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This study aims to develop a decision-making support system for managing aged road facilities
in a target road network based on seismic performance evaluation. For this purpose, the
seismic fragility considering aging effect is analyzed for bridges, tunnels, retaining walls, and

slopes to assess the direct damage to individual road facilities, as described in the companion
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paper. In this paper, based on the seismic fragilities of road facilities, the degradation of the
road network's seismic performance and social and economic resilience is evaluated. The
decision support system is then developed based on the seismic risk assessment method (SRA)
for the seismic management of old road facilities suitable for domestic conditions. The SRA

Aging method includes the calculation of direct and indirect damage of road networks, the

Fragility curve
Limit states

assessment of socio-economic resilience to disaster in South Korea, and the basis for decision-
making. In addition, a geospatial information-based software for repair and reinforcement

decisions is developed. The developed decision-making support software is verified by using
Pohang city located in the East part of Korea as a test-bed example.

1. Introduction

Korea has been considered an earthquake-safe zone, but after the
Gyeongju earthquake (M5.8, 2016) and the Pohang earthquake
(M5.4, 2017), the seismic performance of the aging road
infrastructures which are built based on old specifications or no
earthquake-resistant design was doubted. This kind of anxiety
was further amplified by the occurrence of 115 small and medium-
sized earthquakes as shown in 2018 data of Korea Meteorological
Administration. Starting from the earthquake disaster areas in
Korea, an advanced method for the more reliable and quicker
evaluation of the seismic performance of aging road facilities
was requested, and it became a trigger to develop a seismic
performance management system that can support the resilience
management of the road network.

Decision support methods for seismic performance management
of existing facilities are largely divided into deterministic and
probabilistic methods. The deterministic method evaluates existing
facilities' seismic performance using a determined specific
earthquake, whereas the probabilistic method evaluates seismic
performance taking into account various earthquake scenarios in
order to overcome errors that may occur by standardizing the
number of uncertain earthquake occurrences to a determined
specific earthquake. The decision support technologies currently
in use can be broadly classified into three categories: Indexes
Method (NYSDOT, 2004), Expected Damage Method (FHWA,
2006), and the Seismic Risk Assessment Method (HAZUS-MH
2.1). The index evaluation method is a deterministic method that
determines the priority by considering the amount of direct
damage quantitatively and the degree of indirect damage calculated
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using the qualitative value of the seismic performance of individual
facilities. The seismic risk assessment method, which is a
probabilistic method, prepares various earthquake and traffic
scenarios and quantitatively calculates the magnitude of direct
and indirect damage through seismic performance analysis from
the road network perspective for these scenarios. For example,
Kang et al. (2008) proposed the matrix-based system reliability
method and applied to bridge transportation network to evaluate
the disconnection between each city and hospital under seismic
conditions. Chen et al. (2023) conducted seismic risk assessment
of bridge transportation network by employing betweenness
centrality-based performance measure. In addition, Chen et al.
(2022) presented a machine learning-based seismic reliability
assessment methodology to accelerate system reliability computation
time and Banerjee et al. (2019) introduced a comprehensive review
on the multi-hazard resilience estimation of bridge transportation
network. From the perspective of traffic flow analysis, Yoon et
al. (2020) adopted Total System Travel Time (TSTT) as a network
performance indicator and evaluated the seismic performance of
a bridge transport network using an artificial neural network-
based surrogate model. In addition, Yoon et al. (2021) proposed
an optimal recovery strategy for bridge transportation networks
by employing direct and indirect damage-based recovery priority
indicators for seismic performance analysis. The decision-maker
can choose a viable road network and determine the management
budget based on these quantitative values.

The method mainly used in practice in Korea is Index Method
(KALIS, 2011). This method suggests that the seismic performance
of individual facilities can be evaluated sequentially, followed by
preliminary and detailed evaluations. The decision-making necessary
for seismic performance management is related to a preliminary
evaluation, which calculates the seismic performance of individual
facilities based on a qualitative index value. The Index Method
supports only decision-making which is the priority of facilities
needed for retrofitting or detailed evaluation. However, one fatal
flaw is that seismic performance management is mainly conducted
for individual facilities without considering the road network.
This may result in the fact that the road network cannot be used
immediately after the earthquake, despite actual seismic performance
management. Therefore, the seismic performance of existing road
facilities (bridges, tunnels, slopes, and retaining walls) should be
efficiently managed with consideration of system-level performance
in the post-earthquake stage, e.g., connectivity and traffic delay time
(Lee and Song, 2023). In addition to prioritizing decision-making,
there is a need for a method that can provide backup materials to
support various and rational decision-making, such as budget setting
and selection of earthquake safety roads. The proposed Seismic
Risk Assessment method can provide the backup materials
needed for various decision-making processes.

The purpose of this study is to verify the development technology
by developing decision-making support technology for seismic
management of old road facilities suitable for domestic conditions
and applying it to Pohang city located in the East part of Korea as
Test-Bed. In the companion paper (“Part 1), the seismic fragility

evaluation technology considering aging is studied for bridges,
tunnels, retaining walls, and slopes. In this paper, the repair and
reinforcement decision support system is studied. This system
considers the degradation model of the structures and the
recovery policy on the road network. In Section 2, the seismic
risk assessment method is introduced for calculating direct &
indirect damage of road networks, assessment of socio-economic
resilience to disaster in South Korea, and method of decision-
making. In Section 3, software for the decision-making system is
presented. In Section 4, the application of developed technology
and system is introduced.

2. Applied Ground Motions

Two pairs of ground motions recorded at the rock outcrops during
the recent major earthquakes that occurred in Korea, i.e., the
2016 Gyeongju earthquake (M5.5) and 2017 Pohang earthquake
(M5.4), were collected. To supplement, other five pairs of ground
motions recorded in the USA, Greece, Japan, and Italy were also
collected. Note that all of these ground motions were recorded at
stations with epicentral distances shorter than 40 km. The
information on the earthquakes associated with these ground
motions is referred to in Seo et al. (2022). These selected ground
motions are comparable to the design spectra of South Korea
with return periods of 500 and 2,400 years. Note that the peak
ground acceleration (PGA) of these motions varies from 0.11 to
0.43 g. No high-intensity earthquakes outside of this range have
not been reported in Korea since the 20th century. However, to
broaden the scope of this study to high-intensity earthquakes, it
may be necessary to assess the additional seismic performance of
damaged networks for aftershocks, while calculating the increased
failure probabilities. The Seismic Risk Assessment calculates the
direct damage (physical damage) of the road network for various
earthquake scenarios through “seismic risk analysis”, and calculates
the indirect damage (transport delay amount) for each restoration
stage of the damaged road network through “traffic recovery
analysis”. The quantified amount of direct and indirect damage
can support various decisions.

2.1 Seismic Risk Analysis

Probabilistic seismic hazard analysis (PSHA) was first proposed
by (Cornell, 1968), and many studies have been conducted in this
regard. PSHA is evaluated as the probability of the occurrence of
ground vibrations that can occur in the relevant area within a
specific period. PSHA is evaluated through the following four
steps: identification of seismic sources, quantification of seismic
recurrence rate, attenuation models, and development of hazard
curve, as indicated sequentially in Figs. 1(a) through 1(d).

2.1.7 Identification of Seismic Sources

The first step of PSHA is to identify seismic sources from which
earthquakes are expected to occur. Seismic sources are established
based on seismic records and geographic evidence of the target
area and its surroundings, which are classified into two types: 1)
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Fig. 1. Four Steps of Probabilistic Seismic Hazard Analysis (Kramer, 1996; Baker, 2008)

line or fault source zones (FSZs), and 2) area or background
source zones (BSZs) (Sianko et al., 2020).

BSZs are introduced to quantify the seismic risk of areas that
may experience significant earthquakes in the future for areas
that do not have significant historical seismicity and do not know
about near active faults. The region of interest is divided into
appropriate BSZs and the potential seismic source locations
within each zone are assumed to be completely random. In each
established zone, the distribution of seismic magnitude is expressed
by constant parameters of the Gutenberg-Richter (G-R) recurrence
law (Gutenberg and Richter, 1944), which is described in detail
in Step 2. Seismic catalog analysis for regions with fault segments
differs from BSZ analysis in terms of the earthquake magnitude
and annual frequency of occurrence. For FSZ analysis, the
location of active faults in the region must be known in advance.
Subsequently, starting with a newly observed seismic source, a
line of potential seismic sources is established along the fault
direction. In contrast to BSZ, it applies the seismic damping
equation to the fault line generated using fault information rather
than a single point in order to determine the seismic strength of a
particular region close to the fault.

In seismically active areas with sufficiently accumulated
earthquake records, the fault shape and rate of earthquake occurrence
for each fault are well known, and the FSZ method can be easily
used along faults. However, in other regions, it is usually difficult
to estimate specific earthquake sources; therefore, the earthquake

source is set using the BSZ method. Fig. 1(a) shows an example
of two active faults and the quantified sdismic risk in Pohang for
FSZ and BSZ methods, respectively.

2.1.2 Quantification of Seismic Recurrence Rate

After establishing seismic sources, the relationship between the
expected earthquake magnitude and the occurrence rate for each
source should be identified. The G-R recurrence law is one of the
most used equations to estimate the frequency of earthquakes of
a given magnitude, and is given as:

logA,,=a—bM, )

where A, is the rate of earthquakes with magnitudes greater than
M; and the parameters a and b are constants determined from
historical seismic data. Based on Eq. (1) and the earthquake records
of the target area of this study (e.g., Pohang, Republic of Korea),
the rate of earthquakes according to the magnitude is calculated
in Fig. 1(b) (Tak et al., 2019).

2.1.3 Selection of Attenuation Models (GMPEs)

However, there is a limit to assessing seismic hazards accurately
using only the seismic sources and magnitudes. To overcome
this lack of information, ground-motion intensity measures such
as peak ground acceleration (PGA), peak ground velocity (PGV),
and spectral acceleration (SA) are utilized depending on the type
of structure. A ground motion prediction equation (GMPE) is
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generally evaluated in the following form (Abrahamson and
Youngs, 1992; Joyner and Boore, 1993; Goda and Hong, 2008;
Lim and Song, 2012; Lee and Song, 2021)

InD; = (M, R;, A))+ X, = AM,R,, 1)+ n+ &, @)

where D; is the seismic demand, also called a ground-motion
intensity measure, at the i site; fis an attenuation relation given
in terms of the earthquake magnitude M, the distance R; between
the earthquake source and the i site, and other parameters A;
and X; is a residual at the i” site, with zero mean and standard
deviation oy, . The residual X; can be decomposed into the inter-
event and intra-event residuals at the i site, 77 and &. 77 and &
account for the uncertainty of individual earthquakes and spatial
distribution, respectively.

That is, for a single earthquake scenario, 77 has the same value
for all structures in the given bridge network, while & has a
different value for each structure. In general, PGA is used as the
ground-motion intensity measure for road facilities covered in
this study (Lim and Song, 2012). The attenuation model for the
PGA demand is given by (Cornell et al., 1979):

AM,R,2): = Ap =—0.152+0.859M—~1.803In(R,+25),  (3)

where 4, is the predicted natural logarithms of PGA demand at
the i site. Fig. 1(c) visualizes the changes in Ap, as R; varies for
different earthquake magnitudes. The standard deviations of 7
and & are assumed to be 0.254 and 0.512, respectively.

2.1.4 Development of Hazard Curves

By combining the seismic capacity of components in the road
network with the information about the seismic demands (e.g.,
location of seismic sources, recurrence rate by earthquake magnitude,
PGAs predicted from an attenuation model, discussed in previous
sections), one can assess seismic performance or hazards such as
the probability of exceedance. When the seismic capacity of the
i" structure, C, follows a lognormal distribution (ie., In C;
follows a Gaussian distribution), the failure probability of the
structure is described as follows:

)

Ap— A
Pi=P(C,-le-)=(D( 2 C’J,

Ne+G,
where P, is the failure event of the i” structure; ®( - ) denotes
the cumulative distribution function of the standard Gaussian
distribution; A, is the mean of In C;; ¢, and (), are the standard
deviations of In C; and In D;, respectively. As shown in Fig. 1(d),

multi-state structures have fragility curves for each of the states
for the given ground-motion intensity measure.

2.1.5 Direct Damage

As shown in Eq. (5), the direct damage can be calculated by the
probability of excess for each damage class of individual road
facilities shown in Eq. (4), and the damage cost ratio for each
damage class. In this study, the damage cost of the relevant facility is
calculated as the ratio of construction costs.

N N DS ) )
DGy, = Y |REx Y Y (RCR,xPi") |, 5)

m=1 m=1lds=1

where DC;,, is the cost of direct damage to the road network for
the recurrence period (k) and the epicenter scenario (m), RE; is
the replacement cost of the facility, DS is the damage level
structure, RCR is the repair cost converted as a percentage of the
facility construction cost, and P, denotes the probability of each
damage class.

2.2 Resilience Assessment of Road Network
The number of cases of road network damage is determined by a
combination of five damage levels (no damage, minor, moderate,
severe, and collapsed) of individual facilities included in the road
network, and the amount of traffic delay is calculated through
resilience assessment of the road network for each combination.
Various algorithms have been proposed for the resilience assessment
of road networks (Kang et al., 2008; Banerjee et al., 2019; Chen et
al., 2022; Chen et al., 2023), and Monte Carlo Simulation (MCS) is
one of the straightforward and most widely used methods. The MCS
calculates the amount of traffic delay by sampling the damage level
of the road network, and increases the number of samples to
converge the amount of traffic delay for a specific earthquake.
However, the number of cases of damage level for the N
facilities with 5 damage levels is 5N, and analyzing the damage
level of the road network with a large number of road facilities
through Monte Carlo simulation takes a long time, so it can be
said that it is inappropriate for the seismic performance
evaluation of a complex road network. In order to overcome
this problem, a method for evaluating the level performance of
a road network using an artificial neural network-based
surrogate model was developed.

2.2.1 System-Level Performance Evaluation of
Transportation Network Employing ANN-Based
Surrogate Model

For optimal decision-making immediately after an earthquake,

rapid evaluation of the degraded performance of a bridge

transportation network is important. For the task, an ANN-based
surrogate model is introduced. An ANN technique typically
recognizes patterns in input data through supervised learning and
expresses complex relationships between input and output data
with mathematical functions. Since the handling of an ANN
algorithm is relatively simple, numerous researchers have been
using ANN algorithms in various research fields such as structural
health monitoring (Rizzo and Lanza di Scalea, 2006), vibration
control (Akin and Sahin, 2017), damage detection (Nguyen et
al., 2019), and structural response analysis (Onat and Gul, 2018).
In a previous study, an ANN-based surrogate model was

constructed for the accelerated seismic risk assessment of a

bridge transportation network, and the total system travel time

(TSTT) was adopted as a performance index (Yoon et al., 2020).

Although TSTT may have high accuracy in performance assessment
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Fig. 2. Flowchart of Network Performance Evaluation

results, the computational cost can be high. For this reason, in
this study, the maximum flow capacity (i.e., the maximum number
of passing vehicles per unit time) is introduced to measure the
system-level performance of a transportation network, and
MATLAB Boost Graph Library (Boost, 2008; Gleich, 2008) is
used to calculate the maximum flow capacity.

Figure 2 shows the overall flowchart of the method introduced
for this study. First of all, for network analysis, a network map
should be constructed using topological data (including node
locations, links, and node connectivity information in terms of an
adjacent matrix) so that it can be introduced into a geographic
information system (GIS).

After a network map is constructed, an ANN-based surrogate
model is trained by determining the earthquake epicenters and
magnitudes based on historical earthquakes. Once epicenter
locations and magnitudes of earthquakes are determined, the
ground motion at a specific location from an epicenter can be
predicted using the ground motion prediction equation (GMPE)
and spatial correlation, and the damage probability of a bridge
structure can then be calculated according to the intensity measure.
For ground motion prediction, the GMPE proposed by Cornell et
al. (1979) was utilized in Eq. (3). In addition, inter-event and
intra-event terms are introduced to represent the uncertainty of
the ground motion. Inter-event represents the uncertainty of
predicted ground motion intensity owing to the characteristics of
seismic waves themselves, and intra-event represents the uncertainty
of predicted ground motion intensity depending on the geotechnical
environment and seismic propagation path. The total uncertainty
of the ground motion, p,,, can be explained by the following
equation (Sokolov et al., 2010):

2 2
(o] o,
ptotul = 2_,]_2+ 2 . zp(Aij) > (6)
o,to, o,to;

where o, and o, denote the inter- and intra-event standard
deviations with zero means, and (A;) denotes the spatial correlation
equation. In this study, the following equation proposed by Goda
and Hong (2008) is utilized:

p(Aij) _ 6(70.509JZ) , (7)

where A denotes the distance between two location sites i and .

The next step is to obtain the damage probability of a bridge
structure according to the ground motion intensity. Federal
Emergency Management Agency (FEMA) suggests that SA is
the best predictor of bridge damage probability among various
intensity measures. In addition, based on historical data, the
seismic fragility curves of various bridge types are also suggested
for five damage states using lognormal distributions by providing
the associated medians and log standard deviations (Yoon et
al., 2020) which are introduced into this study.

To represent the performance degradation of damaged
bridges in a transportation network, the damaged bridges are
often modeled with their reduced traffic capacities according
to the damage states. In this study, the traffic capacities
according to the five damage states proposed by Mackie and
Stojadinovic, 2006 are adopted. Table 1 shows the reduced
traffic capacities, which are quarter-based from 0 — 100% of
the original capacity of an intact bridge.

Once the damage states of bridge structures are determined
and the traffic capacities are modified accordingly, the performance
of a bridge transportation network can be evaluated in terms
of the maximum flow capacity, using the MATLAB Boost
Graph Library (Boost, 2008; Gleich, 2008). Based on the
evaluation results, an ANN-based surrogate model is constructed to
represent the relationship between the damage states of
bridge structures and the system-level network performance.
The constructed surrogate model can accelerate the calculation of
the maximum flow capacity for each sample earthquake
scenario which represents the occurrence of an earthquake at
an epicenter with a random magnitude. When the average
maximum flow capacity calculated in this way converges, the
final network performance is calculated and the analysis is
terminated.

Table 1. Modified Traffic Capacities according to Damage States of
Bridges (Mackie and Stojadinovic, 2006)

Damage state Modified traffic capacity

No damage 100%
Slight damage 75%
Moderate damage 50%
Extensive damage 25%
Complete damage 0%
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2.2.2 Seismic Resilience Assessment of Bridge
Transportation Network

Section 2.2.1 describes a method using an ANN-based surrogated
model for accelerating the performance evaluation of a transportation
network considering damaged bridges. This section addresses
the recovery of a bridge transportation network following the
restoration of damaged bridge structures after an earthquake.
Finally, a methodology providing the seismic resilience curve of
a bridge transportation network over time is proposed

Figure 3 shows the flowchart of the seismic resilience assessment
for bridge transportation networks employing an ANN-based
surrogate model. The main difference from the method described
in the previous section is that an additional step is introduced to
calculate the time required for the recovery of each damaged
bridge, and through the recovery model, the proposed method
calculates the updated maximum flow capacity based on the
updated damage states. FEMA presented the required restoration
period according to the bridge damage state (FEMA, 2003),
which is introduced in this study and shown in Table 2.

As described in Section 2.2.1, when a target transportation
network is constructed, and the epicenter and earthquake magnitude

Table 2. Damage State and Required Restoration Period of Bridge
Structure (FEMA, 2003)

Damage state Required restoration period [Days]

No damage 0

Slight damage 0.6
Moderate damage 2.5
Extensive damage 75

Complete damage 230

are determined, for each of N random samples, the damage states of
bridges and the required restoration periods corresponding to the
damage states can be determined. The maximum flow capacity can
be calculated using the constructed ANN-based surrogate model
whenever the traffic capacity changes according to the restoration of
damaged bridges. The seismic resilience curve for a target bridge
transportation network is obtained through this iterative process.

2.2.3 Indirect Damage
To calculate the indirect damage, it is necessary to calculate the
additional traffic volume due to road detours. The additional
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Fig. 3. Flowchart of Seismic Resilience Assessment of Bridge Transportation Network Employing ANN-Based Surrogate Model
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Table 3. Objective and Factor of Socio-Economic Resilience by Each Stage

Stage Objective Factor
Damage Minimize damage caused by disasters through Social resilience ¢ Demographic characteristic
Stage reducing exposure and impact of individual, Economic resilience * Economic stability
industry, and facility to disaster * Industrial stability
Physical resilience * Physical robustness
Recovery Rapid and efficient recovery activities to prevent Social resilience ¢ Demographic characteristic
Stage prolonged direct or indirect damage from disaster * Community capacity

Economic resilience
Physical resilience

Institutional resilience

traffic volume is calculated by comparing the total traffic before
and after the earthquake and the time it took to pass through a set
of origins and destinations. In contrast to the direct damage cost
calculation, indirect damage calculation should consider the road
network restoration stage as shown in Sections 2.2.1 and 2.2.2.
Until the road network is normalized, the additional traffic volume
can be calculated from the first stage with the largest amount of
additional traffic to the last stage with no additional traffic
volume. The total cost of damage due to traffic delays in the road
network can be calculated using Eq. (8) below.
Link
TCy, =VOTx Y (TG,

j=1

- T(:j,()) s (8)

where TC, is the cost of damage caused by the total traffic
delay of the road network, p is the state of recovery, j is the route
number, VOT is the cost of delay per hour, 7C; , is the traffic
volume for route j and recovery state p, TC,, is the traffic
volume for route j under normal conditions.

2.3 Assessment of Socio-Economic Resilience to
Disaster in South Korea

2.3.1 Socio-Economic Resilience Index to Disaster

In our study, we define socio-economic resilience as the regional
ability to minimize damage and efficiently recover from a disaster.
Socioeconomic resilience consists of four dimensions: social,
economic, institutional, and physical resilience. We conceptualize
each dimension: social resilience (SR), which refers to the level
of exposure of individuals and local communities to disaster and
the ability to participate in the recovery process; economic resilience
(ER), which refers to the financial condition of the region for
supporting recovery and industrial stability, professionalism, and
innovativeness against disaster risks; physical resilience (PR),
which refers to the disaster response facilities’ physical robustness;
and institutional resilience (IR), which refers to the regional
administrative capacity or disaster response agency’s ability to
support disaster response activities.

* Economic stability
¢ Industrial stability

* Physical robustness
* Response infrastructural capacity

* Administrative capacity
* Capacity for disaster management

We also divided resilience into two phases: damage occurrence
and recovery from the disaster (Table 3). In the damage stage,
resilience can minimize the occurrence of damage and prevent
the spread of disaster damage. During the recovery stage,
resilience can affect rapid and efficient recovery from disasters to
prevent prolonged disaster damage. Thus, socioeconomic resilience
can be secured by minimizing damage from disasters and
efficiently recovering from disasters at the regional level.

According to the conceptualization of socio-economic resilience,
we analyzed the main factors for securing resilience at each
stage. In the damage stage, resilience can be improved by reducing
the exposure and impact of targets such as residents, industries,
and facilities that may be affected by disaster damage, thereby
minimizing the damage from disasters. As a result, we identified
the following factors as the most important: demographic
characteristics that can affect residents' exposure to and impact
from disaster (social resilience), economic and industrial stability
(economic resilience), and physical robustness of local facilities
against disaster (physical resilience). In the recovery stage,
resilience can be improved by quick and efficient recovery from
disaster damage.

Therefore, we also defined factors as main factors such as
demographic characteristics and community capacity that support
recovery activities (social resilience); economic abundance that
supports recovery activities and industrial stability or diversity
that revitalize the industry and create innovations from disasters
(economic resilience); physical robustness of local facilities
against disaster (physical resilience), and administrative capacity
to manage the overall recovery process and response activities
(institutional resilience).

We developed evaluation indicators for socioeconomic resilience
assessment according to the main factors at each stage. For the
social resilience assessment, we developed three indicators of
demographic characteristics and four indicators of community
capacity. For economic resilience, we developed 4 economic
stability indicators and 5 industrial stability indicators. For physical
resilience, we developed three indicators of physical robustness
and three indicators of emergency response infrastructure capacity.
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Table 4. Evaluation Indicators of Socio-Economic Resilience

Dimension Sub-category Keyword Indicator Unit
Social Demographic Education Ratio of residents highly educated %
Resilience characteristic Health Ratio of health risk group %
Vulnerability to disaster Ratio of the vulnerable to disaster %
Community Participation (and Cohesiveness) Ratio of participation in volunteering %
capacity in volunteering activities Number of enrolled volunteers per 1,000 people -
Supplement of volunteering Ratio of volunteering activity support budget %
activities
Respondable population Ratio of young adults and middle-aged people (15 — 64 yearsold) %
Economic Economic Income Average monthly income per capita won
Resilience stability Participation in economic Number of employees per business -
activities
Financial status of local Ratio of Financial independence %
government Total budget won
Industrial Diversity of industrial structure ~ DII (Diversity index of income) in regional industries -
stability Size of industrial structure Total GRDP per capita -
Usable labor force Ratio of working age population %
Innovative industry Ratio of higher value-added industries %
Ratio of budget for supporting R&D %
Physical Physical Building safety code Facility safety score -
Resilience robustness Building ages Ratio of old buildings %
Vacant houses Ratio of vacant houses %
(abandoned houses)
Response Supplement of shelter Number of shelters per 1,000 people -
Infrastructural Accessibility in region Ratio of road pavement %
capacity (In and Out) Extension length of road per regional area km
Institutional Administrative Manpower for government service  Number of public officials per 1,000 people -
Resilience capacity Social assistance Number of workers in social welfare facilities per 1,000 -
people in the vulnerable class
Ratio of budget for social welfare %
Capacity for Budget for disaster management  Ratio of budget related to disaster management %
disaster Manpower for disaster Number of public officials in disaster management -
management management department per 1,000 people
Medical capacity Number of hospital beds per 1,000 people -

Emergency response capacity

Number of medical personnel per 1,000 people -
Number of police station per 1,000 people -
Number of fire station per 1,000 people

For institutional resilience, we developed three indicators of
institutional capacity and six indicators of emergency response
organizational capacity (Table 4).

2.3.2 Estimation of Weight of Socio-Economic
Resilience Index

To estimate the weight of each evaluation indicator, we applied
the entropy weight methodology. The entropy weight methodology
is a method of calculating weights using the attribute of an index
based on information theory. In this method, the higher the
cohesion of the indicator value, the higher the weights that are
calculated. The advantage of the entropy weight methodology
is that subjectivity, which is a limitation of the Delphi method

and AHP method based on expert surveys, is excluded. In
addition, it can help with an objective analysis that reflects only
the characteristics of quantitative data (Lee et al., 2015). The
entropy weight is calculated as follows: To estimate the entropy
weight, we first estimated the value of the standardization of
indicators p; (Egs. (9), (10)) and calculated the entropy weight
W; like below (Eq. (11), (12)).

D= i ©)

m: Num of Regions
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n: Num of variables

Py= = = 1,2, m = 1,2, ) (10)
Zi:lxi/'

m 1 .
Ej=—kz,-:1p,»jlogp,»j(k*@,]*1,2,.--,’7) 1)
d=1-E,

d; .

W,=—21— (j=1,2,...,n) (12)

-4,

d:: Degree of diversity

wy: Entropy weight

In our study, we also used the analytical hierarchy process (AHP)
for estimating the weight values based on the knowledge and
experience of experts. AHP is based on developing a hierarchal
presentation of the decision-making problem and then analyzing
this hierarchy through a series of pairwise comparison judgments
to express the relative strength or intensity of hierarchy elements
(Saaty, 1987; Aomar, 2010).

By combining both the AHP weight and entropy weight, we
estimated the integrated AHP-Entropy weight by each indicator.
Entropy weight methodology can derive effective and depict weight
values, but it relies heavily on the objective data that ignores the
knowledge and experience of the experts (Nyimbili and Erden,
2020). Considering the entropy only, irrespective of the expert’s
perspective would be insufficient and may not always accurately
reflect the importance of the indicator in practice (Zardari et al.,
2015). Therefore, we combined the subjectivity of the AHP and the
objectivity of the entropy weight methodology to estimate weight by
each indicator (Eq. (13)). Integrated AHP-Entropy weight is
calculated from the AHP and Entropy weighting procedure using
the general form of the Shannon entropy weight W, given by the
following equation: where S; is the subjective weight calculated
from the AHP, and #; is the objective weight derived from the
Entropy method (Nyimbili and Erden, 2020) (Eq. (13)).
W= S.W.

13
LSS, (1

2.3.3 Quantification of Socio-Economic Resilience

We estimated the socio-economic resilience of each Si-Gun-Gu
region in South Korea using socio-economic resilience indicators by
each dimension such as social resilience (SR), economic resilience
(ER), physical resilience (PR), and institutional resilience (IR)
(Eq. (15)). To estimate socio-economic resilience, all indicators
(X)) were normalized using min-max normalization (Eq. (14)), and
the normalized values (M;) were multiplied by integrated AHP-
Entropy weights. To quantify socio-economic resilience, we
summed the value of each dimension of resilience (Eq. (16)).

X—X,.
M= (14)

Zn( Wj* X ]srfj)
number of indicators

Social Resilience(SR) =

Zn( VV/* X ]er—/')
number of indicatgors

(15)

Economic resilience(ER) =

ZH(WJ lerfj)
number of indicators

Physical resilience(PR) =

Zn( VVJ* X ]irfj)
number of indicators

Institutional resilience(IR) =

Socioeconomic resilience = SR + ER + PR + IR

(16)
2.4 Decision-Making

2.4.1 The Method of Decision-Making

The magnitude and frequency of earthquakes are increasing
owing to the recent acceleration of climate change. Therefore,
multi-faceted efforts are needed to prevent the loss of infrastructure
in road networks by probabilistically analyzing the characteristics of
potential earthquakes based on the PSHA. In particular, there is a
need for a method to precisely identify and minimize losses due
to earthquakes. The following studies emphasize that it is possible to
prepare for unexpected incidental losses after an earthquake
through accurate loss assessment by considering indirect damage
at the urban system level as well as repair and reinforcement
according to the link status in the infrastructure road network.

Sohn et al. (2003) introduced a loss analysis model suitable
for each part by dividing the direct and indirect damage into an
economic part and a non-economic part. In particular, for indirect
cost calculation, the region was divided into several zones according
to regional characteristics, and the cost model calculated using
socioeconomic indicators in each zone was used. Du and Peeta
(2014) proposed a stochastic optimization model that minimizes
the recovery time after a disaster by injecting a limited budget
before a general disaster. By taking into account the road network's
connectivity, each link's function in the context of traffic flow,
and the marginal survivability boosted by investment, it is
currently possible to give decision-makers a process that reflects
the full characteristics of the road network. In the optimization
model, it is characteristic that investment decisions for non-
dependent links are regarded as continuous variables. Sextos et
al. (2017) proposed an index that quantifies the direct and indirect
damage to the road network due to an earthquake and explained
that social loss after an earthquake can be greatly reduced through
the pre-reinforcement of appropriate links.

In this paper, we proposed that quantitative indices, such as the
cost of reconstruction and delay time of transportation during the
scheduled for repair of the road damaged by the earthquake, be
considered, as shown in Fig. 4. The construction cost is derived from
the fragility curve, which includes the aging effect of facilities, and
the delay time of transportation is calculated using an ANN-based
surrogate model that can handle complex road networks.
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1. Road Network

* Route Configuration * Setup Curve + Configuration
» Facility Selection (Average and Distance) (Period and Location)
» Facility Arrange * Assigning * Seismic Scenario
(by Class) (Location and Sample)

I1. Fragility Curve

111. Damage Analysis

+ Traffic Scenario

» Traffic Delay
(Duration and Unit)

IV. Network Analysis |

Fig. 4. Five(5) Steps of Decision-Making

2.4.2 The List of Decision-Making

In this study three decision-makings, priority for seismic
reinforcement, necessary budgeting, and selection of disaster
prevention roads, are proposed. First, seismic reinforcement
should be carried out for all facilities that are not designed for
seismic resistance. However, because of the limited budget, it is
impossible to reinforce the seismic performance of all facilities
at once. Therefore, it is necessary to prioritize the reinforcement
of seismic performance management such that the set budget can
be used effectively. Currently, the method primarily used in
seismic performance management practice suggests the priority of
seismic reinforcement for individual road facilities. However, the
improvement of the seismic performance of individual facilities does
not mean the improvement of the seismic performance of the road
function of the road network. In this study, to improve the seismic
performance of road functions, the priority of seismic reinforcement
focused on the road network was proposed so that the seismic
performance management of existing facilities from the perspective
of the road network could be achieved. Second, it is important to
preemptively set the budget necessary for seismic performance

management. The required budget can be estimated according to the
method of prioritizing seismic performance management. As a
decision-making process, a method to estimate the budget for seismic
reinforcement of the route of interest is presented.

Finally, the selection of a disaster prevention road is proposed.
Various standards are proposed in Korea for the selection of
disaster prevention roads, but qualitative values are used as standards,
considering the importance of roads and lane clearance without
quantified standards. One of the advantages of the Seismic Risk
Assessment Method is the evaluation of the rate of road functions on
specific routes, based upon quantitative direct and indirect damage.
With quantitative results, more objective and reasonable decision-
making for disaster and road prevention can be performed. The
decision-making items proposed in this section is executed using
the developed software introduced in the next section.

3. Decision Support Software for Seismic
Performance Management

It is necessary to overcome the limitations of the Index Method,
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which is mainly used in seismic performance management practice,
and to switch to the Seismic Risk Assessment Method that can
provide various judgment data necessary for decision-making.
However, the Seismic Risk Assessment Method requires many
calculations to produce various judgment data and requires
specialized knowledge of the use of the evaluation results. So, as
shown in Fig. 5, spatial information-based software was created
as a tool to assist decision-makers in easily understanding and
utilizing the outcomes of the seismic risk assessment method.

Decision support software consists of six (6) modules: road
network configuration, fragility, direct damage, indirect damage,
retrofit DB, and decision-making. The road network module
enables users to input/output spatial information of the road network
and the properties of the facility in the seismic performance
management area. The fragility module is designed to assign
proper fragility curves to road facilities using the “Part I
Fragility Curve”. The fragility module works in conjunction
with the direct damage module to calculate the magnitude of
damage to road facilities for each earthquake scenario based on
the location of faults in the proximity of the road network and
earthquake intensity by return year. The indirect damage module
calculates the volume of traffic delay using Monte Carlo Simulation
and an artificial neural network (ANN)-based Surrogate Model.
The user may select Monte Carlo Simulation for a simple road
network, and Surrogate Model for a complex road network. In
the Retrofit DB module, the retrofit method and cost were
provided so that the user can select the proper method with its
typical costs. Finally, the decision-making module was developed to
provide tables and graphics so that various decisions can be made
intuitively based on the materials generated in the 1 — 5 modules. In
the decision-making module, qualitative data such as Socio-
Economic Resilience derived in Section 2.3 is also provided for
reference.

Fig. 6. Applicable Road Facilities in Pohang

4. Field Application of Test Bed

4.1 Road Network of Test Bed and OD Link
To verify the seismic risk assessment method developed in this
study, support technologies were applied to the road network in
Pohang, which is located in the eastern part of Korea where the
recent earthquake occurred. A road network consisting of 426
nodes (nodes) and 1285 routes was constructed. Routes with two
or more lanes in Pohang were selected. The road facilities in
Pohang consist of 351 bridges, 43 tunnels, 70 slopes, and 25
retaining walls. Among these facilities, 220 bridges, 16 tunnels,
16 slopes, and 10 retaining walls, were included in the developed
road network, as shown in Fig. 6.

The road network should be maintained so that the functions of
the OD (origin-destination) routes are working at all times. OD
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Table 5. Actual Damage versus Simulated Damage

Table 6. The Effects of Seismic Retrofit (mil. KRW)

Actual Simulated
Return Year Damage Type (mil KRW) (mil KRW)
475 Direct 4,500 6,500
Indirect - 2,500

routes are the shortest routes from the starting point to the destination
that drivers can use. Fig. 7 shows the 4 (four) OD routes. Since the
purpose of decision-making is for minimizing the damage of
earthquake, origination of OD routes was selected from the area
where direct and indirect damage is highly expected and destination
of OD routes from the the area of safety in outskirts of the city. OD1
is for transporting from fault dense area to non-fault area, OD2 for
transporting from the downtown area to the suburbs or the offshore
(OD3), and OD4 for transporting from the inland to the offshore.
OD1 includes 33 facilities, OD2 includes 22 facilities, OD3 includes
10 facilities, and OD4 includes 11 facilities.

4.2 The Result of Test Bed

4.2.1 Actual Damage versus Simulated Damage

The reliability of the developed technology was verified by
comparing the actual and simulated damages of individual facilities.
Table 5 shows the actual damage and simulation damage of the
road facilities in Pohang. Because actual damage was counted for
direct damage only, a limited review comparing direct damage was
conducted.

As a result of the comparison, the direct damage through the
simulation was calculated to be somewhat larger than the actual
damage. Since simulated damage includes additional damage of
potential road facilities for a total of 262 facilities other than the
11 facilities shown in the “Pohang Earthquake Public Facility
Damage Investigation”, and the purpose of budget review which
is preemptive measures to prevent loss of function. Considering
the uncertainty of earthquakes, it is considered to be a sufficiently
reasonable result that meets the purpose of establishing the
system, “supporting decision-making for seismic performance
management.”

4.2.2 The Effect of Seismic Retrofit

The fragility functions are designed to consider the types of
superstructure, substructure, bearing, seismic design, foundation,
ground condition and deterioration. Therefore, retrofitting can be
simulated by selecting fragility function which consider bearing
replacement (from steel bearing to elastomeric bearing), pier
reinforcement (section enlargement or Jacketing), and foundation
reinforcement (adding mini pile). Using the developed software,
cases of full retrofitting and non-retrofitting are simulated and
compared to determine the effect of retrofitting. Table 6 shows the
results of this comparison. It was found that the seismic retrofit is
more effective for an earthquake with 475 return years, rather
than 1000 return years.

Return Year Damage Type Before Retrofit ~ After Retrofit ~ Effect

475 Direct 6,500 3,300 3,200
Indirect 2,900 1,800 1,100

1000 Direct 82,00 51,500 30,500
Indirect 64,00 38,400 22,600

Table 7. The Direct and Indirect Damage of the OD Routes (mil. KRW)

475 Return Year

Road Link

Direct Indirect Sub total
OD1 450 540 990
0OD2 620 270 890
OD3 170 1,090 1,260
OD4 610 530 1,140

4.2.3 Priority for the Retrofit of OD Routes
The magnitude of the total damage to the four previously selected
OD routes was calculated, and the route with the most damage
was prioritized for seismic retrofitting. Table 7 shows the direct
and indirect damage of the OD routes.

The total damage of the OD routes is shown in Table 7, and
the priority for seismic retrofitting of the routes was investigated
in the order of OD3, OD4, OD1, and OD2.

4.2.4 Decision-Making on the Selection of Disaster
Prevention Route
Various standards have been proposed for the selection of
disaster prevention roads, but qualitative values are used as
standards, considering the importance of roads and lane clearance.
One of the advantages of the decision-making support software
developed in this study is that the status of road function after an
earthquake and the cost of retrofitting a specific route can be
quantified, which provides a more objective and reasonable
selection of disaster prevention roads. When selecting a disaster
prevention road among the four OD routes, the criterion to be
considered first is the minimum damage in the traffic function.
Since the order of indirect damage is OD4, OD3, ODI, and
OD2, the OD2 route can be prioritized for retrofitting among
the candidates for disaster prevention roads. In this paper, only
four OD routes were used for the simulation, but the number of
OD routes can be increased for more reasonable and economic
disaster prevention routes.

5. Conclusions

The seismic evaluation method that is mainly used in seismic
performance management practice is the Index Method. With the
Index Method, the seismic performance of individual facilities is
calculated as a qualitative index value, and only priority decision-
making for seismic performance management is supported according
to the size of the index value. It is not possible to provide
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materials such as direct and indirect damages, the required
budget, and the effect of retrofit, which are needed for various
decision-making processes. In addition, since the priority of
retrofitting is determined based on individual facilities without
considering the road network, roads may not perform normal
traffic functions during earthquakes even after retrofitting.
Therefore, it is necessary to use the Seismic Risk Assessment
Method which can provide the various materials needed for
decision-making.

In the probabilistic seismic hazard analysis, the probability of
the ground excitations within a specific period is computed for
the area of interest. The seismic sources near the area are
identified first to quantify the seismic effect. Then, in this study,
the background source zone (BSZ) is introduced to estimate the
parameters of the Gutenberg-Richter (G-R) recurrence law. The
law prescribes the relationship between the magnitude and the
recurrence rate of the earthquake. Assuming an earthquake with
the recurrence rate occurs, the ground motion prediction equation
(GMPE) and the parameters in GMPE expressing the attenuated
response to certain locations are introduced. Finally, the failure
probability of the structure in the area is calculated by considering
the probabilistic seismic capacity and the estimated response of
the structure.

Although the socio-economic resilience index cannot solely
determine the priority of decision-making, it can support
considering the local circumstance regarding social, economic,
institutional, and physical resilience to seismic risk. In the decision-
making process, the socio-economic resilience index can provide
information about each local government's relative level of socio-
economic resilience which should be considered for deducting
feasible decision-making. Moreover, though the initial priority of
retrofit of roads is determined by quantitative factors such as the
direct and indirect impact of seismic risk and the budget required for
seismic retrofit, it is necessary to reflect qualitative factors such as
regional risk, vulnerability, and recovery capabilities based on socio-
economic resilience to the local government’s final decision-making
in decision-making module.

The resilience assessment of a complex road network, which
is difficult to perform with existing sampling technology, can be
calculated using the ANN-based Surrogate model, and the reliability
of decision-making was improved. In addition, the software
developed in this study can support decision-makers in making
intuitive decisions by providing visual and graphical results of
seismic performance evaluation, so that economical and reasonable
seismic performance management can be achieved.
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