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Abstract: Optimization and decision-making tools are often utilized to enhance the performance of
community buildings under extreme events, but this may compromise the ability of future gener-
ations to enhance performance. Hence, a sustainability-oriented approach is required to enhance
the performance of community buildings under extreme events. In this context, this paper pro-
poses an optimization and decision-making framework considering multiple performance indicators,
including socioeconomic and environmental consequences as well as retrofit costs. These perfor-
mance indicators are assessed by utilizing performance-based assessment methodologies in terms of
sustainability dimensions. The performance indicators are then exploited as multiple performance
objectives in a genetic optimization to determine the Pareto optimal solutions. Finally, the Pareto
optimal solutions are utilized for decision making to extract ideal solutions for the given retrofit costs.
The ideal solutions provide trade-offs between the consequences of extreme events and the retrofit
costs required to reduce the consequences of extreme events.

Keywords: decision making; optimization; performance-based; buildings; multi-objective; retrofit

1. Introduction

Sustainability is often identified as an approach in which existing community needs
are fulfilled such that the needs of future generations are not compromised. This often
correlates with the efficient utilization of non-renewable resources, a reduction in harmful
anthropogenic impacts, the preservation of biodiversity, and a reduction in energy con-
sumption, among others. The first step to reducing the burden on future generations is
to assess sustainability in terms of the current resource utilization of the built environ-
ment and the impact it is having on the planet. Hence, numerous methodologies, tools,
and techniques have been developed in response to measuring the sustainability of built
environments, including buildings and other physical infrastructure systems [1–5].

Sustainability has three dimensions, including social, economic, and environmental,
and is often measured in terms of performance indicators [6]. The social dimension may
include characteristics such as health, housing, and safety, among others; the economic
dimension may include financial performance, cost savings, and efficient implementation
of monetary and fiscal policies, among others; and the environmental dimension may
include reducing pollution, protecting biodiversity, reducing waste, and the efficient uti-
lization of resources, among others. Numerous methodologies have been implemented to
measure these dimensions and subsequent performance indicators for different structural
systems and under various settings [7–11]. However, sustainability cannot be attained
sufficiently without considering potential threats from extreme events, including natural
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hazards [12,13]. These natural hazards can compromise sustainable practices and should
also be considered for the reduced risk, sustained resilience, and sustainability of built
environments [14,15]. Hence, it is paramount to also consider the sustainability impacts of
these natural hazards.

Among these natural hazards, earthquakes are the deadliest in terms of overall deaths
and injuries, responsible for more than half of the casualties of all natural hazards. Further-
more, seismic hazards are termed the second highest in terms of economic losses, and the
third most frequent natural hazard. Conventionally, these losses from seismic hazards are
assessed in terms of risk, measuring the socioeconomic consequences occurring from direct
damage to buildings and physical infrastructure systems [16,17].

Risk assessments on a regional scale have been widely investigated [18–22]. However,
indirect losses from seismic hazards could be determined via a resilience performance
indicator that measures the reduced functionality of buildings and physical infrastructure
systems and tracks their recovery [23,24]. The resilience assessment is a relatively recent
development with a conceptual framework originally proposed by Bruneau et al. [25]
and illustrated on community buildings by Cimellaro et al. [26,27]. Various other re-
searchers have attempted to propose methodologies to assess the resilience of buildings
on the community level [28–30]. For instance, Feng et al. [31] proposed a functional in-
terdependence model to measure functionality recovery as a measure of the resilience
of community buildings; Lin and Wang [32] proposed the stochastic functionality recov-
ery of community buildings as a discrete-state, continuous-time Markov chain; Masoomi
et al. [33] proposed the functionality recovery of buildings considering utility networks;
and Alisjahbana and Kiremidjian [34] proposed a housing recovery model using a stochas-
tic queuing model, among others [35,36]. All these resilience assessment methodologies
are limited to functionality recovery curves and there have been few attempts to connect
socioeconomic consequences to performance indicators which can be more meaningful to
stakeholders and consider sustainability aspects [37,38]. Additionally, there is also a need
to include environmental consequences in the community assessment and enhancement
frameworks. Furthermore, there is an increasing need to integrate these social, economic,
and environmental consequences from risk-, resilience-, and sustainability-related perfor-
mance indicators to possibly reduce the consequences in a sustainable manner, i.e., reduce
the socioeconomic and environmental consequences so as to reduce the impact on the
future generations.

Finally, the end goal of these assessment methodologies is to perform decision mak-
ing [39]. Currently, there are few community resilience frameworks focused on building
systems that provide such decision support [40,41]. For instance, Massomi and van de
Lindt [42] proposed a community resilience-based design methodology for built environ-
ments by considering population outmigration performance objectives, and Kameshwar
et al. [43] 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 consider limited performance indicators, mostly just func-
tionality recovery. Hence, as per the knowledge of the authors, multiple socioeconomic
and environmental performance indicators for community buildings’ optimization, pri-
oritization, and decision making considering pre-hazard mitigation alternatives from the
perspective of enhancing sustainability have not yet been investigated.

In this context, we provide a performance-based multi-objective optimization, pri-
oritization, and decision-making framework by considering sustainability-oriented so-
cioeconomic and environmental performance indicators considering risk and resilience
dimensions. The proposed methodology includes identifying performance objectives,
hazard scenarios, and pre-hazard mitigation alternatives. Then, a performance-based
assessment methodology is utilized to evaluate the sustainability-oriented socioeconomic
and environmental consequences of community buildings under hazards in terms of per-
formance indicators. The community buildings′ performance is then optimized by utilizing
the genetic optimization of the given mitigation alternatives. For that purpose, we utilized
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fast and elitist non-dominating sorting- and crowding-distance multi-objective evolution-
ary optimization. The performance indicators are utilized as multi-objectives, and optimal
Pareto solutions are developed against mitigation costs. Finally, for prioritization and
decision making, the Pareto optimal solutions are ranked by utilizing the analytic hierarchy
process (AHP) and technique for order of preference by similarity to ideal solution (TOPSIS)
to extract the ideal solutions among the Pareto optimal solutions.

This paper is organized into five sections: (1) Section 1 provides the introduction of the
paper, (2) Section 2 illustrates the proposed multi-objective decision-making framework,
(3) Section 3 presents the performance-based assessment part of the framework to evaluate
performance objectives, (4) Section 4 outlines the multi-objective evolutionary optimization
algorithm to develop Pareto optimal solutions, (5) Section 5 presents the decision-making
part that utilizes the Pareto optimal solutions and prioritizes them based on the performance
scores, (6) Section 6 illustrates the proposed framework on community buildings, and
(7) Section 7 presents the conclusion of the paper.

2. Proposed Multi-Objective Decision-Making Framework

The proposed multi-objective decision-making framework consists of three main parts:
(1) a performance-based assessment, (2) multi-objective optimization [44], and (3) decision
making. The framework (shown in Figure 1) starts with defining the community-level
performance objectives in terms of performance indicators [45]. The next step is to define
the probable hazard scenarios and to identify the search space. The search space consists of
decision variables that include mitigation alternatives, such as pre-hazard retrofit options
and land use planning, among others. After the performance objectives are defined, hazard
scenarios are selected, a search space is identified, and the component fitness values of
each building are determined by utilizing the performance-based assessment methodology.
The component fitness values are socioeconomic and environmental consequences for each
building in a community under a given hazard. The consequences for each building are
accumulated over the entire community to assess the performance objectives.
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Figure 1. The proposed framework for multi-objective optimization and decision making to enhance
the performance of community buildings.

The second part is performing multi-objective optimization by utilizing the perfor-
mance indicators as performance objectives along with the mitigation costs. This part starts
by generating an initial population, including the number of individuals depending on the
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population size. Each individual has two properties: (1) a chromosome which consists of
the total number of buildings in a community, and (2) a community fitness value which
represents the quality of the solution for a community. The quality of a solution is deter-
mined based on the considered performance indicators. The chromosome, which represents
an entire community, consists of genes, which are the buildings in the community. Each
gene further consists of two parts: (1) an allele which represents the building type and
applied retrofit alternative or reference building type in case no-retrofit is applied, and
(2) a locus which is represented as the spatial location of the building of interest in the
community building portfolio. Next, the initial population is optimized to obtain Pareto
optimal solutions for each individual in the considered population against the considered
performance objectives. The Pareto optimal solutions provide the optimal performance
objectives against the mitigation costs.

In the decision-making part, the weighting factors are determined from the AHP
technique and are utilized in TOPSIS to evaluate the performance scores for each individual
in the optimized population. The fitness scores provide the best solutions among the
optimal solutions and are utilized for decision making. A detailed discussion on each part
is presented in the subsequent sections.

3. Performance-Based Assessment of Buildings

Conventionally, buildings are designed utilizing building codes and standards that pro-
vide life safety performance objectives under design hazard scenarios. However, decision
makers may need to assess performance under different hazard scenarios, considering dif-
ferent performance objectives, and may require enhanced community performance in light
of the given hazard scenarios [46]. This can be accomplished by utilizing a performance-
based assessment methodology [47]. The methodology formulated herein consists of four
steps, including hazard assessment, damage assessment, consequence assessment, and
performance objective assessment [48–50]. In the first step, intensity measures (IM) are
determined for each building in a community under a given hazard scenario. This can
be achieved by utilizing ground motion prediction equations and extracting information
from the existing literature, codes, or standards, among others [51–53]. In the next step, a
damage assessment is performed for all the considered buildings in a community. Then,
the building damage is utilized to assess consequences, also referred to herein as the com-
ponent fitness values of the building. The component fitness values are utilized to develop
the community fitness values (i.e., performance objectives). The damage assessment, con-
sequence assessment, and performance objective assessment are further elaborated in the
subsequent subsections.

3.1. Damage Assessment

The damage assessment for each building in a community is determined by utilizing
fragility functions. Fragility functions provide the probability of exceedance of the con-
sidered discrete damage states, such as slight, moderate, extensive, and complete damage
states. Then, by utilizing the probability of the exceedance of damage states, the discrete
damage states for all the buildings are determined probabilistically. This proposed approach
is referred to herein as a probabilistic method of damage assessment, and mathematically
can be represented as:

DSb
s|IM =


i f ∅ > pb

DS1|IM ; DSb
0|IM

elsei f ∅ ≤ pb
DSn |IM; DSb

n|IM
elsei f pb

DSs+1|IM < ∅ ≤ pb
DSs |IM; DSb

s|IM

(1)

where DSb
s|IM is the S damage state of building b; DSb

0|IM is the no-damage state; DSb
n|IM

is the nth damage state; ∅ is a function that will generate a number randomly ranging from
0 to 1; pb

DS1|IM is the exceeding probability of damage state one (i.e., slight damage state);
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pb
DSs |IM is the exceeding probability of S damage state (i.e., moderate or extensive damage

state); and pb
DSn |IM is the exceeding probability of the last damage state (i.e., complete

damage state).

3.2. Consequence Assessment

The damage assessment will provide information related to the extent of damage
to the buildings in a community under a given hazard scenario. These damage states
can be correlated with socioeconomic and environmental consequences by considering
consequence functions. The consequence functions are normal or lognormal communitive
distribution functions defined for each damage state. The function defined herein takes a
random number as an input and outputs a consequence value for a given damage state
of a building per unit of material. The consequence values along with the total damaged
material under a given damage state are then utilized to evaluate the decision variable [54].
The decision variable is the total consequence of a building, represented as the following:

DVb
c =

n

∑
i=1

f b
i × Tb

i × Ci (2)

where DVb
c is the decision variable of building b having consequence C, f b

i is percentage
damage for building material i, Tb

i is the total quantity of a building material i, and Ci is the
consequence function providing consequence values.

3.3. Performance Objectives Assessment

The consequence assessment provides socioeconomic and environmental consequences
for individual buildings. These consequences are accumulated for all the buildings in a
community to develop performance objectives. The performance objectives quantify the
overall performance of a community in terms of decision variables that are more mean-
ingful to decision makers. In the subsequent section, these performance objectives are
optimized by considering a multi-objective optimization technique.

4. Multi-Objective Evolutionary Optimization

There are two major approaches to solving a multi-objective optimization prob-
lem: (1) the preference-based approach [55–57], and (2) the ideal approach [58,59]. The
preference-based approach solves multi-objective optimization problems by converting
them into a single objective by utilizing higher-level information and solving by any suit-
able classical optimization technique. The ideal approach, however, can consider all the
objectives in a single simulation run to develop multiple optimal solutions referred to as
Pareto optimal solutions. The evolutionary computation techniques are population-based
and can solve the multi-objective problem in a single simulation, without the need to
convert to a single objective. These techniques are also suitable for multi-modal, discon-
tinuous, and non-linear problems, including implicitly defined problems and discrete
variable space [60]. This is particularly suitable for the multi-objective optimization of
community buildings since it involves implicitly defined performance objectives. Hence,
an evolutionary genetic algorithm is integrated to evaluate and optimize multi-objectives
against pre-hazard mitigation alternatives. The subsequent subsection briefly explains the
process utilized for the evaluation and optimization of performance objectives.

4.1. Evaluating Performance Objectives

The process starts by randomly generating an initial population that consists of several
individuals. The total number of individuals in a population is referred to as the popu-
lation size and the total number of generations in a simulation run is controlled by the
optimization criteria T, or the maximum allowed number of generations. After generating
the initial population, the next step is to evaluate community fitness values in terms of the
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considered performance indicators. This step requires input from the performance-based
assessment part.

The next step is to check if the performance objectives are satisfying the optimization
criteria, which generally depends on the generation count (i.e., the number of genera-
tions or iterations required). The optimization criterion is generally chosen based on the
compromise between the computational expense and the accuracy of the Pareto optimal
solution set. In the case in which the optimization criteria are not b met, the individuals
are ranked based on the dominance depth method and diversity is measured based on the
crowding distances.

The parents (i.e., originally individuals) are then selected from the population based
on the crowded binary tournament selection followed by crossover and mutations. The
crossover and mutations are performed to produce offspring from the parent population.
The parent population together with the offspring population is then exploited to generate
a new population, also referred to as the survivor population. Finally, the individuals are
extracted from this survivor population and the performance objectives are determined
again. At each iteration, the optimization criteria are checked and if the performance
objectives meet the performance criteria, then the Pareto optimal solutions are extracted;
otherwise, the process is repeated to generate a new survivor population. The subse-
quent sections discuss the algorithms and operators utilized to perform multi-objective
evolutionary computations.

4.2. Ranking Individuals

In this paper, crowding distances and non-dominated sorting algorithms are utilized
to rank the individuals in a population. The dominated solutions are the community fitness
values for individuals but are not the optimal solutions, since they are dominated by better
solutions in the objective space. The non-dominated solutions are the optimum solutions
for the current population generation. To determine the non-dominated and dominated
solution, the solutions are ranked based on the dominance depth method, as shown in
Algorithm 1. Stage 1 is used to develop the non-dominating solutions referred to as front 1,
and the rest of the fronts (i.e., dominated solutions) are determined by using stage 2 of the
dominance depth algorithm.

Algorithm 1: Fast Non-Dominated Sorting (P)

Stage 1: (Non-dominated solutions) Stage 2: (dominated solutions)
01. For each p ε P i = 1
02. Sp = [ ], np = 0 While Fi 6= [ ]
03. For each q ε P Q = [ ]
04. If (p < q) For p ε Fi
05. Sp = Sp U q For q ε Sp
06. Else If (q < p) nq = nq − 1
07. np = np + 1 If nq = 0
08. End If qrank = i + 1
09. End For Q = Q U [q]
10. If np = 0 End If
11. prank = 1 End For
12. F1 = F1 U [p] End For
13. End If i = i + 1
14. End For Fi = Q
15. End While

The diversity in the objective space is considered through the crowding distance
algorithm, which ensures the objective space is not congested at certain locations and
no solutions are available at other locations. The crowding distance algorithm, shown
in Algorithm 2, measures the crowdedness of the neighboring solutions lying on the
same front.
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Algorithm 2: Crowding distance (F)

01. r = |F|
02. for each i ε F, set di = 0
03. For each objective m
04. F = sort (F, m)
05. d1 = dr = ∞
06. For I = 2 to (r − 1)
07. di = di + [(|fm(i + 1)− fm(i − 1)|)/(fmmax − fmmin)]
08. End For
09. End For

4.3. Generating New Population

The non-dominated sorting and crowding distance evaluations for individuals are
utilized to generate new populations by adopting selection, crossover, and mutation strate-
gies. The selection is a process of selecting better individuals and can be based on rankings
or crowding distances. The selected individuals are then exploited to generate new individ-
uals by utilizing the crossover and mutation operators. The simulated binary crossover
operator is generally utilized for the crossover, and the polynomial mutation operator is
utilized for the mutation of individuals. The crossover and mutations of above-average
individuals help generate new, better individuals in a population. Finally, the best individ-
uals equal to the population size are selected for the new population and the procedure
is repeated till the set criteria for the optimization are achieved. After the optimization
criteria are satisfied, the Pareto optimal solutions can be extracted for decision making.

5. Multi-Objective Decision Making

The Pareto optimal solutions provide a set of optimal solutions given mitigation
alternatives. The decision makers still need to select the best solution among the Pareto
optimal solutions for practical implementation. The solution to this problem might be
to assign weighting factors to all the performance objectives and combine them into a
single performance score for each individual in a population. This approach requires
the following: (1) evaluating weighting factors for all the performance objectives, and
(2) identifying multi-objective decision-making techniques to combine the performance
objectives into a single performance score. The weighting factors can play a significant
role in the overall performance score and are evaluated in this framework by utilizing the
AHP technique. Finally, the performance scores for all the individuals are determined by
utilizing TOPSIS. These two techniques are discussed in the subsequent subsections.

5.1. Analytic Hierarchy Process (AHP)

The AHP technique of multi-criteria decision making was originally proposed by
Saaty [61]. It has been widely used in various social sciences, economics, and engineering
applications, and is adopted herein to determine the weighting factors for the performance
objectives. The AHP approach requires formulating pairwise comparisons based on the
relative intensity of importance for each performance objective. The relative importance
is selected based on the significance of one performance objective over another, and the
intensity of importance is selected based on how important one performance objective is
relative to another. This intensity of relative importance is evaluated by comparing the
performance objectives in pairs.

In this technique, a value is assigned to each performance objective relative to all
the other performance objectives. This helps to create a hierarchical structure for each
performance objective relative to others, forming an inverted tree. For instance, the most
important performance objective is placed on the top of the hierarchical structure, and the
next best performance objective is placed at the second level. This decomposition of the
performance objectives and relative pairwise comparison with respect to their contribution
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to community buildings′ performance can be utilized to extract the weighting factors for
each performance objective.

Mathematically, it can be achieved by formulating a square matrix referred to herein
as a judgment matrix. Each element of a matrix represents a pairwise comparison of
performance objectives with respect to their importance, represented as follows:

A =

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

 =


w1
w1
· · · w1

wn
...

. . .
...

wn
w1
· · · wn

wn

 (3)

where A is a judgment matrix, xij is an element comparing the relative importance of
performance objective i against the performance objective j (i.e., xij = wi/wj), n is the total
number of performance objectives aligned along the columns, and m is the total number
of performance objectives aligned along rows. The pairwise comparison is based on the
fundamental scale which gives a numeric value to an element depending upon the intensity
of importance of the pairwise-compared performance objectives. For instance, if two
performance objectives have equal importance (i.e., wi = 1 and wj = 1), the numeric value
of one is given to an element xij; if performance objective i has extreme importance with
respect to performance objective j, then element xij is given a numeric value of nine; and
depending upon the level of importance, the values between one and nine are assigned to
all the elements. The inverse values are assigned for opposite levels of importance.

The judgment matrix is constructed based on the fundamental scale ranging from one
to nine and then normalized as:

A =

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

, xij =
xij

∑m
l=1 xij

(4)

where xij is the normalized elements of a judgment matrix, and m is the number of rows in
a judgment matrix. Finally, the weighting factors for each performance objective can be
extracted by averaging all the rows of a normalized judgment matrix as follows:

wn =
∑n

l=1 xij

n
(5)

where wj is the weighting factor for the m performance objective, xij are the elements of the
normalized judgment matrix, and n is the total number of performance objectives placed
along the columns.

5.2. Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

TOPSIS is a multi-criteria decision-making technique that utilizes Euclidean distances
to determine the performance score for each individual in a population by measuring
the shortest and longest distances to the ideal solutions and non-ideal solutions. The
methodology starts by formulating a matrix referred to herein as the decision matrix which
is expressed as follows:

D =

 a11 · · · a1n
...

. . .
...

am1 · · · amn

 (6)

where D is a decision matrix, aij are the elements in a matrix, n is the total number of
performance objectives, and m is the total number of individuals in a population. The
decision matrix is then normalized to compare different performance objectives:
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D =

 a11 · · · a1n
...

. . .
...

am1 · · · amn

, aij =
aij√

∑m
k=1 a2

ij

(7)

where D is the normalized decision matrix, m is the total number of individuals in a
population, and n is the total number of performance objectives.

Then, the normalized weighted decision matrix is formulated by utilizing the weight-
ing factors from the AHP as follows:

V =

v11 · · · v1n
...

. . .
...

vm1 · · · vmn

, vij = wn × aij (8)

where V is the normalized and weighted decision matrix, wn is the weight of performance
objective n, and vij is the element of a matrix V.

The performance objectives that are expected to be minimized are referred to as cost
objectives and those that are expected to be maximized are referred to as benefit objectives.
The least ideal and most ideal solutions are evaluated by extracting the best and worst
values for all the considered performance objectives, determined as follows:

v∗ =
{

v∗1 , . . . , v∗n
}
=
{(

max vij

∣∣∣j ∈ Jb
)

,
(
min vij

∣∣j ∈ jc)}
v− =

{
v−1 , . . . , v−n

}
=
{(

min vij

∣∣∣j ∈ jb
)

,
(
max vij

∣∣j ∈ jc)} (9)

where v∗ is the most acceptable solution, v− is the least acceptable solution, jb and jc are
the benefit and cost performance objectives, respectively, v∗j is the j performance objective
for most ideal solution, and v−j is the j performance objective for the least ideal solution.

The most and the least ideal solutions for each performance objective are then utilized
to evaluate the Euclidean distances, referred to as the separation measures from an ideal
solution D∗b and the least ideal solution D−b calculated as follows:

D∗i =

√
n

∑
z=1

(
vij − v∗j

)2
, D−i =

√
n

∑
z=1

(
vij − v−j

)2
(10)

where D∗i and D−i are the Euclidean distances of performance objective i to the most ideal
and least ideal solutions. Finally, the performance score p for all the individuals in a
population can be determined as follows:

p =
D−i

D∗i + D−i
(11)

Finally, these performance scores can be utilized for the prioritization of individuals
and extracting the best solutions among the optimal solutions.

6. Illustrative Example

The proposed framework is illustrated on a community building portfolio that in-
cludes residential, commercial, emergency, educational, and healthcare facilities. The
building portfolio comprises pre-code buildings as well as low-, moderate-, and high-code
buildings with most of the buildings being dominated by residential construction with
pre-code and low-code masonry structural configurations. The remaining buildings are
mostly concrete moment frames with and without masonry infill walls. The pre-hazard
mitigation measures considered in this example include the seismic retrofitting of indi-
vidual buildings. It is important to note that different retrofit alternatives have varying
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costs of implementation and degrees of effectiveness on performance indicators. The costs
of implementation and performance indicators are conflicting in general and hence there
exist multiple feasible solutions to the problem, called Pareto optimal solutions. The Pareto
optimal solutions for community buildings are evaluated by utilizing a performance-based
assessment and optimization. Then, the Pareto optimal solutions are assigned a perfor-
mance score by utilizing the AHP and TOPSIS techniques. The framework is illustrated in
the subsequent subsections.

6.1. Performance-Based Assessment

The performance-based assessment methodology is considered herein to determine
the socioeconomic and environmental consequences for all the buildings in the commu-
nity building portfolio. Intensity measures are determined by utilizing ground motion
prediction equations [52,62], codes [63], or relevant hazard assessment studies for different
regions [64]. The considered community is prone to earthquake hazards with an estimated
design hazard scenario of 0.33 peak ground acceleration (PGA). The considered PGA values
for 95-y, 975-y, and 2475-y are 0.18 g, 0.42 g, and 0.56 g, respectively.

The probabilistic approach is adopted to evaluate the damage states of all the buildings
in a community [65]. The resulting damage states of buildings under three hazard scenarios
are illustratively shown in Figure 2. As shown, under half the design hazard scenario, most
of the buildings are in slight to moderate damage states, while for the maximum considered
hazard scenario, most of the buildings are in a moderate to complete damage state. For
instance, the buildings with no damage decrease from 29.2% to 6.9%, 3.3%, and 1%, and
the buildings suffering complete damage increase from 10.1% to 35.8%, 50.6%, and 67.9%
for four hazard scenarios with increasing intensity measures.
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In the next step, the damage states are correlated with the sustainability-oriented
consequences. In this example, injuries, repair costs, downtime, embodied energy, and
carbon emissions are considered socioeconomic and environmental consequences. The
consequence functions are extracted from the literature and based on the percentage
damage to the buildings and the resulting waste material generated, the consequences are
determined for the considered buildings in the community building portfolio [65–67]. The
relevant data for the fragility and consequence functions is shown in the Appendix A of this
manuscript. The consequences for half the design and maximum considered earthquake
hazard are illustratively shown in Figure 3. As shown, with the increase in intensity
measures, the community suffers higher consequences.

Finally, the consequences for individual buildings can be summed up in the com-
munity performance objectives. For instance, the repair costs for all the buildings in a
community are added together to determine the overall repair cost on a community level.
Similarly, other socioeconomic and environmental consequences are summed up to deter-
mine the community-level performance objectives. These performance objectives provide
cumulative consequences on the community level by adding building-level consequences.
This offers community stakeholders a quantifiable impact of extreme events in terms of
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meaningful decision variables. In this example, socioeconomic consequences are summed
as total casualties and total repair cost; total repair and delay times are summed as down-
time; and the environmental consequences are summed in terms of total carbon emissions
and total embodied energy. These socioeconomic and environmental consequences on a
community level are shown in Figure 3.
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Figure 3. Consequences: (a) social (injuries); (b) economic (repair costs); (c) environmental (embodied
energy); and (d) environmental (tons kgCO2).

HAZUS provides the casualty estimates in terms of four levels divided based on the
severity of injuries after an earthquake event. Casualty-1 refers to people suffering injuries
that require basic medical aid, such as bandages and cuts requiring stitches; casualty-2
would require a greater degree of medical attention, including x-rays and surgery; casualty-
3 refers to life-threatening conditions; and casualty-4 refers to a fatal scenario. It is noted
that the contribution of casualty-1 is higher under all four hazard scenarios.

In this illustrative example, the number of people (in thousands) suffering from
casualty-1 for the four hazard scenarios is 2.12, 7.97, 11.1, and 15.17, respectively, and from
casualty-4 under the four hazard scenarios is 0.20, 0.81, 1.14, and 1.61, respectively. The
total repair costs to recover from the considered four hazard scenarios are USD 121, 316,
420, and 526 million, respectively. It is noted that steel has the highest contribution to the
total repair costs, ranging from 36.36% to 43.43%, and is followed by wood, bricks, and
concrete. The contribution of concrete building materials ranges from 12.16% to 14.61% of
the total repair costs.

The total equivalent carbon emissions for the four hazard scenarios are 2.93, 8.04, 11.2,
and 14.0 million metric tons, respectively, and the total embodied energy for the four hazard
scenarios is 9.32, 23.0, 30.0, and 37.1 million giga joules, respectively, as shown in Figure 4.
It is noted that concrete building material has the highest contribution to the equivalent
carbon emissions, while bricks and wood building materials have the highest embodied
energy. The concrete building material’s contribution to the equivalent carbon emissions
under the four hazard scenarios ranges from 71.89% to 77.20% of the total equivalent carbon
emissions under the hazards. The contribution of bricks to the embodied energy is from
35.02% to 39.11%, while the contribution of the wood building material is from 31.28% to
35.12% of the total embodied energy under the hazards. Steel has the lowest contribution
to the equivalent carbon emissions, ranging from 5.43% to 5.81%, and concrete has the
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lowest contribution to the embodied energy, ranging from 8.9% to 11.82%. Note that these
results are based on the community building portfolio in which 98.5% of the buildings are
unreinforced masonry and the remaining are concrete buildings.
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Figure 4. Consequences under four hazard scenarios: (a) social (injuries); (b) economic (repair costs);
(c) environmental (embodied energy); and (d) environmental (tons kgCO2).

The additional consequences resulting from the non-functioning of a community are
determined by adding downtime for all the buildings in a community. The accumulative
downtime on a community level under the four hazard scenarios is 3.86, 6.54, 7.78, and
8.89 million days, respectively. Note that the buildings may be repaired simultaneously, and
the community may recover from an earthquake hazard after some number of days. The
community recovery can be assessed by evaluating the percentage of buildings recovered
during the investigated time, in which the investigated time is measured in the number
of days after an earthquake event. The community is said to be recovered from a hazard
event when 90% of the buildings are fully recovered from the hazard event. For instance,
the illustrative community recovered from the considered four hazard events 497, 708,
755, and 790 days after a hazard event, respectively. The community recovery during the
investigated time can be seen in Figure 5.
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These indicators provide meaningful information related to the impact of hazards
on a community. Considering this information, community stakeholders may want to
improve the performance of a community which may require some pre-hazard mitigation
alternatives, such as retrofitting community buildings. The discussion on improving
community performance is presented in the subsequent subsection.

6.2. Multi-Objective Evolutionary Optimization

There exist thousands of buildings in a given community with different structural
configurations, building types, code levels, and stories, among other characteristics. All
these buildings may be retrofitted with different types of retrofit alternatives to improve
performance. Additionally, various retrofit techniques have varying implementation costs
and degrees of effectiveness in improving community performance, including reinforced
concrete jacketing, steel jacketing, fiber-reinforced polymer overlays, base isolation, and
buckling restraint bracings, among others [49,68,69]. This is due to the differences in the
ability to improve fragility functions by applying different retrofit types. These fragility
functions are determined by exploring the literature [70–72] and are utilized in this example
to evaluate building damage states given mitigation alternatives [73,74]. The repair costs
related to the mitigation alternative are determined from FEMA, NIST [75,76] and similar
literature, such as the work by Fung et al. [77,78].

Hazard mitigation alternatives incur a cost and different mitigation measures have
different costs of implementation. Therefore, it is important to investigate the type of
mitigation measures or retrofit alternatives to adopt, and the ideal performance against
the cost incurred to apply the retrofit. Generally, the higher the retrofit cost, the higher the
performance enhancement of a community, but this relationship may not be linear and
depends on the improvement in fragility functions. Hence, there exist multiple optimal
solutions depending upon the retrofit cost and the relevant performance enhancement of
a community.

To evaluate these Pareto optimal solutions, a population size of 20 individuals is
considered with a maximum of 100 generations as an optimization criterion. The conse-
quences and downtime for all the buildings in a community for each individual are assessed
utilizing a performance-based assessment. Then, selection, crossover, and mutations are
performed to generate new solutions, and the best ones are selected for the next generation,
maintaining the population size. Each generation improves the quality of the solutions and
as a result, the solutions converge to Pareto optimal solutions.

The multi-objective Pareto optimal solutions for total repair costs and total retrofit costs
under the four hazard scenarios are shown in Figure 6. It is noted that by implementing
a retrofit cost of USD 50 million, the total repair costs will be reduced to USD 81.7, 248,
326, and 416 million for the four hazard scenarios, respectively. In this way, reductions
of 41.77%, 27.36%, 25.81%, and 24.58% can be observed in the total repair costs under the
four hazard events, respectively. If a retrofit cost of USD 100 million is implemented, the
reduction in total repair costs would be reduced to 65.92%, 50.64%, 50.48%, and 44.89% of
the total repair costs, respectively. The rate of reduction in the total repair costs decreases
with the increasing retrofit costs. Additionally, the reduction in total repair costs is higher
for high-intensity hazards and the percentage reduction in total repair costs is higher for
low-intensity hazards. The Pareto optimal solutions for other performance indicators
against the retrofit costs are shown in Figure 7.
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Figure 6. Pareto optimal solutions for risk performance indicator showing total repair costs against
total retrofit costs.
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Figure 7. Pareto optimal solutions for performance indicators related to the following: (a) risk
(casualty-1); (b) resilience (days); (c) sustainability (tons kg CO2); and (d) sustainability (embodied
energy GJ).

6.3. Multi-Objective Decision Making

All the Pareto optimal solutions are the best solutions; to further ease decision making,
a performance score for each optimal solution can be determined to extract the ideal
solutions among the Pareto optimal solutions by employing a multi-objective decision-
making approach. These performance scores can then be utilized to prioritize the optimal
solutions and the best solution can be determined among these optimal solutions.

It is important to note that weighting factors can play a significant role in the overall
performance scores for optimal solutions. For instance, Figure 8 shows the performance
scores measured against the retrofit costs in a population for a 95-year hazard scenario
under three cases. In the first case, the performance objective related to the total number of
injuries is given the highest weightage, which resulted in an increase in the performance
score of up to USD 133 million in retrofit costs, staying almost the same till USD 200 million
in retrofit costs. A similar trend is also observed for the second case scenario in which equal
weights are assigned to all the performance objectives in a decision matrix. In the third
case, a higher importance is given to the retrofit costs, and it shows that the performance
score increases till the retrofit costs reach USD 30 million and then start to decrease from
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retrofit costs of USD 38.3 million. Hence, if decision makers give a higher importance to
the retrofit costs as compared to the performance indicators, the ideal solution represents a
retrofit cost of USD 30 million. In the case of equal importance or preventing injuries given
higher importance, an ideal solution gives a retrofit cost of USD 133 million.
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Figure 8. Performance scores under 95-year hazard scenario for case 1: Injuries given high weightage;
case 2: Equal weighting factors; and case 3: Retrofit costs given high weightage.

The weighting factors are determined by utilizing the AHP technique which requires
developing a pair-wise comparison matrix for all the performance objectives. For instance,
comparing total retrofit costs with the total number of injuries, decision makers need to
evaluate which of the performance objective should be given a higher importance and what
should be the strength of this importance. In this illustrative example, the total number of
injuries is given twice as much importance as that of the retrofit costs. Similarly, comparing
the total retrofit costs with the total repair costs, the retrofit costs are given twice as much
importance as the total repair costs. Similar pairwise comparisons are made for all the
performance objectives and the pairwise comparison matrix is developed, as shown in
Table 1.

Table 1. Pairwise comparison matrix utilized in this illustrative example.

Performance
Objectives

Retrofit Costs
(USD)

Total Number
of Injuries

Total Repair
Costs (USD)

Total
Downtime

(Days)

Total Carbon
Emissions

(Tons kg CO2)

Total Embodied
Energy

(GJ)

Retrofit costs (USD) 1.00 0.50 2.00 3.00 4.00 5.00
Total number of Injuries 2.00 1.00 2.00 3.00 4.00 5.00
Total repair costs (USD) 0.50 0.50 1.00 2.00 3.00 4.00
Total downtime (days) 0.33 0.33 0.50 1.00 2.00 3.00
Total carbon emissions

(Tons kg CO2) 0.25 0.25 0.33 0.50 1.00 2.00

Total embodied energy
(GJ) 0.20 0.20 0.25 0.33 0.50 1.00

The resulting performance scores for all the individuals in a population under the four
hazard scenarios are shown in Figure 9. In the case of a 95-year hazard scenario, the perfor-
mance score for a community building portfolio with no mitigation alternative applied is
0.41. The performance scores continue to increase with increasing retrofit costs till a score
of 0.63 is reached against a retrofit cost of USD 141 million. Then, the performance score
gradually decreases to 0.59 till reaching the retrofit cost of USD 200 million. Hence, under a
95-year hazard scenario, applying the retrofit costs of USD 141 million would represent the
best solution. Similarly, for the 475-, 975-, and 2475-year hazard scenarios, the maximum
performance score is achieved against the retrofit costs of USD 156, 156, and 164 million,
respectively. The trends for all the other hazard scenarios can be investigated accordingly.
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7. Conclusions

This paper proposed a performance-based multi-objective hybrid decision-making
framework considering multiple performance indicators. A probabilistic approach for
the damage and consequence assessment on a community level was considered, and
Pareto optimal solutions were extracted by utilizing population-based multi-objective
optimization. Finally, decision making was performed by assigning performance scores to
optimal solutions. The proposed methodology was implemented on a community building
portfolio to demonstrate its applicability.

The following conclusions can be drawn.

1. The proposed approach considered sustainability-oriented performance-based assess-
ment techniques with genetic optimization and decision-making methods to provide
meaningful information to decision makers. For instance, in the considered example,
retrofit costs ranging from USD 141 to 164 million provide the best performance for
the given weighting factors provided by the AHP.

2. The damage to the buildings increased with the increasing intensity of hazard sce-
narios. For instance, for the frequent level earthquake scenario, 29.2% of buildings
suffered no damage and 10.1% of buildings suffered complete damage, while for the
maximum considered earthquake, the buildings with no damage decreased to 1%,
while the buildings with complete damage increased to 67.9%.

3. Similarly, with the increasing intensity of the hazard scenarios, the socioeconomic and
environmental consequences increased. For instance, the casualties increased from
1832 to 6415, 9381, and 12,457 for the four hazard scenarios of increasing intensity,
the repair costs increased from USD 133.58 million to 560.81 million, the carbon emis-
sions increased from 2.95 million tons to 13.99 million tons, and the total downtime
increased from 3.88 million days to 8.92 million days.

4. Pre-hazard retrofit alternatives were utilized to increase the performance indicators
against the retrofit costs. For instance, applying a retrofit worth USD 5 million results
in a 25.7% reduction in risk for the frequent-level earthquake scenario, and a 16.67%
reduction in risk for the maximum considered earthquake scenario. In terms of
USD, applying a retrofit of USD 5 million can save USD 36.1 million in case of a
frequent-level earthquake, and 91.9 million USD in case of the maximum considered
earthquake scenario.

In summary, the proposed framework provided a population-based multi-objective
decision-making framework for community buildings considering multiple performance
objectives. These objectives account for a wide range of performance indicators, including
the direct impacts of a hazard (e.g., casualties, repair cost incurred), indirect impacts of
a hazard due to reduced functionality (e.g., business losses), and objectives related to
protecting the environment (e.g., limit to waste generation, greenhouse gas emissions).

The proposed methodology can be utilized and extended to post-hazard mitigation
and management, including recovery prioritization, resource allocation for effective re-
covery, and strategies to improve the rapidity and resourcefulness of a community in
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post-hazard scenarios. Future studies can also include other infrastructure systems, and
new dimensions can be added to performance indicators for improved decision making.
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Appendix A

Fragility and consequence functions adopted in the illustrative example.

Table A1. Fragility functions of buildings.

ID Building Type Code
Level

Damage
State

Fragility Function
(g)

URML-P Low-Rise Unreinforced
Masonry Bearing Walls P-C

S
M
E
C

0.13
0.17
0.26
0.37

URML-L Low-Rise Unreinforced
Masonry Bearing Walls L-C

S
M
E
C

0.14
0.20
0.32
0.46

URMM-L Mid-Rise Unreinforced
Masonry Bearing Walls L-C

S
M
E
C

0.10
0.16
0.27
0.46

C3L-L
Low-Rise Concrete Frame

with Unreinforced Masonry
Infill Walls

L-C

S
M
E
C

0.12
0.17
0.26
0.44

C3M-L
Mid-Rise Concrete Frame

with Unreinforced Masonry
Infill Walls

L-C

S
M
E
C

0.11
0.17
0.32
0.51

C1M-L Mid-Rise Concrete
Moment Frame L-C

S
M
E
C

0.12
0.17
0.32
0.54

C1M-M Mid-Rise Concrete
Moment Frame M-C

S
M
E
C

0.13
0.21
0.49
0.89

The mean values are in PGA (g); coefficient of variation (COV) = 0.64; S= slight, M = Moderate, E = Extensive,
C = Complete; P-C = Pre code, L-C = Low code, M-C = Moderate code.
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Table A2. Construction material utilized.

ID Construction
Materials

Tons kg/
Thousand Square Feet

URMM-L,
URML-L,
URML-P,
URMM-L

Brick 35
Wood 10.5

Concrete 41
Steel 4

C1M-M,
C1M-L,
C3M-L,
C3L-L

Brick 20
Wood 5.3

Concrete 90
Steel 4

The coefficient of variation in lognormal distribution is 0.2.

Table A3. Sustainability-related data of utilized construction material.

Construction
Materials Cost in USD per kg Tons Tons kgCO2 Emissions per

kg Tons

Brick 28 0.2–0.6

Wood 140 0.75–1.35

Concrete 20 0.05–5.15

Steel 650 1.72–2.82
The uniform distribution is considered.

Table A4. Material needs to be replaced given damage states.

ID Damage
State

Percentage of Material Damaged Given Damage State

Brick Wood Concrete Steel

URMM-L,
URML-L,
URML-P

S 3.5 3.5 0 0
M 18.5 18.5 6 6
E 50 50 27 27
C 100 100 100 100

C3L-L,
C3M-L

S 3 3 0.05 0.05
M 16 16 7 7
E 47.5 47.5 31 31
C 100 100 100 100

C1M-L,
C1M-M

S 0.5 0.5 0.05 0.05
M 3.5 3.5 6.5 6.5
E 17.5 17.5 30.5 30.5
C 100 100 100 100
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