under different 

investigated time intervals and (b) DLE scenario with and without utility system and 

impeding factors 
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disruption during its application and has good compatibility with the retrofitted 

structural member. RCJ also has good compatibility, but it causes lots of disruption, 

since it requires removing concrete cover, exposing reinforcing steel, drilling, applying 

new steel cage and concreting, etc. Steel jacketing also causes a significant amount of 

disruption and is relatively incompatible with the reinforced concrete structural 

members. 

The developed decision-making framework is effectively applied to utilize 

EACs to prioritize the considered retrofit alternatives. The resulting relative closeness 

coefficient for retrofit alternatives using the conventional TOPSIS method is shown in 

the following Figure. FRP retrofit has the highest closeness coefficient and is 

considered the best retrofit option among considered alternatives, RCJ has a slightly 

lower closeness coefficient and is the second preferable choice, while steel jacketing is 

the least acceptable solution among the selected retrofit alternatives. Considering long-

term consequences results in different closeness coefficients, in which RCJ is 

considered the most acceptable solution and the SJ is considered as the least acceptable 

solution. It is noted that RCJ has the lowest social impact with the least number of 

casualties. Environmental impact is lower as well as compared to the FRP jacketing but 

economically FRPs perform better as compared to RCJ and SJ. The repair times for 

FRPs are also lowest, showing faster recovery and better performance in terms of 

resilience. In this example, equal weighting factors are assigned to all five criteria, but 

the presented framework can be utilized for cases where different weighting factors are 

required. 
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Figure 5-13 Relative closeness coefficient ranking retrofit alternatives based on PB-

MCDM linking loss, sustainability, and resilience 

From the long-term perspective, the RCJ has the lowest social and 

environmental loss, while FRPs have the lowest economic loss and downtime. The 

following Figure shows long-term EAC against 50 years of building service life under 

different risk attitudes of the decision-maker. The factor 𝑅𝑎 = 1  is used for risk-

neutral, 𝑅𝑎 = 0.5 for the risk-averse, and 𝑅𝑎 = 2 is used for the risk-seeking attitude.  

 

Figure 5-14 Relative closeness coefficient ranking retrofit alternatives against risk 

attitude of decision-makers 
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It is observed that, for a building with a service life of 50 years and considering 

long-term consequences, RCJ is ranked the best choice under conventional TOPSIS. 

Adopting modified TOPSIS with a wider gap among performance measures and 

incorporating risk attitude results in different relative closeness coefficients. RCJ 

ranked second best choice after FRPs, considering the neutral and risk-seeking attitude 

of the decision-makers, and the least acceptable choice while considering the risk-

averse attitude of a decision-maker. Some building owners or stakeholders might give 

more importance to the social consequences, or environmental consequences, which 

might also change the outcome of the relative closeness coefficient. Hence it is worth 

noting that the framework is sensitive to the selection of weighting factors, investigated 

period, and risk attitudes, which can be inherently subjective. Nonetheless, the 

weighting factors, investigated period and the risk-attitude can be determined through 

the judgement of the stakeholders and professionals, through empirical evidence, and/or 

by conducting surveys.  

The framework can then be utilized for the decision-making by considering all 

the relevant scenarios for the considered options and making decisions 

probabilistically. Table 5-5 shows rankings of retrofit options with number 1 being the 

most acceptable solution and 4 being the least acceptable solution, against conventional 

TOPSIS, modified TOPSIS, three different risk-attitudes, and long-term under service 

life of 50 years and 75 years. 50 years and 75 years’ service life of a building is 

considered as the most likely scenarios for residential buildings, and considering the 

given twelve scenarios, the probability of RCJ being the most ideal solution is 66.67%. 

FRPs have an equal likeliness of 33.33% at being the first, second, and third most ideal 

solution. The probability of SJ being in the third rank is 66.67% and the reference 
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building is ranked the least ideal solution with a probability of 83.33%. The proposed 

framework can therefore be utilized to prioritize the retrofit alternatives considering 

possible scenarios under conflicting and disproportionate criteria. 

Table 5-5. Rankings of retrofit alternatives against given scenarios 

 not considering long-term Long-term 50 years Long-term 75 years 

Scenario CT RN RS RA CT RN RS RA CT RN RS RA 

No-retrofit 4 4 4 4 4 4 4 3 4 4 4 3 

RC jacket 2 2 1 1 1 3 2 4 1 3 2 4 

FRP jacket 1 1 2 2 2 1 1 1 2 1 1 1 

Steel jacket 3 3 3 3 3 2 3 2 3 2 3 2 

CT = Conventional TOPSIS, RN = Risk neutral, RS= Risk seeking, RA=Risk averse 

5.5 Conclusions 

This chapter presents a performance-based multi-criteria decision-making framework 

considering seismic loss, sustainability, and resilience from a long-term perspective. 

The following conclusions can be drawn: 

1. The proposed PB-MCDM framework can be utilized to rank alternatives by 

evaluating social, economic, and environmental consequences based on the 

seismic risk, resilience, and sustainability which are important performance 

indicators for investigating the performance of buildings under hazard. The 

methodology can be developed for other structural systems, retrofit, and hazard 

types, and additional consequences can be added for the decision-making. 



116 

 

2. In the illustrative example, SJ retrofit showed the lowest probability of collapse, 

followed by RCJ, while FRPs showed a slightly lower probability of collapse 

compared to the reference building, nonetheless, all the retrofit options provide 

a lower probability of collapse. It is also observed that collapse fragility is 

responsible for the consequences at higher IM levels, while social, economic, 

and environmental consequences at low IM levels depend on the non-collapse 

case. 

3. The modified REDi methodology provided a better estimation of the 

functionality state and the progression to full functionality. In the illustrative 

example, the investigated building under FLE and DLE scenarios is associated 

with better expected long-term resilience, while with relatively poor resilience 

under the MCE scenario. 

4. The seismic resilience of a building was evaluated through component-level 

repair time assessment, considering the sequence of repairs, incorporating 

impeding delays and availability of utilities. The various parameters associated 

with impeding and utilities, affecting the downtime of a building were 

considered through lognormal cumulative functions providing better downtime 

estimation of each functional state. 

5. TOPSIS was used to rank retrofit alternatives under conflicting and 

disproportionate criteria. Twelve relevant scenarios for the reference building 

considering risk attitude, and with and without long-term consequences were 

studied and RCJ was found the best alternative with the probability of 66.67% 

of being the ideal solution. 

6. Not considering long-term consequences results in FRP being the best retrofit 

option with ease of applicability, low cost of repair, better recovery time, and 
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the overall resilience. RCJ was found to be the second-best option with the 

lowest casualties, embodied energy, and equivalent carbon emissions. SJ was 

ranked the least attractive retrofit alternative considering social, economic, and 

environmental consequences. 

7. In a long-term perspective, RCJ was found to be the most-acceptable retrofit 

option, with the lowest social and environmental long-term losses. FRP was 

found to be the second-best choice, with the lowest economic long-term loss 

and reduced long-term repair time. The SJ was found to be the third favorable 

retrofit option with high long-term economic loss and environmental 

consequences. 
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CHAPTER 6 SEISMIC RESILIENCE OF COMMUNITY 

BUILDINGS 

6.1 Introduction 

The functionality of community buildings not only depends on the damage to individual 

buildings but also on the interactions with other infrastructure systems. This chapter 

incorporates these interactions by applying systems thinking approach to analyze 

community resilience. The proposed framework starts with identifying the physical 

infrastructure systems and key components in a community. Then, the hazard scenarios 

are defined, and the component damage and recovery are assessed by utilizing fragility 

and consequence functions. After that, a network model, considering the 

interdependencies between the utility networks and the dependency of utility networks 

on the community buildings, is introduced to evaluate the component-level building 

functionality. Finally, community resilience is assessed by proposing community-level 

indicators including inherent resilience, community functionality, and access to 

essential facilities. The proposed model is illustrated on a community consisting of 

building portfolios, water, and electric power systems under four hazard scenarios. It is 

concluded that the systems thinking approach considered at a community level provides 

important insights to the community resilience such as building functionality, utility 

demand, and supply, access to essential facilities, among others. 
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6.2 Community resilience framework 

To introduce the proposed community resilience assessment framework, this section 

mainly takes building portfolios and two physical infrastructure systems including the 

water (WN) system and the electrical power (EPN) system as an example for illustrative 

purposes. The building portfolios consist of components including residential buildings 

(RB), commercial buildings (CB), educational institutes (EI) consisting of schools, 

colleges, and universities, medical care facilities (MC) consisting of clinics and 

hospitals, and emergency response facilities (ER) consisting of fire stations, police 

stations, and emergency operation centers. The WN system consists of pipelines, water 

tanks, reservoirs, and pumping plants. The EPN system consists of generators, electrical 

wires, and an electric substation. 

The framework for community resilience assessment comprises of three main 

parts: (1) component damage and recovery assessment, (2) network modeling and 

functionality assessment by considering interactions (i.e., dependencies and 

interdependencies), and (3) community resilience assessment by evaluating indicators 

such as inherent community resilience, community functionality, and access to essential 

facilities. The component damage and recovery assessment aim to develop recovery 

profiles for individual components. Since the functionality depends on the recovery of 

various interacting components, the network modeling approach is employed to 

evaluate the dependencies and interdependencies of components. The final step is to 

evaluate the community resilience by considering performance indicators that can 

provide meaningful information. In this step, the inherent resilience of a community, 

which is independent of hazard scenario is measured as the shortest distances from non-

essential facility to access the essential facilities. Then, individual components’ 
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recovery assessment is utilized to estimate community functionality and access to 

essential facilities. Finally, these community-level performance indicators are utilized 

to assess community resilience. The next sections provide further demonstration of the 

three main parts of the framework. 

  

Figure 6-1 The proposed framework for community resilience assessment  

6.3 Component damage and recovery 

The first step towards assessing community resilience is to identify physical 

infrastructure systems and key community components (i.e., building portfolios). The 

building portfolios consist of different types of buildings including essential and non-

essential buildings. The non-essential buildings (i.e., RBs) serve the purpose of 

providing shelter, while the essential buildings provide educational, medical, and 

emergency-related services, among others. The WN system provides water service to 

the buildings through pipelines that receive water from the reservoir through 
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components such as water tanks and pumping plants. The EPN system provides 

electricity to the buildings from the electric substation through the electrical wires. 

After identifying the components in a community, the component damage, downtime, 

and recovery assessment are performed, explained in subsequent subsections. The 

summary of the considered components and data required for the component damage, 

downtime, and recovery assessment are shown in Table 6-1. 

Table 6-1 Summary of physical infrastructure systems and key components’ damage 

and recovery assessment 

Physical 

infrastructure 

systems and 

key 

components 

Components Damage assessment Recovery assessment 

Water network Reservoir Fragility (HAZUS, 

2003) 

Consequence  (HAZUS, 

2003) 

Pumping 

plant 

Fragility (HAZUS, 

2003) 

Consequence (HAZUS, 

2003) 

Water tank Fragility (HAZUS, 

2003) 

Consequence  (HAZUS, 

2003) 

Pipelines Repair rate 

(HAZUS, 2003; 

ALA, 2001; 

O’Rourke & Deyoe, 

2004) 

Repair time from pipe 

breaks and leaks (HAZUS, 

2003; ALA, 2001; 

O’Rourke & Deyoe, 2004) 

Electrical 

power network 

Substation Fragility (HAZUS, 

2003) 

Consequence  (HAZUS, 

2003) 

Pole towers Fragility (HAZUS, 

2003) 

Consequence  (HAZUS, 

2003) 

Power lines Fragility (HAZUS, 

2003) 

Consequence  (HAZUS, 

2003) 
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Building 

portfolios 

building Fragility (HAZUS, 

2003; FEMA, 2012) 

Consequence  (HAZUS, 

2003; FEMA, 2012; 

Almufti and Willford, 2013) 

 

6.3.1 Component damage assessment 

The component damage is evaluated by defining discrete damage states which are based 

on the level of damage after an earthquake event. In this chapter, four damage states 

(i.e., slight, moderate, extensive, and complete) are defined and the probability of 

exceeding each damage state given the intensity measure (IM) of an earthquake is 

determined from the fragility functions. 

The damage state probabilities provide the probability of exceeding each 

damage state given IM. To evaluate a specific damage state, a probabilistic method is 

proposed herein. In this method, a specific damage state of a component is determined 

by utilizing a random generating function, and the probability of being in each damage 

state is formulated as: 

DSk
i =

{
  
 

  
 

 

if ∅| Rn0
1 > pDS1|IM

i  ;  DS0
i

if pDS2|IM
i < ∅| Rn0

1 ≤ pDS1|IM
i  ;  DS1

i  

if pDS3|IM
i < ∅| Rn0

1 ≤ pDS2|IM
i  ; DS2

i  

if pDS4|IM
i < ∅| Rn0

1 ≤ pDS3|IM
i  ; DS3

i  

if ∅| Rn0
1 ≤ pDS4|IM

i  ;  DS4
i

    6-1 

where 𝐷𝑆𝑘
𝑖  is the k damage state of component i given IM; k represents a discrete 

number ranging from 0 to 4 for four damage states; ∅| 𝑅𝑛0
1  is a function generating a 
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random number ranging from 0 to 1; and 𝑝𝐷𝑆𝑘|𝐼𝑀
𝑖  is the probability of exceeding 

damage state 𝑘. 

6.3.2 Component recovery assessment 

6.3.2.1 Downtime and recovery assessment of buildings 

The severer the damage, the longer it takes to prepare for the recovery efforts and the 

actual repair work. The downtime of a component is defined as the total time it takes to 

repair a component including the time required for starting the repair work. Thus, the 

downtime consists of two parts: (1) delay time, and (2) repair time. The repair time is 

the time from the start of actual repairs to completion and the delay time is an additional 

time required for the management of actual repairs. For instance, in the case of the 

building portfolios, the total delay time for a building can be determined as (Almufti 

and Willford, 2013): 

𝑇𝐷𝑇𝑖 = 𝐷𝑇 𝐼𝑛𝑠
𝑖 +𝑚𝑎𝑥 {

𝐷𝑇 𝐹𝑖𝑛
𝑖

𝐷𝑇 𝐸𝑛𝑚
𝑖 + 𝐷𝑇 𝑃𝑒𝑟

𝑖

𝐷𝑇 𝐶𝑜𝑚
𝑖

    6-2 

where 𝑇𝐷𝑇𝑖  is the total delay time for building 𝑖 ; 𝐷𝑇 𝐼𝑛𝑠
𝑖  is the delay time due to 

inspection; 𝐷𝑇 𝐹𝑖𝑛
𝑖  is the delay time due to financing; 𝐷𝑇 𝐸𝑛𝑚

𝑖  is the delay time due to 

engineering mobilization; 𝐷𝑇 𝑃𝑒𝑟
𝑖  is the delay time due to permitting; and 𝐷𝑇 𝐶𝑜𝑚

𝑖  is the 

delay time due to contractor mobilization. The Downtime is the sum of total delay time 

and repair time determined as: 

𝐷𝑊𝑇 
𝑖 = 𝐼𝑅𝑇  

𝑖 + 𝑇𝐷𝑇𝑖    6-3 
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where 𝐷𝑊𝑇 
𝑖  is the downtime of component i; and 𝐼𝑅𝑇  

𝑖  is the repair time of 

component i. The repair time for each building can be determined by utilizing 

consequence functions. The consequence function is also a lognormal CDF providing 

a repair time against the damage state of a building (FEMA-P-58, 2012; Hutt et al., 

2015; Molina Hutt et al., 2016). 

6.3.2.2 Pipelines recovery assessment 

The recovery of the WN pipelines is determined by evaluating the repair rate which is 

the number of repairs required per kilometer of pipeline under a given IM (O’Rourke 

and Deyoe, 2004). In the case of buried pipelines, the repairs required (i.e., the total 

number of breaks and leaks) are sensitive to peak ground velocity (PGV), and for the 

case of liquefaction, the repairs required are sensitive to peak ground displacement 

(PGD) (Honegger and Eguchi, 1992; O'Rourke and Ayala, 1993). The community is 

geographically divided into many sectors to better understand community profile, 

identify the distribution of components such as pipelines, and assign resources in a 

hazard event such as the number of workers for repair works, among others. In the 

proposed methodology, the total number of required repairs are determined per sector 

as: 

𝑅𝑅 
 =  0.0001.𝑊𝑛𝑆

 . 𝐶𝑇
 . (𝐼𝑀𝑃𝐺𝑉)

2.25    6-4 

𝑅𝑅𝐿
 = 𝑝𝑙𝑖𝑞|𝐼𝑀

 .𝑊𝑛𝑆
 . 𝐶𝑇

 . (𝐼𝑀𝑃𝐺𝐷)
0.56    6-5 

where 𝑅𝑅 
  is the total number of repairs required including breaks and leaks in given 

sector 𝑆; 𝑊𝑛𝑆
  is the cumulative length of the pipelines in a given sector; 𝑅𝑅𝐿

  is the 

number of repairs required given liquefaction scenario; 𝑝𝑙𝑖𝑞|𝐼𝑀
  is the probability of 
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liquefaction; 𝐼𝑀𝑃𝐺𝑉  is PGV IM; 𝐼𝑀𝑃𝐺𝐷  is the PGD IM; and 𝐶𝑇
  is the pipeline type 

multiplier that is 1 for the brittle pipes and 0.3 for the ductile pipes (HAZUS, 2003). 

HAZUS assumes that in the case of PGV IM, the total number of required 

repairs includes 80% leaks and 20% breaks, while in the case of liquefaction, the total 

number of required repairs includes 20% leaks and 80% breaks (HAZUS, 2003). The 

total repair time for the pipelines can be determined as: 

𝑃𝑅𝑇𝑆
 = 

1

𝑊𝑆
 ∑ (𝐿𝑆

𝑝𝑡. 𝐿𝐹 
𝑝𝑡 + 𝐵𝑆

𝑝𝑡. 𝐵𝐹 
𝑝𝑡)𝑛

𝑝𝑡=1     6-6 

where 𝑃𝑅𝑇𝑆
  is the total repair time in days for pipelines in a sector 𝑆; 𝑊𝑆

  is the number 

of workers assigned to a sector for repair work; 𝐵 𝑆
𝑝𝑡

 is the number of estimated breaks 

of a pipeline type 𝑝𝑡; 𝐿𝑆
𝑝𝑡

 is the number of estimated leaks in pipeline pt given sector 𝑆; 

𝐵𝐹 
𝑝𝑡  is the repair factor for the breaks that depends on the pipe type, size, among 

others; and 𝐿𝐹 
𝑝𝑡 is the repair factor for the leaks. Note that the HAZUS methodology 

implemented herein is a simplified approach for repair time estimation for water 

pipelines, and can be better modeled utilizing improved methodologies (Nurre et al., 

2012; Xu et al., 2019). 

6.3.2.3 Other network components recovery assessment 

The recovery for other WN components including pumping plants, water tanks, the 

reservoirs is evaluated by utilizing consequence functions (HAZUS, 2003). The 

damage states for electric substations and distribution circuits are also determined from 

fragility functions and the resulting repair time is evaluated from the consequence 

functions, respectively (HAZUS, 2003; FEMA-P-58, 2012). Note that due to limited 
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repair resources there also exists delay time for WN and EPN systems, and advanced 

models can be incorporated to estimate the delay times for the physical infrastructure 

systems as well (Fang et al., 2016; Bristow and Hay, 2017; Liu and Song, 2020). 

However, the delay times for the building portfolios can be considerable since the 

recovery of the building is not centrally planned, may have a high financial burden, 

takes considerably longer, and also involves many stakeholders (McAllister, 2015). 

Hence, in this work, the delay times for the building portfolios are considered. 

6.4 Network modeling and functionality assessment 

The physical infrastructure systems and building portfolios are interconnected, and the 

failure of one component may affect the functionality of another. The failure 

propagation and the dependence of various components in the physical infrastructure 

systems are modeled through network dependencies and interdependencies (Ouyang et 

al., 2019). These interactions may result in the propagation of failure due to the 

connections between the components. The failure of components in one physical 

infrastructure system may affect the functionality of components in other systems. For 

instance, the WN has an infrastructure interdependency with EPN, therefore, a failure 

of the component in the EPN will affect the functionality of the WN and vice versa. 

Similarly, the functionality of building portfolios has infrastructure dependence on the 

WN and EPN. As a result, the failure of the WN or EPN components will affect the 

functionality of buildings. The subsequent subsections discuss the dependency and 

interdependency modeling and its effect on the functionality assessment of building 

portfolios. 
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6.4.1 Network connectivity modeling 

The network of the physical infrastructure systems is modeled through the proposed 

augmented adjacency matrix. The augmented adjacency matrix consists of two types of 

submatrices: (1) the adjacency matrices, and (2) the interaction matrices. The adjacency 

matrix models a physical infrastructure system as a network referred herein as a 

network system, and the interaction matrix models a dependency of one network on 

another. For instance, the following Figure shows two physical infrastructure systems 

represented as system k1 and system k2. These two network systems are modeled as an 

adjacency matrix Ak1 and Ak2, respectively. The interactions between systems (i.e., 

dependency and/or interdependency) are modeled by interaction matrix Ak1,k2 

(dependence of k1 on k2) and Ak2,k1 (dependence of k2 on k1). 

The adjacency matrix is a two-dimensional n*n matrix, where n is the total number of 

nodes in network k. Network k is modeled in terms of nodes and edges, where nodes 

represent the components including water tanks, substation, pipelines, generators, 

among others, and edges represent the bidirectional connectivity representing 

interdependency within the network. The network 𝑘 is modeled through the adjacency 

matrix 𝐴(𝑘) formulated as: 

𝐴(𝑘) =

[
 
 
 
 
 𝑎11

(𝑘) … 𝑎1𝑛
(𝑘)

⋮

⋱  ⋰

 𝑎𝑖𝑗
(𝑘)  

 ⋰  ⋱

⋮

𝑎𝑛1
(𝑘) … 𝑎𝑛𝑛

(𝑘)
]
 
 
 
 
 

, 𝑘 = 1,… , 𝐾, (𝑖, 𝑗 ∈ 𝑘; 𝑖, 𝑗 = 1,… , 𝑛(𝑘)) 6-7 

where i and j are the nodes of network 𝑘; 𝑎𝑖𝑗
(𝑘)

 is the network edge representing a 

bidirectional relationship (i.e., interdependency) connecting nodes i and j ; and 𝑛(𝑘) is 
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the total number of nodes in a network. The connectivity of edges within a network is 

determined as: 

𝑎𝑖𝑗
(𝑘)  = {

𝑖𝑓 (𝑖 ≠ 𝑗) 𝑎𝑛𝑑 "𝑙𝑖𝑛𝑘" =  𝑦𝑒𝑠; 1

𝑖𝑓 (𝑖 ≠ 𝑗) 𝑎𝑛𝑑 "𝑙𝑖𝑛𝑘" ≠ 𝑦𝑒𝑠; 0

𝑖𝑓 (𝑖 = 𝑗); 0

    6-8 

where “𝑙𝑖𝑛𝑘” =  𝑦𝑒𝑠 when node 𝑖 has a bidirectional relationship with node 𝑗. 

 

Figure 6-2 The augmented adjacency matrix representation of multi-networks 

In the case of 𝐾  interdependent networks, where the networks have 

dependencies (i.e., unidirectional relationship) and interdependencies (i.e., 

bidirectional relationship) with each other, the interaction matrix between any two 

networks is formulated as: 

𝐴(𝑘1,𝑘2) =

[
 
 
 
 
 𝑎11
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𝑘1, 𝑘2; 𝑖, 𝑗 = 1,… , 𝑛(k1,k2))  6-9 
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where 𝑘1, 𝑘2 are the two interdependent networks; and 𝑎𝑖𝑗
(𝑘1,𝑘2)

 represents the edge 

connecting node 𝑖 on network 𝑘1with node 𝑗 in network 𝑘2. The adjacency matrix and 

the interaction matrix are combined into an augmented adjacency matrix 𝑀 as: 

𝑀 =

[
 
 
 
 
𝐴(1) … 𝐴(1,𝑘) … 𝐴(1,𝐾)

⋮ ⋱ ⋮ ⋰ ⋮
𝐴(𝑘,1)

⋮
𝐴(𝐾,1)

…
⋰
…

𝐴(𝑘)

⋮
𝐴(𝐾,𝑘)

…
⋱
…

𝐴(𝑘,𝐾)

⋮
𝐴(𝐾) ]

 
 
 
 

    6-10 

where 𝐴(𝑘), 𝑘 = 1, … , 𝐾  is the adjacency matrix of network 𝑘 ; and 𝐴(𝐾,𝑘)  is the 

interaction matrix representing the dependency of network 𝐾 on network 𝑘. 

After an earthquake event, the edges will be disrupted and the interactions 

between the nodes of inter and intra-network will break because of the damage to 

components. After the recovery of components, the nodes in the networks will be 

connected again. This network repair is formulated by updating the augmented 

adjacency matrix during the investigated time after an earthquake event. The updating 

is based on the recovery of components (i.e., the two nodes are connected by an edge if 

all the required components of the two nodes are repaired). Therefore, depending upon 

the recovery of components within a multi-network environment, the augmented 

adjacency matrix is updated, and the network connectivity and community functionality 

during the investigated time can be tracked. 

6.4.2 Capacity, demand, and supply modeling 

There exist numerous studies which build on the concept of adjacency matrix to 

evaluate capacity, demand, and supply for water and electrical power networks. For 

instance, Guidotti et al. (Guidotti et al., 2016) explored the role of network 
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dependencies of water and electrical power networks by evaluating pressure and 

demand criteria for water network. Sharma et al. (Sharma and Gardoni, 2022) proposed 

a concept of tensors for mathematical modeling of interdependent infrastructure 

systems, also provided classification and mathematical modeling of infrastructure 

interdependencies (Sharma et al., 2021), and evaluated the time-varying performance 

of electrical infrastructure under hazard (Sharma and Gardoni, 2018). This chapter 

considers these methodological improvements in the network modeling and evaluates 

the capacity, demand, and supply of utilities by considering the adjacency and 

interaction matrices and demands from the building portfolios. 

The base capacity and demand of a network system can be determined as: 

𝐶(𝑘)(𝑡) = 𝑓[𝐴(𝑘)(𝑡), ∅𝐶
(𝑘)]     6-11 

𝐷(𝑘)(𝑡) = 𝑓[𝐴(𝑘)(𝑡), ∅𝐷
(𝑘), 𝐼𝑀 

(𝑘)]    6-12 

where 𝐶(𝑘)(𝑡), 𝐷(𝑘)(𝑡) are the base capacity and demand of network system k, ∅𝐶
(𝑘)

, 

∅𝐷
(𝑘)

 are the model parameters for the respective capacity and demand models, and IM 

is the intensity measure at each node of a network system. The respective capacities of 

a network at nodes and edges are allocated as: 

𝐶(𝑘)(𝑡)  = {

𝑖𝑓 (𝑖 ≠ 𝑗) 𝑎𝑛𝑑 link = "𝑦𝑒𝑠"; 𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝐶𝑖𝑗
(𝑘)

(𝑡)

𝑖𝑓 (𝑖 ≠ 𝑗) 𝑎𝑛𝑑 𝑙𝑖𝑛𝑘 ≠ 𝑦𝑒𝑠; 0

𝑖𝑓 (𝑖 = 𝑗); 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝐶𝑖𝑖
(𝑘)

(𝑡)

 

 6-13 



131 

 

The generation capacity is provided at the nodes, and the transmission capacity is 

provided at the edges of a network. Then, the base capacity and demand models can be 

utilized to evaluate the supply for a network as: 

𝑆(𝑘)(𝑡) = 𝑓[𝐴(𝑘)(𝑡), 𝐶(𝑘)(𝑡), 𝐷(𝑘)(𝑡), ∅𝑆
(𝑘)]   6-14 

where ∅𝑆
(𝑘)

 are the supply parameters and 𝑆(𝑘)(𝑡)  is the time-varying supply of a 

network system k. 

6.4.3 Interdependencies and functionality assessment of buildings 

The components or a network as a whole serve one or more functions. These functions 

may depend on the recovery and interactions of other components. For instance, for a 

building to provide safe drinking water, it should be useable and the components 

providing water should be in a recovered state and connected to the source providing 

water. Similarly, to get electricity, the electric substations should be recovered and the 

relevant electric wires connecting a particular building should also be in the recovered 

state. 

The dependence of functions on other components is modeled by interaction 

matrices. For instance, a water network system consists of pumps that require electricity 

from the distribution circuit components of an electrical power network. This 

dependence can be modeled by updating the capacity and demand as follows: 

𝐶′(𝑘1,𝑘2)(𝑡) = 𝑓[𝐴(𝑘1,𝑘2)(𝑡), Ω𝐶
(𝑘1,𝑘2), 𝐶(𝑘1), 𝐶(𝑘2)]   6-15 

𝐷′(𝑘1,𝑘2)(𝑡) = 𝑓[𝐴(𝑘1,𝑘2)(𝑡), Ω𝐷
(𝑘1,𝑘2), 𝐷(𝑘1), 𝐷(𝑘2)]   6-16 
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where 𝐶′(𝑘1,𝑘2)(𝑡) is the updated capacity of network system k1 due to the dependence 

of network system k2, Ω𝐶
(𝑘1,𝑘2)

 is the strength of dependency of k1 on k2, 𝐷′(𝑘1,𝑘2)(𝑡) 

is the updated demand, and Ω𝐷
(𝑘1,𝑘2)

 is the strength of dependency for demand. 

The availability of water and electricity to building 𝑖 , considering the 

interdependency of WN and EPN, is modeled by proposing a utility availability factor 

𝑈𝑘
𝑖 (𝑡) which is an input variable for modeling the functionality of this building. The 

building will be able to get water supply if it is connected to water reservoirs through 

pipeline distribution and other components necessary to deliver water including water 

tanks, pumping plants, among others. Similarly, the electricity supply depends on the 

functionality of the substations and the network of wires connecting the substations to 

the buildings. Hence, the utility availability factor is a functionality contribution from 

the utility networks ranging from 0-100% and is determined by calculating the ratio of 

updated supply and demand for a particular node of a particular network, where 0% 

indicates no utility availability and 100% indicates that the supply of particular utility 

is fulfilling the demand of the building. 

The utility availability factor is also affected by the interdependency of WN and 

EPN. For instance, if WN is connected to building i but the EPN is not connected, the 

utility availability factor will provide reduced functionality contribution for the WN as 

well depending upon the dependence strength of WN on EPN. The procedure to 

evaluate the building functionality by considering the component interactions in a 

systems thinking platform by considering water and electrical power network is visually 

illustrated in following Figure. 
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Figure 6-3 The illustration of functionality assessment of building i via systems 

thinking 

Also, to assess the building utility supply and demand, it is important to consider 

the connectivity of utility from source to building 𝑖 through various components. The 

computational procedure for the connectivity modeling of water and electricity supply 

to building i is presented in Table 6-1 which includes three steps: (1) defining the 

components for all the considered networks and modeling a network by utilizing the 

augmented adjacency matrix, (2) applying the find (·) function to determine the 

connectivity of nodes, and (3) applying the depth-first search dfs (·) function to 

determine the connectivity of building i with the source providing water or electricity. 

The nodes connected to the source are the nodes which will have water or electricity 

supply and building 𝑖 available at that node will be connected to the water or electricity 

supply. 

Table 6-2 The computational procedure for connectivity modeling 

Pumping 

plant

Water tank

Main pipes

distributing pipes

WN Node

Reservoir

buildings

Substation Main line Power linesPole towers

EPN Node

Flow of services

Dependency of buildings on WN

Dependency of buildings on EPN

Interdependency
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Step 1: Define global variables which will be used to perform computations on the 

adjacency matrix. 

n = number of nodes in a network 

𝐴𝑘 = adjacency matrix 

count = 0 

component = [ ] 

visited = [false] x n 

Step 2: Applying find() function to determine which nodes are connected to which 

edges. 

Function find () 

For (i=0; i < n: i++): 

if !visited [i]: 

count ++ 

dfs(i) 

return count 

Step 3: Applying depth-first search dfs() function to determine which nodes are 

connected with the source providing the utility and which nodes are not connected with 

the source providing utility. 

Function dfs (at) 

visited [at] = true 

component[at] = count 

for next in g[at]: 

if !visited [next]: 

dfs (next) 

The damage state of a building and utility availability factor is then utilized to 

evaluate the functionality state of a building (Lin and Wang, 2017a; Masoomi et al., 

2020). The functionality state can provide the building condition with respect to the 

available utility supply and the extent of damage to the building. The higher the extent 

of damage, the lower the functionality, and similarly the reduction in utility supply will 

also reduce the functionality. The illustration of the capacity, demand, and supply of 

utilities, and the resulting functionality state of building i is shown in the following 

Figure. The progression of functionality states of buildings during the investigated time 
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after an earthquake event will provide a sense of community recovery. In this chapter, 

six functionality states are defined depending upon the damage state and utility 

availability as: 

𝐵𝐹𝑁 
𝑖 =

{
  
 

  
 
𝑖𝑓 𝐷𝑆0

𝑖 ∩ 𝑈𝑊𝑁
𝑖 ∩ 𝑈𝐸𝑃𝑁

𝑖 ;  𝐹𝐹 
𝑖 = 100%

𝑖𝑓 𝐷𝑆0
𝑖 ∩ [𝑈𝑊𝑁

𝑖 ∪ 𝑈𝐸𝑃𝑁
𝑖 ]; 𝐵𝐹 

𝑖 = 80%

𝑖𝑓 𝐷𝑆1
𝑖 ∪ 𝐷𝑆0

𝑖  ;  𝑅𝑂 
𝑖 = 60%

𝑖𝑓 𝐷𝑆2
𝑖  ;  𝑅𝑈 

𝑖 = 40%

𝑖𝑓 𝐷𝑆3
𝑖  ;  𝑅𝐸 

𝑖 = 20%

𝑖𝑓 𝐷𝑆4
𝑖  ;  𝑁𝑈 

𝑖 = 00%

   6-17 

where 𝐵𝐹𝑁 
𝑖 is the functionality state of building i after an earthquake event; 𝐹𝐹 

𝑖 is the 

full functionality of a building and is given 100% weighting factor, since the building 

is in a no-damage state 𝐷𝑆0
𝑖 , and all the utilities are available (i.e., electricity 𝑈𝐸𝑃𝑁

𝑖  and 

water utility 𝑈𝑊𝑁
𝑖 ); 𝐵𝐹 

𝑖  is the baseline functionality where the building is in a no-

damage state and the utilities are partially available (i.e., either electricity 𝑈𝐸𝑃𝑁
𝑖  or water 

utility 𝑈𝑊𝑁
𝑖 ) ; 𝑅𝑂 

𝑖 is the re-occupancy functionality state where the building is in the 

slight or no-damage state; 𝑅𝑈 
𝑖 is the restricted use building functionality state where 

the building is in moderate damage state 𝐷𝑆2
𝑖  and should be used with caution; 𝑅𝐸 

𝑖 is 

the restricted entry building functionality state where the building is in an extensive 

damage state 𝐷𝑆3
𝑖  and its use is restricted; and 𝑁𝑈 

𝑖  is the collapsed or not useable 

functionality state where the building is in a complete damage state 𝐷𝑆4
𝑖  and is not 

usable anymore. After the delay time, the repair works will start, and the building 

functionality will improve depending upon the downtime of the building and the utility 

availability (Cimellaro et al., 2010b; Cimellaro and Piqué, 2016).  
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Figure 6-4 The illustration of network capacity, demand, supply and functionality 

modeling 

6.5 Community resilience assessment 

The community building portfolios consist of numerous buildings of different 

importance factors, occupancy categories, and structural systems, among others. It is 

important to have community-level indicators to assess community resilience under 

hazards. In this chapter, two community-level indicators are proposed to track the 

performance of a community during the investigated time after an earthquake event 

which includes: (1) community functionality and (2) access to essential facilities. These 

community-level performance indicators are then utilized to evaluate community 

resilience. 

6.5.1 Community functionality 

To assess the community functionality, the component functionality of all individual 

buildings is determined and summed up in the community functionality indicator in 

WN system

EPN system
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terms of the percentage of buildings in the considered functionality states during the 

investigated time. For instance, the community-level full functionality (FF) indicator 

will provide the percentage of buildings in the full functional state during the 

investigated time. This indicator can provide information related to the complete 

recovery of a community from a hazard event. Since the community is defined to be 

recovered from an earthquake event after 90% of the buildings in a community have 

achieved full functionality (Koliou et al., 2017). The Re-Occupancy (RO) functionality 

state serves a critical function of providing temporary residence to the population after 

an earthquake event. Similarly, other community functionality state indicators will 

provide insights related to their respective functionality states. Mathematically, the 

community functionality indicator can be written as: 

                            𝐶𝐹𝐼𝑗(𝑡) =
∑ 𝐹𝑗

𝑖(𝑡)𝑛
𝑖=1

𝑛
, 𝑗 ∈ 1…6    6-18 

where n is the total number of buildings in a community, 𝐹𝑗
𝑖(𝑡) is the functionality state 

indicator for a particular functionality state j of a building i during the investigated time 

t, and j represents functionality state (i.e., 1 for full functionality and 6 for not useable 

functionality state). The 𝐹𝑗
𝑖(𝑡) is determined based on the community functionality 

state of interest. For instance, to determine the full functionality state of a community, 

the 𝐹𝑗
𝑖(𝑡) is determined as: 

𝐹𝑗
𝑖(𝑡) = {

1 , 𝐵𝐹𝑁 
𝑖(𝑡) = 100% 

0 , 𝐵𝐹𝑁 
𝑖(𝑡) ≠ 100% 

    6-19 
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6.5.2 Access to essential facilities 

This proposed indicator is related to the inherent resilience which measures the nearest 

distance of a residential building to the essential facilities including commercial 

buildings, hospitals, schools, fire stations, among others. The nearest distances to 

essential facilities are measured for all the buildings and a cumulative distribution curve 

representing the access to essential facilities of a community is developed as a measure 

of its inherent resilience. The shorter distances would mean the facilities can be 

accessed in less time and hence higher inherent resilience.  

However, after an earthquake event, the shortest distances would change due to 

the functionality loss of essential buildings. The functionality during the investigated 

time will provide corresponding access to essential facilities as a measure of community 

resilience. This additional community-level indicator will provide further insights on 

the community resilience under hazard in addition to the physical infrastructure systems 

and key components recovery.  

The concept of inherent resilience and access to essential facilities is 

illustratively presented below. As shown, a particular essential facility can be accessed 

by at least 50% of the residential community at a distance of approximately 400 meters 

before an earthquake event, and after a hazard event during the investigated time the 

distances are increased due to reduced functionality of buildings and then restored after 

downtime. This dynamics can be tracked as a measure of resilience as shown, where 

different curves show different access to essential facility information at a given time 

after an earthquake event. 
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Figure 6-5 Inherent resilience and access to essential facilities (a) during the 

investigated time, and (b) in terms of percentage of buildings being able to access the 

facilities within certain distances 

6.5.3 Community resilience 

The community functionality and access to essential facility indicators are then utilized 

to assess community resilience. This is achieved by normalizing the two performance 

indicators and combining them during the investigated time. This would give the 

community resilience value ranging from zero to one. The maximum value would 

indicate the full functionality recovery of a community and regain of all the access to 

essential facilities. Similarly, the reduction in performance would result in the 

community resilience value less than one. Mathematically, community resilience can 

be determined as: 

𝑅(𝑡) = 𝑓(𝐶𝐹𝐼𝑗(𝑡), 𝐴𝐸𝑓(𝑡))    6-20 

where 𝐶𝐹𝐼𝑗(𝑡)  are the considered community functionality indicators, and 𝐴𝐸𝑓(𝑡) 

represents normalized access to essential facilities.  
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6.6 Illustrative example 

The proposed resilience assessment framework is illustrated on a community consisting 

of building portfolios, WN system, and EPN system. The considered community is 

geographically divided into twenty-one different regions referred to herein as sectors, 

and each sector is assigned a WN and EPN node. Note that this is the simplified 

representation of real networks and is considered due to the limited data available and 

security concerns. The community consists of 16,653 RBs, 591 CBs, and 25 essential 

facilities. The WN consists of water pipelines distributed throughout the community, a 

designated pumping plant and water tank for each sector, and a reservoir located 

adjacent to sector twenty-one. The spatial distributions of the building portfolios, WN, 

and EPN systems are shown below. 

 

Figure 6-6 Spatial distributions of building portfolios, WN system, and EPN system 
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6.6.1 Defining hazard scenarios 

Ground motion prediction equations are utilized for the spatial distribution of the IMs 

for an earthquake scenario (Cornell, 1968; Stewart et al., 2015). For instance, in the 

following Figure, the Kashmir earthquake of October 8, 2005, is simulated which 

triggered widespread destruction near its epicenter (Rossetto and Peiris, 2009). The 

illustrative community is located approximately 107 km from the epicenter of the 

earthquake and experienced a PGA of 0.18. The design seismic hazard PGA value 

determined for the study region is 0.33 g and the maximum considered PGA is 0.56 g 

(Waseem et al., 2020). In this illustrative example, a total of four hazard scenarios are 

considered with return periods of 95-, 475-, 975-, and 2475-years as shown below. 

 

Figure 6-7 Spatial distribution of median (a) PGA under 95-year (b) PGV under 95-

year, and considered four hazard scenarios 
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6.6.2 Component damage and recovery assessment 

The first step after an earthquake is to inspect for the damage and it can take between 

one to five days depending upon the institutional capacity of a community, building 

importance, among others (Almufti and Willford, 2013). The damage to the buildings 

will dictate the amount of time needed for engineering mobilization, permitting, and 

contractor mobilization for the actual repair works. In this illustrative example, the 

delay times are determined by considering the lognormal CDFs provided by Almufti 

and Willford (2013). 

The WN pipeline distribution recovery assessment requires the estimation of 

the number of breaks and leaks, WN repair factors, and the number of workers working 

on the repair works in each sector. The WN repair factors depend on the pipeline size 

and are determined from (HAZUS, 2003). The total number of repairs required is 

determined using Equation (6-5) and (6-6), and the total number of days required to 

repair a pipeline distribution in each sector is determined from Equation (6-7). In the 

design hazard scenario, the pipelines in sector-sixteen take a maximum time of 258 

days to repair, and sector four takes a minimum time of 35 days during the investigated 

time after an earthquake event. The fragility and consequence functions required for 

evaluating the damage state probabilities and repair times of all the components are 

extracted from HAZUS. In the design hazard scenario, the water tanks recover on day 

76, the pumping plants recover on day 42, and the water reservoir is recovered on day 

32. In the case of EPN, the circuit distributions in different sectors are recovered from 

day 27 to 67 and the substation is recovered on day 24 after an earthquake event. The 

WN and EPN recovery for all the sectors under four hazards scenarios is shown in the 

following Figure. The WN recovery for the hazard scenarios of 95-, 475-, 975-, and 
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2475-years is at day 77, 258, 449, and 609, respectively. Similarly, the EPN recovery 

under the four hazard scenarios is at days 23, 67, 92, and 157, respectively. In general, 

the EPN recovered faster, indicating its higher resilience as compared to WN. 

The recovery times for the EPN and WN may appear relatively slower as 

compared to those observed in the developed countries including the United States. 

However, in this illustrative example, the utilized fragility functions, adopted 

consequence functions, impeding delays, and other factors were considered to mimic 

the community in a developing country. Hence, a relatively longer recovery times are 

observed, especially for the EPN network. Nonetheless, the community is utilized for 

the illustration and serve the purpose well in this respect. 

   

Figure 6-8 Recovery under four hazard scenarios for (a) WN, and (b) EPN  

6.6.3 Network modeling and functionality assessment 

In this step, the network modeling and functionality assessment are performed to obtain 

information such as the number of buildings connected with water or electricity, 

demand, and supply of utilities, utility interdependency, and functionality contribution 

to buildings, among others. In this illustrative example, the interaction matrix provides 
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21 interdependent links between two networks, one at each node. In an aftermath of an 

earthquake, the edges between the nodes will break, but they will start to form again 

due to the recovery efforts. The supply of water is determined by performing the 

pressure-dependent flow analysis using a Python package called water network tool for 

resilience (WNTR), and EPANET (Klise et al., 2017), and for the supply of electricity 

python package for power system analysis (PyPSA) is utilized (Brown et al., 2017). As 

an illustration, the WN repair under the design hazard scenario, and the EPN repair are 

shown in the following Figures. As shown, the water reservoir is repaired and started 

delivering water to the rest of WN on day 136, and the WN is fully recovered on day 

258 after an earthquake event. The EPN under the design hazard scenario started 

receiving electricity supply on day 36 and is fully repaired on day 67 of the investigated 

time. 

 

Figure 6-9 WN repair during the investigated time under design hazard scenario 

 

Figure 6-10 EPN repair during the investigated time under four hazard scenarios 
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Day 33 Day 36 Day 51 Day 67
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The strength of interdependencies between the utility infrastructure systems is 

extracted from the study conducted by Laug´e et al., (Laugé et al., 2015) in which the 

critical infrastructure experts were asked to rate the interdependencies of various 

infrastructure systems. The strength of the interdependency utilized in the interaction 

matrix for EPN on WN is 0.266, and for the WN on EPN is 0.166. Finally, the utility 

availability factor for all the buildings is utilized to evaluate the functionality 

contribution of utilities to buildings and the supply and demand of utilities by 

considering the percentage of buildings needing the utilities versus the percentage of 

buildings being supplied with the utility. 

The residential construction of the community is mostly dominated by 

unreinforced masonry bearing walls, and few concrete frames with unreinforced 

masonry bearing walls. The essential buildings are mostly concrete moment frames, 

while some are concrete frames with unreinforced masonry infill walls. The fragility 

and consequence functions for the archetype buildings are extracted from HAZUS 

(HAZUS, 2003). The damage states for all the buildings in the community are 

determined from the probabilistic method and depending upon the utility availability 

and the downtime, the building functionality during the investigated time is determined. 

As an illustration, the building functionality during the investigated time of 0 days, 100 

days, 300 days, and 500 days under the design hazard scenario is shown in following 

Figure. It can be seen that the building functionality improves during the investigated 

time as a result of recovery efforts and utility availability. 
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Figure 6-11 Functionality assessment of a community building portfolios under the 

design hazard scenario during the investigated time of (a) 0 days, (b) 100days, (c) 300 

days, and (d) 500 days 

6.6.4 Community resilience assessment 

The community functionalities measured by different building functionality states (i.e., 

FF, BF, RO, RU, RE, NU) determined from the damage assessment and utility 

availability are shown in the following Figure for the design hazard scenario. In this 

hazard scenario, 90% of the buildings achieve the full functionality at day 708 under 

the design earthquake, and at that time, 94.32% are in RO, 1.62% are in RU, 1.16% in 
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RE, and 2.89% are in NU functionality state. The 90% of buildings achieving full 

functionality for the hazard scenarios of 95-year, 975-year, and 2475-year is at day 479, 

755, and 790 of the investigated time, respectively. 

   

Figure 6-12 Community functionality assessment of building portfolios under the 

design hazard scenario 

In addition to the community achieving full functionality, it is also essential to 

keep track of the utility availability for the percentage of buildings during the 

investigated time. The following Figure shows the community-level full functionality 

recovery indicator for three hazard scenarios considering no utility dependence, 

baseline utility dependence, and full utility dependence. The baseline utility 

dependence provides the percentage of buildings having at least one utility available 

during the investigated time and the full utility dependence provides the percentage of 

buildings with both utilities available. For instance, in the 95-year hazard scenario, 

around 30% of the buildings are in a no-damage state during the first 60 days but are 

provided with electricity on day 21. On day 48, 25% of buildings get water supply and 

at that time 5% of buildings with no damage are still without water. It is also noted that 
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for the baseline utility dependence. For instance, in the 2475-year hazard scenario, there 

is no significant difference between no-utility dependence and baseline utility 

dependence. 

 

Figure 6-13 Community full functionality assessment showing the effect of utility 

dependence for different hazard scenarios of (a) 475-year, (b) 95-year, and (c) 2475-

year 
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facilities are already connected with electricity. Since the essential facilities recover 

rapidly, the total demand for the essential facilities also increases as compared to non-

essential facilities. This increase is associated with the definition of building 

functionality provided in Equation (6-18). The electricity supply becomes available for 

non-essential buildings on day 36 and at that time the EPN network is capable of 

supplying electricity to 56% of the non-essential buildings, while the demand is 6.95%. 

The WN is capable of supplying water to 82% of the non-essential buildings on day 

136 and at that time the demand is 14.6%. 

 

Figure 6-14 Loss of resilience (LoR) due to supply and demand of utilities for (a) Non-

essential facilities, and (b) Essential facilities 
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higher access to CBs and even after the 2475-year earthquake, access to CBs is not 

completely lost indicating better access compared to other essential facilities. The 

median access to CBs is within 200, 418, 493, and 839 meters of distance under four 

hazard scenarios at time 𝑡 = 0, which is regained during the investigated time. The 

access to essential facilities for CB, EI, MC, and ER is restored at days 193, 135, 133, 

and 129 under the design hazard, and the trend for the rest of the hazard scenarios can 

be observed accordingly. 

Finally, the community functionality recovery and access to essential facility 

indicators are utilized to evaluate the community resilience, shown in the following 

Figure. The resilience of a community increases during the investigated time as the 

access to essential facilities and the community functionality is improved. The increase 

in resilience is higher for the 95-year hazard scenario and is comparatively slower for 

the 2475-year earthquake scenario due to severer damage and longer recovery time. 

The resilience under different investigated time periods for four hazard scenarios can 

be investigated accordingly. 

  

Figure 6-15 Inherent resilience of a community via access to essential facilities 
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Figure 6-16 Access to EI  under design hazard scenario during the investigated time of 

(a) 0 days, (b) 60 days, (c) 100 days, and (d) 150 days 
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Figure 6-17 Access to essential facilities for (a) CB, (b) ER, (c) MC, and (d) EI 

 

Figure 6-18 Community resilience assessment under the four hazard scenarios 
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This chapter proposed a community resilience assessment framework under seismic 
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1. The EPN under the four hazard scenarios fully recovered at days 23, 67, 92, and 

157, respectively, while the WN recovered at days 77, 258, 449, and 609, 

respectively. Although many utility network components were repaired during 

the investigated time, it was until days 48, 136, 230, and 309 of the investigated 

time under the four hazard scenarios that most of the buildings started receiving 

water as compared to days 21, 36, 44, and 66 for electricity. 

2. The utility networks under the considered hazard scenarios fully recovered 

within 23-609 days of the investigated time, while 90% of the buildings 

achieved full functionality within 479-790 days. The recovery of the building 

portfolios took longer as compared to the recovery of utility networks. The EPN 

was first to get fully recovered among utility networks in all the considered 

hazard scenarios, followed by the WN and then building portfolios. 

3. The pipelines distribution dominated the WN recovery, while the circuit 

distribution component dominated the EPN full recovery. For instance, in the 

design hazard scenario, the pipeline distribution per sector started recovering at 

day 35 and continues till day 258 of the investigated time. The rest of the WN 

components could recover before the complete recovery of the pipelines. 

Similarly, the circuit distribution component started recovering at day 27 and 

continues till day 67 of the investigated time for the design hazard scenario. 

4. In the considered community, 90% of the buildings achieved the full 

functionality at days 479, 708, 755, and 790, and were re-occupiable at days 

432, 644, 688, and 719 of the investigated time under the four hazard scenarios. 

The differences between the full functionality and re-occupancy were not 

substantial, indicating the higher significance of community full recovery on the 

total delays and repair times of buildings rather than utility network recovery. 
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5. The utility dependencies affect the community functionality at an early stage 

after an earthquake event till the utility networks are fully recovered. These 

interactions also provide information related to the percentage of buildings with 

utility availability, demand, and supply of utilities, among others. Hence, 

considering the building portfolio's dependence on utility networks can provide 

better decision-making for the community reconstruction during the early stage.  

6. The utility demand under the four hazard scenarios was 29.72%, 6.95%, 3.36%, 

and 1.11%, respectively, at t=0 of the investigated time. The higher the 

earthquake intensity, the lower the demand due to the increased number of 

damaged buildings after an earthquake event. The utility demand increased with 

the increasing number of repaired buildings during the investigated time but the 

increase in demand is comparatively slower as compared to the utility supply 

due to faster recovery of utility networks as compared to building portfolios. 

For instance, in the design hazard scenario, the demand increased from 6.95% 

at t=0 to 15.78% at t=150 day, while the EPN supply increased to 97% and 

water supply increased to 82% at t=150 day.  

7. Access to essential facilities also contributed to the resilience of a community 

since the increased access may reduce the population outmigration after an 

earthquake event. For instance, before the earthquake event, 50% of RBs had 

the access to CBs within 185 meters of distance. This distance increased to 418 

meters right after an earthquake event due to the damage to the building 

portfolios. The access was restored to 185 meters at day 193 of investigated time 

because of reconstruction efforts.. 
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CHAPTER 7 PERFORMANCE-BASED RETROFIT 

OPTIMIZATION OF COMMUNITY BUILDINGS 

7.1 Introduction 

It is essential to assess the performance of a community under probable hazard 

scenarios and to provide possible performance enhancements. This requires 

establishing performance indicators, an assessment method, and an optimization 

technique to provide mitigation alternatives. In this chapter, multiple performance 

indicators are utilized to assess the performance of a community building portfolio 

including loss, downtime, and environmental impact (e.g., CO2 emissions). The 

performance of a community is assessed by utilizing a performance-based assessment 

methodology. Then, the performance indicators are utilized as performance objectives 

to be optimized considering non-dominated sorting and crowding distance evolutionary 

optimization techniques. The framework utilizes retrofit alternatives for each building 

in a community and provides Pareto-optimal solutions for considered performance 

objectives given retrofit cost. This process of performance assessment and optimization 

is repeated by utilizing the Monte Carlo approach to consider uncertainties. Finally, the 

Pareto-optimal solutions are utilized to evaluate the retrofit programs for community 

building portfolios in terms of considered performance indicators. 
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7.2 Optimization Framework for Community Building Portfolios 

The proposed bi-objective retrofit optimization framework can be divided into two 

main parts: (1) performance assessment part, and (2) evolutionary optimization part. 

The performance assessment part is utilized to evaluate performance objectives and the 

evolutionary optimization part is utilized to evaluate the Pareto-optimal solutions by 

optimizing the performance objectives given retrofit alternatives. The proposed 

framework is shown in the following Figure, representing a single simulation from start 

to end. These simulations are repeated N times to incorporate uncertainties by utilizing 

the Monte Carlo approach (Hammersley, 2013). In each simulation, a random value is 

extracted from distribution functions utilized in the framework including fragility 

functions and functions in the consequence assessment part. At the end of all the 

simulations, the results can be extracted in terms of distributions for damage 

assessments, consequence assessments, and Pareto-optimal solutions, among others. 

The process starts by generating an initial population consisting of a certain 

number of individuals. Each individual consists of two parts: (1) chromosome, and (2) 

fitness functions. The fitness functions are utilized as the performance objectives of 

community building portfolios defined in terms of risk, downtime, and sustainability 

indicators. The performance objectives provide information related to the performance 

of a community under hazard events and can be optimized given retrofit costs on a 

community level. For instance, the fitness function for a risk performance indicator can 

be the total number of casualties given hazard scenario, or total repair costs of a given 

hazard event, among others, and will change based on the retrofit costs implemented 

on a community level. The chromosome can be considered as a scenario of community 

building portfolio having different types of genes. Each gene can be considered as a 
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building in a community building portfolio and consists of two main parts: (1) allele, 

and (2) locus. The allele defines the retrofit alternative implemented for a particular 

building or no-retrofit implemented in the case of a reference building, and the locus 

defines the geospatial location of a particular building in a community building 

portfolio. The geospatial location will help identify the building and all the relevant 

assigned characteristics such as building type, structural system, code-level, floor area, 

story heights, among others. These evolutionary optimization terminologies in the 

context of community building portfolios are also graphically presented as shown 

below. 

 

Figure 7-1 Bi-objective retrofit optimization framework for community building 

portfolio considering uncertainties. 
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Figure 7-2 Evolutionary optimization terminologies in the context of community 

building portfolio. 

The genes of all the individuals in the initial population are randomly assigned 

retrofit alternatives or no-retrofit, and fitness functions for all the individuals are 

determined utilizing a performance-based assessment approach. These individuals are 

then optimized by utilizing non-dominated sorting and crowding distance genetic 

algorithm and Pareto-optimal solutions are determined for all the simulations to 

incorporate uncertainties. The Pareto-optimal solutions are then utilized to assess the 

performance enhancement of a community building portfolio by providing retrofit 

programs. The subsequent sections discuss the two main parts of the framework in 

detail. 
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7.3 Performance-Based Community Objectives Assessment 

The optimization framework requires evaluating the performance objectives at a 

community portfolio level in each iteration to assess the criteria. If the performance 

objectives satisfy the required criteria, the Pareto-optimal solutions can be extracted, 

otherwise, the process of optimization continues and the iteration is repeated. The 

performance-based assessment methodology is implemented herein to provide 

community performance objectives for optimization. The community performance 

objectives are evaluated in three steps: (1) performing building-level damage 

assessment for all the buildings in a community given a hazard scenario, (2) performing 

building-level consequence assessment for all the buildings given the damage state of 

a building, and (3) accumulating the consequences of all the buildings to determine risk, 

downtime, and sustainability. For illustration, the performance objective assessment for 

risk performance indicator (i.e., the total repair cost of a community’s given hazard 

scenario) is graphically presented below. The subsequent sections provide further 

discussion related to these steps. 

 

Figure 7-3 Performance objectives assessment of community building portfolio 

utilizing performance-based assessment methodology. 
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7.3.1 Building-Level Damage Assessments 

In the literature, there exist different methods of damage assessments including 

empirical, analytical, numerical, and hybrid methods (Donà et al., 2021). Different risk 

assessment frameworks have been developed as a result to provide methodologies for 

predicting damage given seismic hazards (Carreño et al., 2012; Šipoš and Hadzima-

Nyarko, 2017; Zentner et al., 2017). The most prominent ones are FEMA and HAZUS, 

among others, and require defining damage states for building-level damage assessment 

(HAZUS, 2003; FEMA-P-58, 2012). In HAZUS, for instance, five discrete damage 

states are defined including no damage state (DS0), slight damage state (DS1), 

moderate damage state (DS2), extensive damage state (DS3), and complete damage 

state (DS4). These damage states provide specific damage conditions of a particular 

structural system. For instance, in the case of unreinforced masonry bearing walls 

(URM) structural system, the no damage state would indicate negligible damage to a 

building after a hazard event; slight damage would indicate diagonal hairline cracks on 

masonry walls, and a few large cracks around the windows and doors; moderate damage 

state may include diagonal cracks in almost all the masonry walls with few walls having 

larger cracks; extensive damage state would indicate widespread cracking of masonry 

walls along with displacement of beams and trusses; and complete damage state would 

indicate structural collapse or imminent danger of collapse due to in-plane or out-of-

plane failure of masonry buildings (HAZUS, 2003; Park et al., 2009; Crowley et al., 

2019; da Porto et al., 2021). 

These damage states are determined by establishing a fragility function which 

provides a probability of exceeding each damage state’s given intensity measure 

(Farhan and Bousias, 2020; Qian and Dong, 2020). The intensity measure may include 
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peak ground accelerations, peak ground velocities, among others, and are correlated 

with the intensity of hazard scenarios (Wang et al., 2021; Zhang et al., 2021). The 

damage states of all the buildings in a community are determined by utilizing a 

probabilistic approach in which a random number is generated from 0 to 1 and 

depending upon the range of damage state it falls; a relevant damage state is assigned 

to a particular building as shown in the following Figure illustratively. The process is 

repeated for all the buildings in a community building portfolio for a single simulation 

run. The number of simulations is repeated and damage state distribution for each 

damage state given hazard scenario can be determined. 

 

Figure 7-4 Damage state assessment under seismic hazard. 
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requires building information for various building types including the fragility and 

consequence functions. However, even the same building types can have different 

fragilities and consequence models based on age, construction materials, geometric 

properties, material costs, among others, and may require calibration for use in other 

communities (Erdik et al., 2011). 

The HAZUS consequence assessment methodology is utilized in this chapter 

which starts by evaluating the total material required to be replaced due to the damage 

of a building. The damaged building material is a function of each damage state and is 

determined by utilizing percentage damage of different construction materials given the 

damage state (Kircher et al., 2006). The damaged materials are then correlated with the 

consequences by utilizing consequence functions (Cardone and Perrone, 2017). 

The consequence functions can be uniform, normal, or lognormal cumulative 

distribution functions defined for each damage state (Molina Hutt et al., 2016). The 

consequence functions considered in this framework include repair costs, downtime, 

and equivalent carbon emissions (Mitrani-Reiser, 2007). These consequence functions 

are evaluated for each building in a single simulation run. The simulations are repeated 

and the distribution of consequences for each building in a community building 

portfolio can be evaluated. 

The downtime consequence of a building consists of two parts: (1) the repair 

time, and (2) the delay time. The repair time is determined by lognormal consequence 

function, which is defined for each damage state, and the delay time is determined by 

evaluating the additional delays due to financing, engineering mobilization, contractor 

mobilization, obtaining permits, among others (Almufti and Willford, 2013). These 
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additional delays are also defined in terms of cumulative distribution functions and 

added with the repair time to evaluate downtime for each building. 

7.3.3 Portfolio-Level Performance Objectives Assessment 

The consequences assessed for all the buildings in a community are accumulated into 

the performance indicators. The risk performance indicator of a community will 

provide the total cost required to repair a community given a hazard scenario, the 

downtime indicator will provide total downtime of a community building portfolio, and 

the sustainability indicator will provide total equivalent carbon dioxide emissions given 

the hazard scenario. Additional socioeconomic and environmental consequences can 

also be considered under these performance indicators including total casualties given 

the hazard, total embodied energy, among others (Asadi et al., 2019). 

7.4 Bi-Objective Evolutionary Optimization 

The performance indicators will provide meaningful information related to the 

performance of a community under considered hazard scenarios. The community 

stakeholders or decision-makers may want to improve the performance of a community. 

This requires implementing pre-hazard mitigation alternatives which may include 

retrofitting buildings of a community. The decision-makers may identify various 

retrofit alternatives to implement but need to assess the number of buildings to be 

retrofitted, which type of retrofit alternative to be implemented, and how to achieve 

maximum performance given retrofit alternatives, among others. Briefly, the decision-

makers are interested in knowing the performance enhancement of community building 

portfolios and the cost of supporting the performance enhancements. 
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There exist many combinations of retrofit alternatives to be implemented on a 

community building portfolio. Hence, a bi-objective evolutionary approach is utilized 

to obtain Pareto-optimal solutions that will provide maximized performance of 

community against the minimized retrofit costs for all the individuals. The performance 

indicators developed in the performance-based assessment part are utilized here as 

performance objectives and are optimized utilizing non-dominated sorting and a 

crowding distance genetic algorithm. It is important to highlight that the proposed 

performance-based bi-objective evolutionary optimization approach utilized here is 

heuristic and the optimal solutions are not guaranteed. Nonetheless, the method is 

sufficient for approximating the Pareto-optimal solutions in a bi-objective space. 

The bi-objective optimization problem can be formulated as: 

Given: 

 The community building portfolio with different structural systems, code-

conformance, building heights, fragility, and consequence functions, among 

others; 

 Intensity measure at building locations under a given hazard scenario;  

 Probabilistic damage assessment of community building portfolio; 

 Consequences of all the buildings in a community building portfolio; 

 The damage and consequences of buildings for different retrofit levels. 

Find: 

 The retrofit actions for all the buildings in a community building portfolio. 
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So that: 

 The retrofit costs associated with the retrofit levels is minimized; 

 The performance of a community associated with the retrofit level is maximized. 

The first step is to generate an initial population consisting of a certain number of 

individuals. Each individual is a scenario of a community building portfolio where all 

the buildings are randomly given one of the retrofit alternatives or no-retrofit. In the 

next step, the individuals are extracted, and the performance objectives are evaluated 

by utilizing the performance-based assessment method presented in the previous 

section. The performance objectives are then checked against the optimization criteria 

and Pareto-optimal solutions are extracted if the optimization criteria are satisfied, or 

else the individuals are optimized by utilizing three main steps: performing (1) a fast 

non-dominated sorting and crowding distances; implementing (2) selection, crossover, 

and mutation strategies; and finally (3) generating a new population. The process is 

repeated until the optimization criteria are satisfied and the Pareto-optimal solutions 

providing performance indicators given retrofit programs can be extracted. The 

optimization criteria can be the number of allowed generations which may be based on 

computational costs and accuracy requirements. Subsequent subsections provide more 

information on the highlighted optimization steps. 

7.4.1 Fast Non-Dominated Sorting and Crowding Distances 

The individuals in the population have varying performance values against retrofit 

costs. The fast non-dominated sorting and crowding distances approach is utilized to 

select the best solutions in the given population. The best solutions are extracted by 
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utilizing two methods: (1) the dominance depth method to determine the non-dominated 

and dominated solutions, and (2) the crowding distance algorithm to ensure diversity 

among the selected solutions. The dominance depth method ranks the individuals based 

on which front a particular individual lies. For instance, the individuals on a Front-1 

would be given the highest rank since they are non-dominated solutions that are not 

dominated by other individuals. Additionally, the crowding distance algorithm is 

utilized to measure the relative distances with other individuals lying on the same front. 

The individuals lying further apart are preferred to ensure the individuals are distributed 

over the considered Front and are not congested over a localized area. The non-

dominated solutions with high diversity are the optimal solutions for a particular 

generation since these individuals provide the best performance against the least retrofit 

cost. The dominance depth method and crowding distance assessment given an initial 

population are shown illustratively as follows. 

 

Figure 7-5 Illustration of fast non-dominated sorting and crowding distances. 
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average individuals from the population, based on rank and crowding distances. The 

crowded binary tournament selection method is utilized to select the parents from the 

population. This method starts by randomly selecting two individuals from the 

population and choosing an individual with the better rank to become parent. In the case 

of two selected individuals having the same rank, then the selection is based on the 

crowding distances, and in the case that both rank and crowding distances are same, 

then the selection is performed randomly. This method of selection increases the chance 

of better individuals being selected from the population. 

After selecting parents, the crossover operator is utilized to create new solutions 

referred as offspring. These offspring are generated by performing a crossover of the 

two randomly selected parents which helps explore the search in space. In this chapter, 

a simulated binary crossover operator is utilized to explore the discrete search space. 

The probability density function of the simulated crossover binary operator is presented 

as: 

𝑝(𝛽𝑖) = {
0.5(𝜂 +1)𝛽𝑖

𝜂 ,                               𝑖𝑓   𝛽𝑖
 ≤ 1

0.5(𝜂 +1)

𝛽
𝑖
𝜂 +2

,                                     𝑒𝑙𝑠𝑒                7-1 

where 𝛽𝑖 is the spread factor and η is the control parameter that defines the spread of 

the distribution function. A vector of 𝛽𝑖 is determined by integrating the area under the 

probability distribution curve equal to a random number ui ϵ [0, 1], evaluated as: 

𝛽𝑖 = {
(2𝑢𝑖)

1
𝜂 +1                                                 𝑖𝑓   𝑢𝑖≤ 0.5

(
1

2(1−𝑢𝑖)
)
−

1
𝜂 +1                                       𝑒𝑙𝑠𝑒                 

    7-2 
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The vector 𝛽𝑖 is utilized to change the allele of the genes. If the 𝛽𝑖 is greater 

than 1, the first child gene is altered to a higher retrofit level as compared to the first 

parent the and second child gene is altered to a lower retrofit level to that of the parent. 

Contrarily, if the 𝛽𝑖 is lower than 1, the first child gene is altered to a lower retrofit level 

as compared to the first parent and the second child gene is altered to a higher retrofit 

level to that of the parent. This process helps to produce fitter offspring from above-

average parent population exploring the search space further for optimal solutions. 

The mutation operator is adopted with low probability pm to avoid non-

convergence issues. In this chapter, a polynomial distribution operator is utilized for 

obtaining a solution. The polynomial probability distribution function is presented as: 

𝑝(𝛿) = 0.5(𝜂𝑚 + 1)(1 − |𝛿|)𝜂𝑚    7-3 

where δ is the median value and ηm is the factor controlling the spread of the distribution 

function. A vector of δ is determined by integrating the area under the probability 

distribution curve equal to a random number ri ϵ [0, 1], evaluated as: 

𝛿 = {
(2𝑟𝑖)

1
𝜂𝑚+1  − 1                                                𝑖𝑓   𝑟𝑖< 0.5

1–[2(1−𝑢𝑖)]
1

𝜂𝑚+1                                       𝑒𝑙𝑠𝑒                 

   7-4 

The polynomial mutation operator works in such a way that if the mutation probability 

randomly selects a locus where a mutation is required, then the gene is altered to a lower 

retrofit level if δ is less than zero, or else the gene is altered to a higher retrofit level. 

7.4.3 New Population Generation 
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The resulting solutions include the parent population and the offspring population. The 

offspring population comprises new individuals extracted by utilizing selection, 

crossover, and mutation strategies and the parent population comprises previous 

individuals. The best solutions with the original population size are then selected from 

the parent and offspring populations such that the total population size is retained at its 

original size. The best-selected solutions of original population size are referred to as 

new population or survival population. The next step is to evaluate the performance 

objectives for all the individuals in a new population, and the process of selection, 

crossover, mutation, and survival and elimination is repeated until the optimization 

criteria are satisfied. The resulting Pareto-optimal solutions after the optimization 

criteria are met are the optimal solutions of the bi-objective optimization problem for a 

single simulation run. The number of simulations is performed using the Monte Carlo 

approach and the probability distributions of performance indicators can be extracted. 

The subsequent section implements the proposed framework on a community building 

portfolio for illustration of the proposed framework. 

7.5 Illustrative Example 

The framework is illustrated on a community consisting of residential and commercial 

buildings. The structural systems consist of unreinforced masonry bearing walls 

(URM), concrete frames with unreinforced masonry infill walls (C3), and concrete 

frames (C1). The residential building portfolio is dominated by low-rise (L) 

construction with story heights ranging from 1–3 stories, and commercial buildings are 

mid-rise (M) with story heights ranging from 4–7 stories. The building portfolio is a 

mix of pre-code, low-code, and moderate-code construction with most of the building 
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comprising low-code construction. The building portfolio is divided into seven 

different types of buildings depending upon the structural system, height, and code 

configurations as shown below. The classification of building types follows HAZUS 

(Kircher et al., 2006) classification system i.e., (1) structural system is highlighted first, 

(2) followed by story type, and (3) the last symbol denotes the code level. For instance, 

a URM building with a low-rise story and pre-code configuration is denoted as URML-

P. 

 

Figure 7-6  Illustrative community consisting of building communities. 

To measure the performance of a community building portfolio under an 

earthquake hazard, three performance indicators are selected: (1) total repair cost 

incurred on a community because of an earthquake referred herein as risk performance 

indicator, (2) total downtime of a community as a measure of how long it will take to 

recover from a hazard, referred herein as a downtime performance indicator, and (3) 

total equivalent carbon emissions emitted as a result of damage to the community and 

recovery efforts, referred herein as a sustainability performance indicator. 

Total number of buildings = 2720

Illustrative community

Building types

1-URML-P

2-URML-L

3-URML-L

4-C3L-L

5-C3M-L

6-C1M-L

7-C1M-M
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In this illustrative example, a design hazard scenario is selected with a return 

period of 475 years, having 10% probability of occurrence in 50 years’ service life. The 

selected hazard scenario will generate a peak ground acceleration of 0.33 g and is 

considered herein to assess the performance of a community. It is important to note that 

considering a complete hazard curve along with the relevant mean annual frequency of 

exceedances for hazard scenarios would provide a better evaluation of retrofit 

interventions on a community level. Furthermore, it is important to utilize the ground 

motion prediction equations for the spatial distributions of the intensity measure 

assessment for a given earthquake scenario. However, considering the small size of the 

considered illustrative community, uniform distribution of the design hazard scenario 

is considered, presuming the attenuation will not impact the intensity measures. Also, 

only a design hazard scenario is considered in this case study to illustrate the proposed 

framework but can be extended to consider a complete hazard curve. The next section 

highlights the performance of a community building portfolio under a given hazard 

without considering any mitigation measures. 

7.5.1 Performance-Based Assessment 

The first step is to assess the damage states of all the buildings in a community. A total 

of 4000 simulations are performed to determine the discrete damage states of a 

community building portfolio considering a probabilistic approach formulated in the 

methodology section. The resulting damage state distributions under a design hazard 

scenario are shown below. Four statistical moments are also extracted from the 

distributions, presented in Table 7-1. As shown, the mean value for buildings having 

negligible damage is 187.13, and complete damage is 981.57. It is noted that the 
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damage states have low skewness values and kurtosis values of around 3. The positive 

kurtosis values around 3 indicate that the damage state distributions are close to the 

normal distributions. 

 

Figure 7-7 Damage states distributions of community building portfolio under given 

hazard. 

Table 7-1 Statistical moments of damage states of community building portfolio given 

hazard. 

Damage States Mean 

(Buildings) 

Standard  

Deviation 

Skewness Kurtosis 

No-damage 187.13 13.11 0.023 2.996 

Slight damage 251.05 14.79 0.051 2.877 

Moderate damage 614.41 21.84 −0.012 3.058 

Extensive damage 685.84 22.36 0.046 3.045 

Complete damage 981.57 24.53 0.078 3.126 
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The geospatial distribution of damage states of a community building portfolio 

for a random simulation is shown in the following Figure for illustrative purposes. The 

simulation represents one of the numerous simulations performed as a part of the Monte 

Carlo simulation process. In the given simulation (i.e., simulation number 3274), the 

number of buildings having no damage are 206, and buildings with complete damage 

are 954 in number. These simulations are repeated and distributions of considered 

damage states are extracted accordingly. 

 

Figure 7-8 Damage states of community building portfolio under a given hazard. 

The damage states are then correlated with the consequences to evaluate risk, 

downtime, and sustainability performance indicators. The consequences in terms of 

repair cost, downtime, and equivalent tons of kgCO2 emissions are determined for each 

building in each simulation. For illustration, the geospatial distribution of consequences 

in terms of three performance indicators is shown in the following Figure for a random 

simulation. In this simulation, the number of buildings having repair costs up to 

DS0
DS1
DS2
DS3
DS4

Damage states

Simulation = 3274
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US$15,000 is 1616, from US$15,000–50,000 is 707, and from US$50,000–200,000 is 

397. The repair cost for the majority of the buildings is under US$50,000 per building. 

Similar observations can be extracted for downtime and equivalent tons of carbon 

dioxide emissions. 

 

Figure 7-9 Performance indicators of community building portfolio under a given 

hazard scenario. 

The number of simulations is repeated and distributions for three performance 

indicators on a community level are determined as shown in following Figure. The 

mean value for risk under a design hazard scenario is US$63.3 million with a standard 

deviation of US$1.42 million, the mean value for downtime is 1.05 million days with a 

standard deviation of 12,400 days, and the mean value for sustainability is 2.15 million 

tons of kgCO2 emissions with a standard deviation of 73,700 tons of kgCO2. The 

sustainability performance indicator has a positive skewness of 0.12 and the rest of the 

performance indicators have negligible skewness. However, all the performance 

indicators show positive kurtosis values ranging from 2.89–3.10 which shows the 

performance indicator values are almost normally distributed. 
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Figure 7-10 Performance indicator distributions of community building portfolio given 

hazard scenario for (a) Risk, (b) Downtime, and (c) Sustainability 

7.5.2 Bi-Objective Evolutionary Optimization 

The performance indicators provide total repair costs, an estimation of community 

recovery time, and total equivalent carbon dioxide emissions under an earthquake 

hazard scenario. Mitigation alternatives can be implemented to improve the 

performance of a community building portfolio under a given hazard. The decision-

makers are mostly interested in the question related to how much cost is required to 

improve the required performance of a community. The bi-objective evolutionary 

optimization technique is utilized to determine retrofit programs which will provide 

information related to the investment costs needed for retrofitting a community to 

improve performance to a certain level. Note that the retrofitting buildings can give 

different performance levels depending upon the type of retrofit implemented and on 

how many buildings are retrofitted. This optimization technique can provide optimal 

performance improvements that can be achieved for given retrofit programs in terms of 

Pareto-optimal solutions. 
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The performance indicators are utilized as objectives to be optimized for given 

retrofit alternatives. The initial population with a population size of 20 individuals is 

selected with an optimization criterion of 20 maximum generations. The higher the 

number of individuals selected, the more data points will be generated in the Pareto-

optimal solutions but as a result, the computational costs would increase. The selection 

criteria of individuals is based on generating enough data points to appropriately assess 

the Pareto-optimal solutions at reasonable computational costs. The search space 

consists of five options for each building which are randomly assigned to all the 

buildings in the initial population. Option one includes assigning a building with a no-

retrofit alternative (i.e., building is not retrofitted), and options two to five consist of an 

increasing level of retrofit. The increasing level of retrofit would provide increasing 

performance and would also incur an increasing level of retrofit cost. The fragility 

functions for all the buildings are extracted from HAZUS (HAZUS, 2003), and the 

damage state and retrofit cost factors are selected based on the literature review 

(HAZUS, 2003; FEMA-547, 2006; FEMA-P695, 2009; Anwar and Dong, 2020). The 

damage state factors are multiplied by the mean values of fragility functions to update 

the fragility functions for different retrofit levels and retrofit cost factors are multiplied 

with the construction costs to evaluate retrofit costs. The considered damage state 

factors for five retrofit levels are 1, 1.27, 1.55, 2.11, and 2.79. Similarly, the considered 

retrofit cost factors for five retrofit levels are 1, 1.1, 1.15, 1.2, and 1.25. The selection 

criteria for the damage state factors and retrofit cost factors are based on previous 

studies conducted on the seismic retrofit of buildings (Anwar and Dong, 2020; Anwar 

et al., 2020). Nonetheless, the damage state factors and retrofit cost factors are utilized 

here for illustrative purposes only. 
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The next step is to evaluate the performance objectives of all the individuals and 

generate a new population by non-dominated sorting and crowding distances, and 

through selection, crossover, and mutation strategies discussed in the methodology 

section. The process is repeated for a new population until the optimization criterion is 

satisfied. At each generation, the performance of individuals keeps on improving given 

total retrofit costs and Pareto-optimal solutions can be extracted after the optimization 

criterion is satisfied. 

The Pareto-optimal solutions for a random simulation number are shown in the 

following Figure for considered performance indicators. As shown, the performance 

indicators show high risk, downtime, and sustainability values for a reference 

community with no mitigation alternative implemented. For instance, in this 

simulation, if all the buildings are given a retrofit level one (i.e., if no mitigation 

alternative is applied), the risk, downtime, and sustainability values are US$63.1 

million, 1.06 million days, and 2.13 million tons of kgCO2. Similarly, if all the buildings 

are retrofitted with the retrofit level five, the maximum performance of US$9.33 

million, 0.41 million days, and 0.3 million tons of kgCO2 can be achieved. The retrofit 

cost to achieve this maximum performance level is US$34.1 million. 

Various combinations of retrofit levels on a community building portfolio 

would result in different levels of performance, and the bi-objective optimization 

approach is utilized to determine the retrofit-level combinations to achieve optimal 

performance given the least retrofit costs. For instance, an individual 12 in a population 

provides risk, downtime, and sustainability values of US$35.8 million, 0.727 million 

days, and 1.2 million tons of kgCO2 with a given retrofit cost of US$17.5 million. This 

level of performance is achieved by retrofitting buildings with different retrofit levels 
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including retrofit level 1 (RL1) having 518 buildings, retrofit level 2 (RL2) having 583 

buildings, retrofit level 3 (RL3) having 536 buildings, retrofit level 4 (RL4) having 553 

buildings, and retrofit level 5 (RL5) having 530 buildings, accordingly. The determined 

Pareto-optimal solutions provide an increasing level of performance given increasing 

retrofit costs for different individuals. 

 

Figure 7-11 Pareto-optimal solutions of performance indicators against retrofit costs for 

(a) Risk, (b) Downtime, and (c) Sustainability 

The uncertainties in the performance enhancement are considered by 

performing 4000 evolutionary optimization simulations and extracting information 

including buildings in different retrofit levels, performance indicators, and the required 

retrofit costs for an optimized population. The mean values of buildings in different 

retrofit levels for an optimized population are shown in the following Figure. Individual 

1 refers to a case scenario of a community building portfolio where all the buildings are 

at retrofit level one, and individual 20 refers to a case scenario where all the buildings 

are at retrofit level five. The individuals in between refer to the buildings with different 

retrofit levels optimized to provide maximized performance objectives at a minimized 

retrofit cost. Finally, the community stakeholders and decision-makers can utilize the 

Pareto-optimal solutions and develop retrofit programs to satisfy the required 

performance of a community under a given hazard. 
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Figure 7-12 Mean values of buildings at different retrofit levels in a population along 

with considered four retrofit programs. 

For illustration purposes, four retrofit programs (RPs) are extracted ranging 

from retrofit costs of US$5–20 million. For instance, retrofit package 1 (i.e., US$5 

million cost for retrofitting community building portfolio) requires mean values of 1786 

buildings in RL1 (i.e., no-retrofit required), 773 buildings in RL2, and 161 buildings in 

RL3. Similar observations for other retrofit programs can be made accordingly. The 

RLs represent mean value of buildings in different retrofit levels averaged over N 

simulations. 

Finally, the distribution of performance indicators under four selected retrofit 

programs can be determined. For illustration, the statistical moments for the risk 

performance indicator under four retrofit programs are shown in Table 7-2. As shown, 

the total repair cost under a design hazard scenario without considering any mitigation 

alternative is US$63.3 million which can be reduced to US$56.78 million by applying 

a retrofit cost of US$5 million. Similarly, the retrofit programs costing US$10, 15, and 
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20 million would reduce the risk to US$49.10, 41.74, and 32.34 million. The standard 

deviation for the risk performance indicator ranges between US$1.04–1.42 million. In 

addition, negligible skewness is observed, and the kurtosis values are close to 3 which 

indicates the distribution is almost normally distributed. 

Table 7-2 Statistical moments of risk performance indicator under considered retrofit 

programs. 

Risk Performance Indicator Mean 

(Million 

USD) 

Standard 

Deviation 

(Million USD) 

Skewne

ss 

Kurto

sis 

Without a retrofit program 63.30 1.42 0.057 3.03 

Retrofit of 5 million USD 56.78 1.33 0.043 2.93 

Retrofit of 10 million USD 49.10 1.22 −0.065 2.98 

Retrofit of 15 million USD 41.74 1.44 −0.026 2.86 

Retrofit of 20 million USD 32.34 1.04 0.211 3.23 

 

Similar observations can be extracted for downtime and sustainability 

performance indicators given retrofit programs. For instance, implementing the 

considered four retrofit programs would result in improving mean downtime values 

from 1.05 million days to 0.977, 0.893, 0.816, and 0.705 million days, and mean 

sustainability values would improve from 2.15 million tons kgCO2 to 1.92, 1.65, 1.40, 

and 1.07 million tons of kgCO2. The standard deviation for downtime ranges from 

11,420–16,930 days and for sustainability ranges from 47,850–73,690 tons of kgCO2. 

The kurtosis values for downtime and sustainability range from 2.89–3.26, indicating 

nearly normal distributions. 
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Figure 7-13 Distributions of risk performance indicator under four retrofit programs. 

  

Figure 7-14 Distributions of downtime performance indicator under four retrofit 

programs. 
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Figure 7-15 Distributions of sustainability performance indicator under four retrofit 

programs. 

7.6 Conclusions 

This chapter proposed a performance-based bi-objective optimization framework for 

community building portfolios considering multiple performance indicators. In 

addition, the uncertainties in the process were incorporated by utilizing the Monte Carlo 

approach. The following conclusions can be drawn based on the proposed framework 

and illustrative example. 

1. The proposed bi-objective retrofit optimization framework considered risk, 

downtime, and sustainability performance indicators for assessment and 

enhancement of community performance under a designed seismic hazard 

scenario. The proposed framework optimized the performance objectives for given 

pre-hazard mitigation alternatives considering uncertainties and provided the 

decision-makers with retrofit programs to enhance community performance for 

given retrofit costs. 

2. The distributions of discrete damage states and the performance indicators showed 

negligible skewness with kurtosis values close to three. This showed the 

distributions were almost normally distributed. The normal distributions were also 

observed for the retrofit programs extracted after performing performance-based 

evolutionary optimization. 

3. Pareto-optimal solutions were determined by utilizing bi-objective optimization 

which provided optimal solutions for the considered performance indicators 
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against the retrofit cost. The number of buildings required to be retrofitted at 

different retrofit levels to achieve performance enhancements for given retrofit 

costs was also determined. For instance, in a random simulation, to achieve risk, 

downtime, and sustainability performance of US$35.8 million, 0.727 million days, 

and 1.2 million tons of kgCO2 emissions, a retrofit cost of US$17.5 million is 

required. To achieve this level of performance, the number of buildings needed to 

be retrofitted in the five retrofit levels ranging from 1–5 were 518, 583, 536, 553, 

and 530. 

4. For an illustration of the proposed framework, four retrofit programs were 

extracted ranging from US$5–20 million and the resulting performance 

enhancements along with the number of buildings required to be retrofitted at 

different retrofit levels were determined. For instance, by applying a retrofit 

program of US$20 million, the mean risk, downtime, and sustainability 

performance values were reduced to 48.91%, 32.59%, and 50%. Furthermore, to 

achieve this level of performance enhancement, the mean number of buildings 

required to be retrofitted ranging from retrofit levels 1–5 were 105, 721, 799, 834, 

and 261. 
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CHAPTER 8 BAYESIAN OPTIMIZATION AND 

DECISION-MAKING OF COMMUNITY BUILDINGS 

8.1 Introduction 

The performance of community building portfolios under extreme events is 

increasingly been assessed in terms of socioeconomic and environmental 

consequences. These multiple consequences are expensive to evaluate, uncertain in 

nature, and require an efficient optimization and decision-making tool for possible 

performance enhancements on a community level. In this chapter, an efficient multi-

objective performance-based optimization and decision-making framework is proposed 

to assess and enhance the performance of community building portfolios under 

uncertain consequences. The proposed approach includes (1) performance-based black-

box to evaluate the socioeconomic and environmental consequences given community 

building portfolios by considering all the possible hazard scenarios, (2) surrogate-based 

multi-objective optimization to efficiently approximate the Pareto-optimal solutions by 

exploiting Gaussian process models, spectral sampling, non-dominated crowding and 

sorting, and hyper improvements, among others, and (3) utility theory-based decision-

making of a community building portfolios considering multiple performance-

objectives over an entire hazard curve and under different risk attitudes. The proposed 

methodology is illustrated on community building portfolio under seismic hazards of 

varying intensities and occurrence probabilities. A performance-based black box is 

utilized along with a proposed optimization technique to assess community-level 
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consequences. Finally, the expected utility for Pareto-optimal solutions is assessed and 

discussed for possible performance enhancements and decision-making. 

8.2 Proposed optimization and decision-making framework 

The proposed multi-objective surrogate-based optimization and decision-making 

framework for community building portfolios under uncertain consequences and risk 

attitudes is shown in Figure 8-1. The framework is divided into three main parts: (1) 

performance assessment, (2) surrogate-based optimization, and (3) decision-making. 

The performance-based assessment part considers a range of seismic hazard scenarios 

and evaluates uncertain socioeconomic and environmental consequences in terms of 

casualties, repair costs, repair time, carbon emissions, and embodied energy. To reduce 

uncertain consequences on a community portfolio level, a surrogate-based optimization 

is proposed that efficiently optimizes the retrofit selection for all the buildings in a 

community, and consequently, Pareto-optimal solutions are determined for the 

considered performance objectives. Finally, a utility theory approach is utilized, 

considering the risk perceptions of the decision-makers to extract ideal solutions from 

the Pareto-optimal solutions for possible decision-making under varying degrees of risk 

perceptions of the decision-makers. 
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Figure 8-1 Proposed efficient multi-objective performance-based optimization and 

decision-making framework for community building portfolios under uncertain 

consequences and risk attitudes 

The performance-based assessment part consists of three main steps: (1) hazard 

assessment, (2) damage assessment, and (3) consequence assessment. The hazard 

assessment evaluates the intensity measures for all the buildings in a community 

considering a range of hazard scenarios, also accounting for the varying probability of 

occurrences and intensity measures. Then, the damage assessment step is utilized to 

evaluate the damage imparted to the buildings given the hazard. Finally, the damage to 

the buildings is converted into socioeconomic and environmental consequences that 

provide a meaningful measure for the decision-makers and key stakeholders for taking 

necessary actions if any. 

The surrogate-based optimization part also consists of three main steps: (1) 

Gaussian process modeling, (2) spectral sampling, and (3) genetic optimization. 

Initially, the proposed surrogate-based optimization algorithm randomly assigns the 

retrofit solutions to all the buildings in a community and creates a scenario referred to 
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herein as an individual. Several individuals are originally established and the total 

retrofit costs and uncertain consequences are evaluated by utilizing the performance-

based assessment part.  

The first step is to build Gaussian process models for all the considered objectives 

that include: (1) uncertain consequences and (2) retrofit costs on a community level. 

The Gaussian process models are established by utilizing the considered individuals. 

The Gaussian process models are utilized as surrogates due to their effectiveness and 

ability to predict uncertainties by providing distributions of responses instead of a single 

number as an output. This aspect could aid in quantifying the uncertain consequences 

and also act as a tool for uncertainty propagation in the various steps of the proposed 

framework. Furthermore, the Gaussian process has elegant stochastic properties, i.e., 

apart from providing the predicted values at unexplored points but also providing the 

variance of the predicted value. Many active learning functions are developed based on 

the mean value and variance at unexplored points, while other surrogate models can 

hardly provide statistical information. Also, the Gaussian process models can be applied 

in a variety of settings and enable efficient hyper parameter selection as compared to 

other available machine learning models. However, Gaussian process models may need 

fine-tuning of kernels which may require considerable work. Also, the selection of 

priors affects the computational efficiency and overall performance of the model along 

with the hyper parameters that need to be considered. Nonetheless, the Gaussian 

process models are effective tools to model uncertainties 

After Gaussian process modeling, the sample functions for all the objectives are 

established by utilizing the proposed spectral sampling techniques, providing a 

computationally inexpensive surrogate replacement of the expensive performance-
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based black-box. Finally, genetic optimization is performed to evaluate the Pareto-

optimal solutions by utilizing the established surrogate. The number of individuals is 

increased at each iteration and the surrogates are improved by utilizing the proposed 

hyper improvement indicator, and hence the Pareto-optimal solutions are improved at 

each iteration subsequently. After the required number of iterations, the approximate 

Pareto-optimal solutions for a multi-objective problem can be extracted. 

The last part of the proposed framework consists of decision-making and aims to 

assess the ideal solutions among the Pareto-optimal solutions by utilizing the utility 

decision theory. The ideal solutions are the solutions among the Pareto-optimal 

solutions which are selected by the decision-makers considering their risk preferences. 

The first step in this part consists of evaluating the utility of all the considered objectives 

by considering the risk perceptions of the decision-makers. Finally, an expected utility 

can be determined for all the Pareto-optimal solutions considering all the objectives. 

The particular steps involved in the performance-based assessment, surrogate-based 

optimization, and decision-making parts are further explained in the subsequent 

sections. 

8.3 Performance-based expensive black-box 

The performance-based assessment methodology is utilized to assess the performance 

of a community building portfolio given vulnerability, value, and exposure (Yamin et 

al., 2017; Qian and Dong, 2022a). The performance-based module serves as a black-

box for the proposed surrogate-based optimization in which community building 

portfolios related data is provided and performance is extracted as a result. The 

performance of community building portfolios to extreme events can be improved by 
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implementing pre-hazard retrofit alternatives. The black-box provides performance in 

terms of multiple performance objectives covering the entire range of probable seismic 

hazard scenarios and as a result, it is computationally expensive to evaluate. The 

community-level performance assessment requires developing a hazard curve, 

assessing damages, and evaluating consequences over an entire community. 

The damage to all the buildings in a community is assessed in terms of discrete 

damage states. The discrete damage states can be defined as slight, moderate, extensive, 

and complete damage states and the exact definition of a particular damage state given 

a structural system can be observed in the HAZUS documentation (HAZUS, 2003). 

Each damage state translates the intensity measure into the probability of exceeding a 

particular damage state by utilizing the fragility function (Bao et al., 2019). The 

intensity measures can be extracted from hazard cure which provides a relationship of 

mean annual frequency of exceedance for a given intensity measure (Dong and 

Frangopol, 2016a). The probability of exceedance of all the damage states can then be 

translated to discrete damage states of community building portfolios (Hashemi et al., 

2019; Chen et al., 2021). 

The damage state of a building provides information related to the extent of damage 

which can then be utilized to evaluate consequences by extracting information such as 

how much material is required for repair, and what are the associated socioeconomic 

and environmental consequences associated with it (Giouvanidis and Dong, 2020). The 

associated consequences such as repair cost, downtime, and equivalent carbon 

emissions are evaluated by utilizing consequence functions and more information can 

be found in (Anwar et al., 2020). 
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The consequences for the entire hazard curve can be determined and integrated over 

a hazard curve to evaluate the expected annual consequences (EAC). The EACs provide 

consequences considering all the possible hazard scenarios considering their respective 

probability of occurrences. The resulting performance indicator can then be determined 

by accumulating the consequences or expected annual consequences of all the buildings 

in a community. 

8.4 Efficient multi-objective surrogate-based optimization 

Approximating the Pareto-optimal solutions from a black-box considering multiple 

performance objectives requires establishing a computationally inexpensive surrogate 

model for each objective function, spectral sampling from an established surrogate 

model, finding the Pareto-optimal front from the sampled functions, and evaluating the 

next point of query from the black-box by utilizing an acquisition function providing 

largest improvement in the hyper improvement indicator. In this chapter, an efficient 

multi-objective optimization technique is developed for community building portfolios 

by first establishing a computationally inexpensive surrogate model and then 

performing non-dominated sorting and crowding distancing for approximating a 

Pareto-optimal front, and finally utilizing hyper improvement indicator to evaluate the 

next query point from performance-based black-box function. The processes utilized in 

the proposed surrogate-based optimization part is shown in Figure 8-2. 
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Figure 8-2 Proposed methodology for efficient surrogate-based optimization for 

community building portfolio 

8.4.1 Generating initial dataset for individuals 

The first step is to randomly generate an initial dataset for given number of individuals. 

The dataset for each individual includes information related to the community building 

portfolio including structural system, number of stories, operational use, and type of 

retrofit implemented if any, among others. The randomness in the dataset is related to 

the type of retrofit application on buildings if any. Let n be the number of individuals 

with the initial data set generated for instance by utilizing the Latin hypercube design 

(Stein, 1987). Let 𝑋 = [𝑥1, … 𝑥𝑖, … 𝑥𝑛]  is the initial number of individuals that are 

utilized to query an expensive objective function 𝑔𝑗(𝑥) , where 𝑗 = 1,…𝑚  are the 
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performance objectives. The expensive objective function is queried by utilizing the 

performance-based assessment part which serves as a black-box in the considered 

optimization problem. The resulting responses for each objective function in terms of 

retrofit costs and consequences, against the considered individuals, are represented as 

𝑌 = [𝑦𝑗
1, … , 𝑦𝑗

𝑛] . These corresponding responses extracted from expensive 

performance-based black-box are then utilized to build a Gaussian process model. 

8.4.2 Building a Gaussian process model 

The Gaussian process model is built in each iteration given the individuals and the 

corresponding responses. Let the total number of individuals is 𝑋𝑖 =

[𝑥1, … , 𝑥𝑛, 𝑥𝑛+1, … , 𝑥𝑛+𝑖] at iteration 𝑖, and the resulting responses for each objective 

function 𝑗 is 𝑌𝑗
𝑖 = [𝑦𝑗

1, … , 𝑦𝑗
𝑛, 𝑦𝑗

𝑛+1, … , 𝑦𝑗
𝑛+𝑖]. The Gaussian process model is trained 

for each objective 𝑌𝑗
𝑖 to evaluate 𝐺𝑃𝑗

𝑖(𝑚𝑖, 𝑘𝑖|𝑋𝑖, 𝑌𝑗
𝑖). 

The Gaussian process generates data that follows a multivariate Gaussian 

distribution over functions. It requires formulating a prior which is independent of the 

observations from the black box function, and the posterior which incorporates the 

Gaussian process fitted with the observations from black-box (Schulz et al., 2018). The 

following sub-sections briefly explain the process. 

8.4.2.1 Prior of the Gaussian process 

The Gaussian process can be defined by a mean and a covariance function as: 

𝑚(𝑥) ≔ 𝐸[𝑓(𝑥)]     8-1 



193 

 

𝑘(𝑥, 𝑥′) ≔ 𝐸[(𝑦(𝑥) − 𝑚(𝑥))(𝑦(𝑥′) − 𝑚(𝑥′))]   8-2 

where 𝑚( . )  is the mean function, 𝑘( . )  is the covariance function, 𝑥, 𝑥′ ∈ 𝑅𝑑  are 

arbitrary input vectors, 𝐸[ . ]  is the expectation over the function 𝑓( . ) , and 𝑦( . ) 

consists of points distributed as a Gaussian process represented as: 

𝑦(𝑥) ~ 𝐺𝑃(𝑚(𝑥), 𝑘(𝑥, 𝑥′))    8-3 

where GP denotes Gaussian process over points observed from function 𝑓( . ) having 

input vectors 𝑥. The mean represents the average value from a function and covariance 

represents the joint variability of any two values from a function computed at 

corresponding inputs. The mean of the function is set to zero, and the covariance 

function is utilized to determine the properties of fitted functions (Rasmussen, 2003b). 

8.4.2.2 Posterior of the Gaussian process 

The prior of the Gaussian process is independent of the observations from the 

performance-based black-box function. The prior is updated by utilizing the training 

data set X = {x1, … x𝑖 , … , x𝑛} having n data points, where each x𝑖 = [x𝑖1, … , x𝑖𝑧]
𝑇 is a 

z-dimentional vector. The observations y𝑖 from the black-box function is obtained at x𝑖 

to formulate set 𝑌 = {y1, … , y𝑛}  and the vector y = [y1, … , y𝑛]
𝑇. The posterior of the 

Gaussian process can then be found based on Bayes’ rule as: 

𝑓(𝑥) ~ 𝐺𝑃(𝑚(𝑥), 𝑘(𝑥, 𝑥′)|𝑋, 𝑌)   8-4 

With 

𝑚(𝑥)|𝑋, 𝑌 = ∑(𝑥, 𝑋)∑   
−1

𝑦    8-5 
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𝑘(𝑥, 𝑥′)|𝑋, 𝑌 = 𝑘(𝑥, 𝑥′) − ∑(𝑥, 𝑋)∑   
−1∑(𝑥, 𝑋)𝑇   8-6 

Where 

∑  = [𝑘(𝑥𝑖, 𝑥𝑗)]𝑛𝑛 ∈ 𝑅𝑛𝑛    8-7 

∑(𝑥, 𝑋) = [𝑘(𝑥, 𝑥1),… , 𝑘(𝑥, 𝑥𝑛)] ∈ 𝑅1𝑛   8-8 

8.4.2.3 Training of hyper parameters 

The hyper parameters are inferred from the data by utilizing the maximum posteriori 

estimate or maximum likelihood estimate in the case of small data sets. In this chapter, 

a maximum posteriori estimate is selected due to its better performance as compared to 

the latter (Sundararajan and Keerthi, 2001). The hyper parameters defining the 

Gaussian process are represented as: 

𝜉 = [log(𝜆1) , … , log(𝜆𝑑) , log(𝜎𝑓
 ) , log(𝜎𝑛

 )]   8-9 

where 𝜆𝑖  are the length scales of the input variable, and 𝜎𝑓
2  are the output 

variance. The independent Gaussian distributions are assumed as prior distributions on 

the log-transformed hyper parameters as: 

𝜉𝑖 ~ 𝒩(𝜇𝑖, 𝜎𝑖
2)     8-10 

where 𝜇𝑖 is the mean, and 𝜎𝑖
2 is the variance of the prior Gaussian distribution. The 

maximum posteriori estimate likelihood is determined as: 
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ℒ(𝜉) = −
1

2
log(|∑  |) −

1

2
𝑦𝑇 ∑  

 

−1
𝑦 −

𝑛

2
log(2𝜋) + ∑ (−

1

2
log(2𝜋) −𝑖

1

2
log(𝜎𝑖

2) −
1

2𝜎𝑖
2 (𝜉𝑖 − 𝜇

𝑖
)
2
)     8-11 

 

Finally, the maximum posteriori estimate for hyper parameters is determined by the 

optimization problem as: 

𝜉𝑀𝐴𝑃  ∈ arg𝑚𝑎𝑥𝜉 ℒ𝑀𝐴𝑃(𝜉)    8-12 

8.4.3 Sample functions via spectral sampling 

The spectral sampling is utilized to sample 𝑚  distinct functions [𝑓1
𝑖(𝑥), … , 𝑓𝑚

𝑖 (𝑥)] 

extracted from independent Gaussian process models for each objective. These 

Gaussian process model samples are computationally inexpensive as compared to 

expensive black-box and are utilized for multi-objective optimization to extract 

approximate Pareto-optimal solutions. 

8.4.3.1 Spectral sampling from the Gaussian process model 

Hernández-Lobato et al. (Hernández-Lobato et al., 2014) initially proposed a method 

to sample an approximate analytical function from the Gaussian process which can be 

approximated by utilizing Fourier dual 𝑠(𝜔) referred as spectral density of stationary 

covariance function k, expressed as: 

𝑘 (𝑥, 𝑥
′) =  𝛼∬ 𝑒−𝑗𝜔

𝑇(𝑥−𝑥′)𝑝(𝜔)𝑑𝜔
 

ℝ𝑑 = 𝛼𝐸𝜔[𝜉 (𝑥)𝜉 (𝑥′)
̅̅ ̅̅ ̅̅ ̅]  8-13 
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where 𝑝(𝜔) is the associated normalized probability density determined as 𝑝(𝜔) =

 𝑠(𝜔)/𝛼, 𝛼 is the proportionality constant determined as 𝛼 = ∫ 𝑠(𝜔)𝑑𝜔, the vector 

𝜉 can be determined as 𝜉 (𝑥) = √2𝛼/𝑀cos (𝑊𝑥 + 𝑏), where 𝑀 is the number of 

Monte Carlo samples, [𝑊]𝑖~𝑝(𝜔), and [𝑏]𝑖~𝑈(0,2𝜋). 

Hence, the Gaussian process prior can be approximated as: 

𝑓(𝑥) = 𝜉(𝑥)
𝑇
𝜃    8-14 

where 𝜃 is the multivariate Gaussian distribution 𝜃~ 𝒩(0, 𝐼). Given the data in terms 

of 𝜃~ 𝒩(𝑚, 𝑉),  where 𝑚 = (𝑍𝑇𝑍 + 𝜎𝑛
2𝐼)−1𝑍𝑇𝑦, and 𝑉 = (𝑍𝑇𝑍 + 𝜎𝑛

2𝐼)−1𝜎𝑛
2, 

the approximate posterior of the Gaussian process can be approximate as: 

𝑓(𝑖)(𝑥) = 𝜉
(𝑖)
(𝑥)

𝑇
𝜃(𝑖)   8-15 

where 𝐼 is an identity matrix, and [𝑍]
𝑖
= 𝜉(𝑥𝑖) are stacked random vectors of 𝜉 

given inputs of data. 

8.4.4 Evaluating Pareto-optimal solutions from sampled functions 

The sampled analytical functions can then be utilized to economically evaluate the 

approximate Pareto-optimal solutions. Any evolutionary optimization technique can be 

utilized to allow convergence to the Pareto-set of Gaussian process at a given iteration 

(Fister Jr et al., 2013). In this chapter non-dominated sorting and crowding distancing 

algorithm is utilized to evaluate Pareto-set at each given iteration (Deb et al., 2002). 

The process requires evaluating dominated and non-dominated solutions by utilizing 
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the tournament selection, dominance depth method, and crowding distance algorithm 

(Katoch et al., 2021). This allows providing rankings for each individual in a population 

given each generation within an iteration. The convergence of Pareto-set against 

Gaussian process samples at each iteration is achieved by utilizing selection, crossover, 

and mutation strategies (Islam et al., 2011). Finally, after the given number of 

generations, the Pareto-set converged against Gaussian process samples is extracted. 

8.4.5 Generating new points to query expensive black-box function 

Since generating a new point from the black-box is expensive, it is essential to match 

the probability that the next sampled data will provide a Pareto optimal point. In this 

chapter, a hyper improvement indicator is utilized to sample the next point for querying 

expensive black-box. 

The hyper improvement indicator measures the region between a selected reference 

point and non-dominated solutions (Beume et al., 2009). The hyper improvement 

indicator is utilized herein to select the next sampling point from a performance-based 

expensive black-box function. The larger the region from the previous iteration, the 

higher the value of hyper improvement indicating higher convergence and better 

performance between two iterations. Mathematically, the hyper improvement indicator 

is represented as (Guerreiro et al., 2020): 

𝐻𝑉(℘, 𝒓) = Λ(⋃ [𝑝, 𝒓]𝑝∈℘ )    8-16 

where 𝐻𝑉(℘, 𝒓) denotes the hyper improvement indicator given non-dominated Pareto 

front ℘ at a reference point 𝒓, Λ( . ) is the Lebesgue measure, [𝑝, 𝒓] is a box delimited 

below by 𝑝 ∈ ℘ and above by 𝒓. 
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Let ℘𝒊 is a converged Pareto-front given iteration 𝑖, and current reference point 𝒓𝒊, 

the next sample point is to be queried such that it will give maximum hyper 

improvement Δ𝐻𝑉 represented as: 

𝑥𝑛+𝑖+1𝜖 arg𝑚𝑎𝑥 Δ𝐻𝑉(𝑦𝐶 , ℘
𝒊, 𝒓𝒊)   8-17 

where 𝑦𝐶  is the set consisting of sampled functions utilizing spectral sampling, and 

hyper improvement is Δ𝐻𝑉(𝑦𝐶 , ℘
𝒊, 𝒓𝒊) = 𝐻𝑉(℘𝒊⋃{𝑦𝐶} , 𝒓

𝒊) − H𝑉(℘𝒊, 𝒓𝒊). After the 

sample point is queried, the whole process is repeated to approximate the Pareto-set in 

the next iteration. 

8.4.6 Updating the dataset of individuals 

Finally, the dataset is updated with the identified next query point 𝑥𝑛+𝑖+1  and the 

resulting response from 𝑔𝑗(𝑥𝑛+𝑖+1) , such that 𝑋𝑖+1 =

[𝑥1, … , 𝑥𝑛, 𝑥𝑛+1, … , 𝑥𝑛+𝑖, 𝑥𝑛+𝑖+1]  and 𝑌𝑗
𝑖 = [𝑦𝑗

1, … , 𝑦𝑗
𝑛, 𝑦𝑗

𝑛+1, … , 𝑦𝑗
𝑛+𝑖, 𝑦𝑗

𝑛+𝑖+1] . The 

process is repeated with the next iteration 𝑖 = 𝑖 + 1, until the maximum number of 

function evaluations is reached and an approximate Pareto-optimal solution is 

extracted. 

8.5 Utility Decision Theory under Uncertainty 

The approximate Pareto-optimal solutions provide the performance of community 

building portfolios in terms of multiple performance objectives. These performance 

objectives are then utilized to evaluate the expected utility for decision-making under 

uncertain consequences. The expected utility is determined against the total retrofit cost 
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of community building portfolios under different risk perceptions. Finally, the ideal 

solutions can be extracted from the approximate Pareto-optimal solutions. 

In community building portfolios under hazard, the cost-benefit analysis provides a 

ranking of solutions by comparing the mitigation costs and repair costs. However, there 

are additional factors to consider while making a decision. First, the uncertainties in 

each step of performance assessment make it difficult to provide an accurate estimation 

of mitigation and repair costs (Qian and Dong, 2022b). There also exist uncertainties 

related to the probability of occurrence of an extreme event, the intensity, and frequency 

of its occurrence (Guo et al., 2022). Also, the considered performance objectives may 

be different and cannot be directly utilized for decision-making (Mosalam et al., 2018; 

Asadi et al., 2019). Furthermore, the risk perceptions of the decision-makers under 

uncertain consequences may affect the cost and benefit estimations (Tversky and 

Kahneman, 1992; Qin, 2022). 

In the context of decision-making under risk perceptions, utility decision theory has 

been widely utilized. This theory postulates that the decision-makers are rational and 

select alternatives with maximum utility. The maximum utility is determined by 

considering multiple performance objectives with a utility function to provide an 

expected utility value. Mathematically, the expected utility for multiple performance 

objectives can be determined as: 

𝐸(𝑈) = ∑ 𝑢(𝑝𝑗)𝑤𝑗
𝑚
𝑗=1    8-18 

where 𝑢( . ) is the utility function,  𝑤𝑗  is the relative importance of the performance 

objective j, 𝑝𝑗 is the jth performance objective, and m is the total number of considered 

performance objectives such that: 
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∑ 𝑤𝑗
𝑚
𝑗=1 = 1     8-19 

𝑝𝑗  ∈ 𝑝 (𝑗 = 1,2, … ,𝑚)    8-20 

The utility function provides utility for a given performance objective as a 

subjective evaluation of the decision-maker considering its risk perception. The utility 

function can be evaluated by utilizing an increasing continuous function as: 

𝑢(𝑝𝑗) =
1

1−𝑒−𝛾
[1 − 𝑒−𝛾(1−𝑝𝑗/𝑝𝑚𝑎𝑥)]   8-21 

where 𝛾  is the shape parameter with 𝛾 = 0 for risk-neutral attitude, 𝛾 > 0 for risk-

averse, and 𝛾 < 0 for risk-seeking attitude, 𝑝𝑚𝑎𝑥 is the maximum value for a mitigation 

cost value for normalization purposes. 

8.6 Illustrative example 

The proposed surrogate-based optimization and decision-making framework is 

illustrated on a community building portfolio mostly dominated by unreinforced 

masonry and masonry-filled reinforced concrete structures. The building definitions 

such as building types, code levels, and building heights, among others are as per 

HAZUS (Kircher et al., 2006) as shown in Figure 8-3 along with the hazard curve and 

extracted four hazard scenarios with the probability of occurrences of 50%, 10%, 5%, 

and 2% considering 50 years of service life of buildings. 

It is important to note that different hazard scenarios provide different 

socioeconomic and environmental consequences. Hence, it is essential to estimate the 

consequences by taking into account the entire possible hazard scenarios and by also 
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considering their mean annual frequency of exceedances. These socioeconomic and 

environmental consequences provide community-level performance objectives which 

stakeholders can utilize to assess the overall performance of community building 

portfolios over an entire hazard curve. More information related to these socioeconomic 

and environmental consequences and expected annual consequences can be found in 

(Anwar et al., 2020) and is utilized for the surrogate-based optimization and decision-

making explained in the subsequent sub-sections. 

 

Figure 8-3 The community building portfolio with different structural systems under 

seismic hazard 

In this illustrative example, six performance objectives are considered including 

retrofit costs, casualties, repair costs, repair time, equivalent carbon emissions, and 

embodied energy. These performance objectives will provide a holistic understanding 

of the performance of community building portfolios under seismic hazard scenarios. 

The considered performance objectives are assessed by utilizing the performance-based 

assessment methods which also serve as a black-box in the optimization problem. Then, 
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the selection of the best retrofit alternatives for all the buildings in a community 

building portfolio providing maximum performance given the least retrofit costs is 

achieved by utilizing the multi-objective surrogate-based optimization. Finally, the 

Pareto-optimal solutions are extracted and utilized for decision-making under risk 

perceptions. The subsequent subsection discusses the performance-based expensive 

black-box to assess the performance of community building portfolios. 

8.6.1 Performance-based expensive black-box 

The performance-based assessment requires assessing the damage state of each 

building given the intensity measures which are then correlated with the socioeconomic 

and environmental consequences. The methodology utilized to evaluate the discrete 

damage states, total damaged materials, and resulting consequences along with the 

relevant data required can be found in (Kircher et al., 2006; Anwar and Dong, 2022). 

The performance-based black-box will provide consequences given the intensity 

measures, fragility relationships, and consequence functions for the given community 

building portfolios.  

As an illustration, the probability density functions for the repair cost consequence 

on a community-level under four hazard scenarios are shown in Figure 8-4, and mean 

repair costs for all the considered buildings in a community are shown in Figure 8-5. 

As shown, the mean repair costs under considered four hazard scenarios are 20.15, 

48.58, 61.25, and 75.27 million USD with a standard deviation of 3.99, 5.68, 5.56, and 

4.82 million USD. The repair costs indicate the amount of monetary value required 

during the repair works of the damaged buildings after an earthquake event. For 

instance, in the case of a design hazard scenario, it would mean that there is a 50% 
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probability that the community will require at least 48.58 million USD for the repair 

works of damaged buildings to bring the community building portfolios back to a pre-

hazard state.  

  

Figure 8-4 The probability density functions of the repair costs under four hazard 

scenarios 

 

Figure 8-5 Community building portfolios repair costs under hazard scenario of (a) 95-

year, (b) 475-year, (c) 975-year, and (d) 2475-year 

Similar observations can also be extracted for other socioeconomic and 

environmental consequences. For illustration, the cumulative distribution functions for 

casualties, repair costs, equivalent carbon emissions, and embodied energy under four 
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hazard scenarios are shown in Figure 8-6. Another important performance indicator is 

related to the recovery of the community building portfolios and can be extracted based 

on the damage condition of a building during the investigated time. As an illustration, 

the number of buildings repaired or still in damaged condition during the investigated 

time after a design hazard scenario is shown in Figure 8-7. This can also be translated 

into the percentage of buildings repaired during the investigated time as shown in 

Figure 8-8 for four hazard scenarios. The community building portfolios are considered 

to be recovered from a hazard event after at least 90% of the buildings are repaired to 

the pre-hazard state. In the case of four hazard scenarios, the community building 

portfolios are considered recovered from an extreme event at 468, 711, 752, and 789 

days during the investigated time after an earthquake event.   

 

Figure 8-6 Cumulative distribution functions of community building portfolios for (a) 

casualties, (b) repair costs, (c) equivalent carbon emissions, and (d) embodied energy 

0

0.2

0.4

0.6

0.8

1

0 500 1000

P
ro

b
ab

il
it

y
 o

f 
E

x
ce

ed
an

ce

Casualties (Number)

95-year

475-year

975-year

2475-year

0 50 100

Repair Cost (USD) Millions

95-year

475-year

975-year

2475-year

0

0.2

0.4

0.6

0.8

1

0 0.5 1

P
ro

b
ab

il
it

y
 o

f 
E

x
ce

ed
an

ce

Equivalent carbon emissions (Tons kgCO2) Millions

95-year

475-year

975-year

2475-year

0 1 2

Embodied energy (MJ) Millions

95-year

475-year

975-year

2475-year

a) b)

c) d)



205 

 

 

Figure 8-7 Community building portfolios recovery under design hazard scenario 

during the investigated time of (a) 00 days, (b) 200 days, (c) 400 days, and (d) 600 days 

 

Figure 8-8 Community building portfolios recovery during the investigated time for 

hazard scenario of (a) 95-year, (b) 475-year, (c) 975-year, and (d) 2475-year 
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2022). The retrofit alternatives adapted with the conventional optimization algorithm 

are discussed in detail in the recent paper along with the relevant data required to 

perform consequence assessments (Anwar and Dong, 2020). Additionally, the retrofit 

implementation costs and the resulting performance enhancements are also discussed 

to achieve the performance enhancements given retrofit costs. 

It is important to note that the community building portfolios consist of numerous 

buildings and each building can be retrofitted with one of the retrofit options. This 

results in many combinations of retrofits and assessing the performance on a 

community level can be computationally expensive. Hence, the proposed surrogate-

based optimization algorithm is adopted herein. 

In this illustrative example, Latin Hypercube Sampling (LHS) is utilized to generate 

an initial dataset of ten points. Each point in the dataset is a one-dimensional vector that 

assigns a random retrofit type to each building in a community building portfolio. The 

dataset is then utilized to query performance-based expensive black-box which 

provides community-level consequences in terms of considered performance 

objectives. Then, a Gaussian process model is fitted for each performance objective 

followed by spectral sampling, non-dominated sorting, and crowding distancing, and 

finally generating a new point to query the black-box to refine the Gaussian process 

model at each iteration. The process is repeated and approximate Pareto-optimal 

solutions are extracted after a given number of iterations. 

As an illustration, the approximate Pareto-optimal solution is shown in Figure 8-9 

against retrofit cost and repair cost performance objectives under a design hazard 

scenario extracted after performing 200 iterations. The initially observed ten solutions 
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from the dataset established from LHS are shown as purple boxes and the successive 

query points are shown as evaluations in cross symbol. Each successive evaluation 

improves the optimal solutions and after a given number of evaluations, the 

approximate Pareto-optimal solutions can be extracted. A blue dot represents an 

approximate Pareto-optimal solution and a black bar represents one standard deviation 

of uncertainty in approximating the Pareto-optimal solution due to the uncertainties in 

overall consequence assessments. The stationary covariance functions from the Matérn 

class is utilized as priors and perturbed by the Gaussian distributed noise of variance to 

represent uncertainties in terms of one standard deviation of the confidence interval. 

 

Figure 8-9 Approximate Pareto-optimal solution showing retrofit cost versus repair cost 

under design hazard scenario 
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implemented retrofit cost solutions on a community-level. It is noted that the repair 
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repair costs by applying retrofit of 5, 10, and 15 million USD on a community-level is 

visually shown in Figure 8-10. 
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Figure 8-10 Community building portfolio repair costs under the design hazard scenario 

against the retrofit cost of (a) 0 million USD, (b) 5 million USD, (c) 10 million USD, 

and (d) 15 million USD 

As discussed, the Pareto-optimal solutions from a single hazard scenario may not 

be sufficient for the decision-making, since the community building portfolios are 

prone to many hazard scenarios with different intensity measures and with the varying 

probability of occurrences. Hence, for better decision-making, all the possible hazard 

scenarios are considered and normalized to the mean annual frequency of occurrences 

by utilizing a hazard curve. The resulting EACs are determined for considered 

performance objectives. Illustratively, the approximate Pareto-optimal solutions for 

four hazard scenarios and resulting EAC considering all the hazard scenarios are shown 

in Figure 8-11.  
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Figure 8-11 Approximate Pareto-optimal solution showing retrofit cost versus repair 

cost (a) under four hazard scenarios, and (b) Expected annual consequences 

The EAC for the repair costs without the retrofit corresponds to 33.8 thousand USD, 

which reduces to 13.7, 7.56, and 4.22 thousand USD for a community-level retrofit of 

5, 10, and 15 million USD. The EAC for the repair cost provides a predictive expected 
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recurring annual cost of 33.8 thousand USD is required for each building for the repair 

works considering all the possible hazard scenarios. This information is also crucial for 

the insurance estimations considering the possible extreme events, among others. The 

retrofit costs on a community-level will reduce these annual recurring consequences as 

observed from Figure 8-11 (b) for the repair costs. The overall trend of retrofit costs 

against the repair costs in terms of EAC can be observed accordingly. The approximate 

Pareto-optimal solutions for all the considered six objectives in terms of EACs (except 

the retrofit costs) are shown in Figure 8-12. The retrofit costs are not converted into the 

EACs since it is an upfront cost in a pre-hazard state required to reduce the 

consequences determined as annually recurring consequences over the service life of 

buildings considering all the possible hazard scenarios.  
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In Figure 8-12, each axis represents a performance objective and each line 

corresponds to the non-dominated approximate Pareto-optimal solution established by 

utilizing the proposed surrogate-based optimization approach. The red lines show the 

solutions with minimal retrofit interventions and the blue lines represent maximum 

retrofit interventions. The complete spectrum of colors in terms of retrofit interventions 

can be observed accordingly. It can be seen that increasing the retrofit costs reduces the 

casualties, repair costs, repair time, emissions, and embodied energy with varying 

intensity of magnitudes. 

 

Figure 8-12 Approximate Pareto-optimal solutions for considered performance 

objectives in terms of EACs 

The efficiency of the proposed approach is shown in Figure 8-13 in terms of hyper 

improvements and the computational time required per iteration. The comparison is 

made with the conventional non-dominated sorting and crowding distancing genetic 

algorithm (i.e., NSGA-II). The computations are performed on Intel(R) Core(TM) i7-

8700 CPU of 3.20GHz with an installed RAM of 24 GB. It can be seen that the time it 
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59.5 seconds) than the NSGA-II (719-1155 seconds). Also, the hyper improvement per 

iteration is significantly higher for the surrogate-based optimization, especially in the 

first 50 iterations that suggest the superiority of the proposed approach against the 

conventional genetic algorithm in terms of efficient convergence to Pareto-optimal 

solutions for community building portfolios. In the case of NSGA-II, the hyper 

improvement is somewhat constant throughout the performed 200 iterations, 

highlighting the need for performing more iterations for convergence to Pareto-optimal 

solutions as compared to the surrogate-based optimization.  

Also, surrogate-based optimization has a negligible effect on the computational 

time with the increase in the number of individuals. However, the computational time 

for conventional genetic algorithm increases significantly by increasing the number of 

individuals. For instance, the computational time in each iteration for individuals 

ranging from 10-100 is between 18.9-22.3 seconds for proposed surrogate-based 

optimization, while for conventional genetic algorithm, the computational time for each 

iteration starts from 95.5 for 10 individuals and goes up to 719 seconds for 100 

individuals. 
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Figure 8-13 The efficiency of the proposed optimization approach against the 

conventional genetic algorithm in terms of hyper improvement and computational time 

per iteration 
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In this example, equal relative importance is assigned to all the considered 

performance objectives, and the utility function is utilized to evaluate the expected 

utility. Shape parameters are selected to consider different types and intensity of risk 

perceptions including 𝛾 = 0  for risk-neutral, 𝛾 = 1, 3, 5  for risk-averse, and 𝛾 =

−1,−3, −5 for risk-seeking attitudes. The resulting expected utility given the retrofit 

costs under five risk perception scenarios is shown in Figure 8-14. As shown, the risk-

seeking attitudes tend to provide higher expected utility for low retrofit cost solutions, 

and risk-averse attitudes tend to provide higher expected utility to high retrofit cost 

solutions. For instance, for a risk-seeking attitude having shape parameter 𝛾 = −5, the 

maximum expected utility of 0.36 can be achieved by selecting a community retrofit 

cost of 2.6 million USD. The community retrofit cost for a risk-neutral attitude 

providing maximum utility is 7.92 million USD, and risk-averse attitude with a shape 

parameter of 𝛾 = 5 provides maximum expected utility at a community retrofit cost of 

13.4 million USD. The overall trend of the expected utility under risk perceptions can 

be observed from Figure 8-14. 
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Figure 8-14 The expected utility against the retrofit costs considering risk attitudes 

The Pareto-optimal solutions providing maximum utility given risk attitudes at 

given shape parameters are shown in Figure 8-15. As shown, the risk perceptions of 

decision-makers can have a significant contribution in deciding the community retrofit 
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casualties, a repair cost of 6870 USD, a repair time of 3044 days, emissions of 62 Tons 

kgCO2, and an embodied energy of 118 GJ. Hence, considering the risk profile of the 

decision-makers and an available retrofit cost budget, a particular retrofit cost solution 

on a community-level can be selected and implemented accordingly. Also, in the case 

of a limited retrofit cost budget on a community-level, the associated risk can be 

determined. 

 

Figure 8-15 The highlighted approximate Pareto-optimal solutions for considered 

performance objectives in terms of EACs given risk perceptions with maximum 

expected utility 
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Gaussian process surrogates, improving the computational efficiency and 

convergence. For instance,  considering 100 individuals, the computational time 

per iteration was reduced to approximately 32 times, and the convergence to 

solutions was increased to approximately 3 times in the first 50 iterations. 

3. The utility decision theory was implemented to extract ideal solutions from the 

approximate Pareto-optimal solutions considering risk perceptions. The ideal 

solutions considering three risk attitudes with shape parameters of 𝛾 =

−1, 0, −1 resulted in the retrofit costs ranging from 5.97 million USD to 7.92 

million USD. The risk-seeking decision resulted in the lower end of the 

provided range of retrofit costs while the risk-neutral and risk-averse decisions 

were inclined towards the higher end. 

4. The expected annual consequences for optimization and decision-making were 

determined by utilizing a complete hazard curve. In the illustrative example, the 

community was prone to EACs of 33,780 USD of repair cost, 5296 days of 

repair time, 296 tons kgCO2 of equivalent carbon emissions, and 686 GJ of 

embodied energy consumption under considered seismic hazard scenarios. 

5. A risk-averse decision resulted in higher reductions in the EACs as compared 

to risk-neutral or risk-seeking solutions but at increased retrofit costs. 

Contrarily, the risk-seeking solutions resulted in low retrofit costs, but by 

compromising on post-hazard consequences. In the illustrative example, 

considering shape parameters of 𝛾 = −1, 0, −1 , a risk-seeking solution 

required 1.95 million USD less in retrofit costs but with a risk of increased 

EACs of 0.017 casualties, 2292 USD repair costs, 227 days of repair time, 30 

Tons kgCO2 of equivalent carbon emissions, and 48 GJ of embodied energy. 
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In summary, the proposed framework provided efficient surrogate-based 

optimization and decision-making tool to evaluate ideal solutions among the 

approximate Pareto-optimal solutions considering the risk perceptions. However, 

the in-depth details including which priors to consider, selection of individuals, the 

inference of hyper parameters, the variance of Gaussian distributions, and 

uncertainty information especially in the surrogate establishment, among others 

were not investigated. Future studies can optimize these parameters to improve the 

applicability and computational efficiency of the proposed framework even further. 

Also, the proposed approach can be applied in a post-hazard scenario for recovery 

and resilience optimization. Furthermore, other infrastructure systems can be 

considered on a large scale that requires computationally expensive assessments 

and is provided with limited data points. 
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CHAPTER 9 CONCLUSIONS AND FUTURE WORK 

9.1 Conclusions 

This section provides an overall summary of the developed frameworks, mathematical 

tools, and illustrative examples. Following are the high-level conclusions of this thesis 

and for the detailed findings, the last section of the individual chapters can be referred: 

1.  A probabilistic seismic sustainability and resilience assessment methodology 

was developed and applied to a reinforced concrete frame structure utilizing 

next-generation performance-based assessment methods. The methodology 

considered detailed non-linear fiber-based models for accurate prediction of the 

spread of nonlinearity by utilizing incremental dynamic analysis. A number of 

non-linear time-history analyses were conducted, and seismic risk and 

sustainability were quantified in terms of repair cost, carbon emissions, and 

downtime by considering structural and non-structural components. Finally, the 

uncertainties associated with consequence functions were incorporated, and 

probabilistic resilience was assessed. 

2.  A performance-based seismic resilience enhancement framework was 

developed and applied to a deficient reinforced concrete building. The increase 

in seismic resilience was investigated by applying three conventional structural 

mitigation approaches. The methodology considered a component-level 

approach that required assembling fragility and consequence functions in 

building a performance model. The proposed assembly-based component-level 
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approach adopted the collapse fragility, determined from pushover analysis to 

reduce the computational costs of time history analyses. Then, social, economic, 

and environmental consequences were assessed in terms of casualties, monetary 

loss, and equivalent carbon emissions. Finally, the seismic resilience for retrofit 

alternatives was assessed by developing a downtime assessment methodology 

incorporating a sequence of repairs, impeding factors, and utility availability. 

3.  A performance-based decision-making framework for ranking least to most 

favorable retrofit alternatives, considering seismic loss, sustainability, and 

resilience on a long-term perspective was proposed. To achieve this, an 

improved downtime assessment methodology incorporating utility availability 

and impeding factors was established to better estimate the post-earthquake 

functionality loss and recovery. Additionally, the social, economic, and 

environmental consequences were explored in a long-term context for the 

decision-making. The consequences were converted into expected annual 

consequences by integrating the mean annual frequency of occurrence and the 

total consequence curves considering hazard scenarios. Conventional and 

modified (e.g., considering a wider gap in performance measures) TOPSIS was 

used for multi-criteria decision-making to determine the most acceptable 

solution for retrofit alternatives. The long-term performance-based multi-

criteria decision-making considered cost, casualties, equivalent carbon 

emissions, embodied energy, and repair time as multi-criteria for the decision-

making. 

4.  A system thinking paradigm was explored by considering bi-directional 

interactions among interconnected physical infrastructure systems to assess the 

resilience of building portfolios by utilizing indicators such as community 



220 

 

functionality and access to essential facilities. The community resilience was 

focused on evaluating building functionality by considering functionality 

contributions from water and electrical power systems. The first step was to 

identify physical infrastructure systems and key components in a community. 

The next step was to perform component damage and recovery assessment. 

Then, the damage and recovery of components were utilized to evaluate the 

functionality of building portfolios by considering dependencies and 

interdependencies between buildings and various physical infrastructure 

systems. Finally, the functionality of individual buildings was utilized to 

evaluate community resilience by considering community-level indicators such 

as community functionality, inherent resilience, and access to essential 

facilities. 

5.  A performance-based bi-objective optimization framework was proposed to 

evaluate Pareto-optimal solutions for risk, downtime, and environmental 

performance indicators against the retrofit costs on a community level. The 

proposed methodology comprised of a performance-based assessment part to 

evaluate the performance objectives for all the individuals given each 

simulation, and the optimization part in which the population with a given 

number of individuals was utilized to optimize the performance objectives. The 

simulations were repeated N times to incorporate uncertainties in the damage, 

consequence assessments, and optimization steps. Finally, Pareto-optimal 

solutions were determined and utilized to develop retrofit programs to satisfy 

the required performance of community building portfolios. The framework 

was also illustrated in a community with residential and commercial buildings 
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of different structural systems, code configurations, fragility, and consequence 

functions, among others. 

6.  An efficient surrogate-based multi-objective optimization and decision-making 

framework was proposed for computationally expensive black-box 

optimization problems i.e., performance enhancements of community building 

portfolios under extreme events considering mitigation alternatives. The 

framework was divided into three main parts; the performance assessment 

which served as a multi-objective optimization black-box, the efficient multi-

objective surrogate-based optimization, and decision-making considering risk 

attitudes by utilizing utility decision theory. The proposed framework was later 

illustrated on a community building portfolio under seismic hazard scenarios to 

elaborate on the potential of the proposed framework.  

9.2 Future directions 

The possible future directions are as follows: 

1.  Although the proposed performance-based multi-criteria decision-making 

considering seismic loss, sustainability, and resilience provided a systematic 

way to rank retrofit alternatives but the methodology could be improved further. 

For instance, the number of criteria, weighting factors, risk attitudes, and 

investigated period may be based on some logic derived from similar studies, 

empirical observations, preferences of the stakeholders, engineering judgment, 

and/or data analytics. In the case of a lack of data or limited preferential 

knowledge of the stakeholders, a survey can be conducted. Future studies 

related to establishing a benchmark of these characteristics would help 
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streamline the ranking process. Additionally, future studies may focus on 

improving the downtime assessment methodology since the impeding factors, 

utility availability, and additional delays are based on the lognormal cumulative 

distribution functions developed from the past data and maybe need adjustment 

for its wider use. 

2.  The systems thinking related framework for resilience assessment of 

community building portfolios provided a holistic approach to community 

resilience by considering component damage and functionality assessment. The 

current framework adopted data from HAZUS, REDiTM Rating System, among 

others (O'Rourke and Ayala, 1993; HAZUS, 2003; Almufti and Willford, 2013; 

Laugé et al., 2015; Stewart et al., 2015), and future studies may be conducted 

based on the site-specific data to better calibrate the model parameters for 

estimating community resilience. Also, there is a need to collect data from 

future hazard scenarios in a format that would enable researchers and 

practitioners to further understand the dependencies and interdependencies 

between systems and their components. 

3.  The proposed optimization framework considered pre-hazard retrofit 

alternatives to enhance the performance of community building portfolios under 

an earthquake scenario and can be extended to other extreme events. The 

methodology can be extended to optimize the post-hazard scenarios and during 

the recovery phase after an earthquake event. The study can also be extended to 

other physical infrastructure systems and new performance indicators can be 

added including total casualties, and embodied energy consumption, among 

others. 
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4.  The proposed surrogate-based optimization and decision-making framework 

considered pre-hazard mitigation alternatives. Future studies can also utilize this 

approach in a post-hazard scenario for recovery and resilience optimization. 

Furthermore, other infrastructure systems can be considered on a large-scales 

which requires computationally expensive assessments and are provided with 

limited data points. 
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