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Abstract: In this study, an artificial neural network (ANN)-based surrogate model is proposed to
evaluate the system-level seismic risk of bridge transportation networks efficiently. To estimate
the performance of a network, total system travel time (TSTT) was introduced as a performance
index, and an ANN-based surrogate model was incorporated to evaluate a high-dimensional network
with probabilistic seismic hazard analysis (PSHA) efficiently. To generate training data, the damage
states of bridge components were considered as the input training data, and TSTT was selected as
output data. An actual bridge transportation network in South Korea was considered as the target
network, and the entire network map was reconstructed based on geographic information system
data to demonstrate the proposed method. For numerical analysis, the training data were generated
based on epicenter location history. By using the surrogate model, the network performance was
estimated for various earthquake magnitudes at the trained epicenter with significantly-reduced
computational time cost. In addition, 20 historical epicenters were adopted to confirm the robustness
of the epicenter. Therefore, it was concluded that the proposed ANN-based surrogate model could be
used as an alternative for efficient system-level seismic risk assessment of high-dimensional bridge
transportation networks.

Keywords: seismic risk assessment; bridge transportation network; surrogate model; total system
travel time; artificial neural network

1. Introduction

Natural and man-made hazards can cause devastating damage to civil infrastructures, such as
transportation, water, gas, and power networks. Complex lifelines have been constructed densely
throughout entire cities; hence, disconnecting main components could cause not only massive direct
damage (e.g., repair costs), but also indirect damage (e.g., disruption of commercial and residential
activities). In particular, bridge transportation networks are extensively constructed to meet the needs
of commercial, industrial, and residential activities by providing products or supplies from source to
destination nodes through complex transportation systems. The frequency of recent natural disasters
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necessitates seismic risk assessment for complex bridge transportation networks and a post-hazard
recovery strategy. Therefore, it is essential to analyze the seismic performance of bridge transportation
networks, including disconnection of major components, and assess post-hazard performance under
disaster conditions [1,2].

For this purpose, numerous researchers have evaluated the performance of various lifeline
networks including bridge transportation networks under seismic conditions. In previous studies,
lifeline structures were analyzed through network system analysis, and the introduced analyses
of system performance evaluation can be classified into connectivity- and flow-based analyses.
Connectivity-based analysis identifies the connectivity between source and sink nodes by dividing
the damage states of a network’s components into bi-states (i.e., damaged or intact). Because such
a connectivity-based method is relatively simple and easy to handle, numerous prior studies have
evaluated networks based on connectivity analysis. For example, Esposito et al. [3] analyzed the seismic
reliability of a gas distribution network in Italy, considering key components such as metering/pressure
reducing stations of gas plants. Yoon etal. [2] performed the seismic risk analysis of a water transmission
network in South Korea. In addition, Nuti et al. [4] evaluated the seismic hazards of urban-level
power, water, and road networks, and Osorio et al. [5] estimated system reliability considering the
interdependencies between water distribution and power networks. Rokneddin et al. [6] introduced
Markov Chain Monte Carlo (MCMC) simulations to evaluate the reliability of a deteriorated highway
bridge network. They also proposed a recovery priority of bridge components and recovery strategies for
an entire network based on the network topology. Kang et al. [7] proposed a performance evaluation
methodology for bridge transportation networks based on a non-sampling-based methodology.
However, such a connectivity-based network analysis has limited accuracy in predicting network
performance because it does not reflect physical conditions such as the serviceability and capacity of
component facilities according to their various damage states.

To overcome this limitation, flow-based network analysis methodologies have been developed.
For example, Yoon et al. [8] conducted a flow analysis of a water transmission network in South Korea
by introducing a network update strategy based on pressure-driven analysis. Shi and O’Rourke [9]
and Wang and O’Rourke [10] developed the GIRAFFE software to evaluate the system performance of
five water network districts in the Los Angeles region, USA, against seismic conditions. Moreover,
Nuti et al. [11] proposed a flow equation that considers the damage states of major components to
evaluate the seismic safety of power networks in Sicily, Italy. In the case of transportation networks,
Choi and Song [12] developed a multi-group non-dominated sorting genetic algorithm and conducted
research to explore critical post-disaster scenarios by employing network impact measures such as
network flow capacity in the Eastern Massachusetts highway network, USA, and a Jeju transportation
network, South Korea. Tak et al. [13] evaluated the system-level seismic risk assessment of a bridge
transportation network in South Korea based on the maximum flow capacity, which was defined
as the maximum number of vehicles per unit time. Lee et al. [14] estimated the post-hazard flow
capacity of a bridge transportation network in the USA considering the deterioration of the bridge.
However, for bridge transportation networks, novel measures such as total system travel time (TSTT)
are required because not only node-to-node capacity but also all nodes in the network can be candidates
for source or destination nodes. TSTT can be introduced as a more realistic performance measure of
bridge transportation networks because it is based on the travel times of all vehicles and considers the
traffic and topology of the bridge transportation network. For these reasons, Sharma and Mathew [15]
introduced TSTT to a multi-objective network design problem, and Chang et al. [16] adopted TSTT as
a system measure to assess the physical damage and functional loss of transportation infrastructure
systems. Kim et al. [17] also used TSTT to conduct a study on earthquake loss assessment and
mitigation measures in the transportation network of Charleston County, South Carolina, USA.
However, their research has not been applied to high-order complex network problems, but also has
the disadvantage of having to calculate the TSTT directly for each scenario. Therefore, since a large
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computational time cost is required to calculate the performance index of each scenario, the entire
analysis time exponentially increases as the network dimension increases.

Methods for evaluating the performance of a network can be divided into sampling-based methods
and non-sampling-based methods. Sampling-based methods are straightforward and easy to use;
hence, various previous studies have carried out seismic risk assessments by adopting sampling-based
methods such as Monte Carlo simulation (MCS) [13]. However, when an analysis necessitating MCS
with a large number of samples (e.g., probabilistic seismic hazard analysis (PSHA) and network
design optimization) is of interest, a sampling-based method may require a significant amount of
computational time [18]. To overcome this limitation, Stern et al. [19] evaluated the seismic performance
of the California water network through logistic regression and the kernel support vector classifier,
and Duefias-Osorio and Rojo [20] proposed a radial topology to measure the system reliability effectively.
In addition, a non-sampling-based method, termed the matrix-based system reliability (MSR) method,
has been developed in several previous studies to predict various system reliabilities [21,22]. Moreover,
a recursive decomposition algorithm (RDA) was developed as another new non-sampling-based
approach, and various network reliabilities have been evaluated using the RDA methodology [23-26].
However, this previous research has the disadvantage of simply performing connectivity analysis
according to the bi-state of network components without taking into account the network flow analysis.
Therefore, the previously proposed methods can only depict the tendency of the overall performance
degradation of the network.

In addition, the existing sampling- and non-sampling-based methods have some limitations
in seismic risk assessment with a robust performance measure for complex networks. Many of
the existing methods have been applied only to critical urban infrastructure systems by adopting
relatively simple measures of network performance such as connectivity and maximum flow capacity.
Furthermore, although some researchers developed methods such as multi-scale approaches [27,28]
and the branch-and-bound method [21] to deal with complex network problems, the preliminary
studies have not been applied to extremely-complex network systems and have not aimed to reduce
the time cost of iterative calculations for various epicenters and earthquake magnitudes. Therefore,
these approaches are unsuitable for evaluating system reliability measures of complex lifeline networks
with sophisticated performance measures such as TSTT.

This study proposes an accelerated methodology of system-level seismic risk assessment with a
novel system performance measure. By adopting the performance measure of TSTT which considers the
total travel times of the entire network system between multiple pairs of origin and destination nodes,
the performance of a bridge transportation network can be measured more accurately. In addition,
to reduce the computational time, an artificial neural network (ANN)-based surrogate model was
employed because it is difficult to calculate the TSTT measurement directly for PSHA considering
multiple epicenters and earthquake magnitudes. The surrogate model enables accelerated calculation
of the novel performance index of complex networks without direct calculation of an entire framework.

To demonstrate the proposed method with an ANN-based surrogate model, an actual bridge
transportation network in Pohang, South Korea, was adopted, and the network map was reconstructed
based on the locations of bridges and roads. In addition, the training data for the ANN-based surrogate
model were set to the epicenters and magnitudes of historical earthquake data to generate random
events, and the damage states and results of TSTT simulation of the bridge were utilized as input and
output data, respectively. The performance of the proposed surrogate model was verified through the
correlation coefficient of the generated surrogate function. The constructed surrogate model was able
to estimate the mean total travel time and relative importance of the bridge transportation network
according to the various earthquake magnitudes and epicenters.
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2. Proposed Method

2.1. Conventional Monte Carlo Simulation (MCS) Framework for Direct Calculation

Figure 1 shows a conventional framework for evaluating the seismic performance of bridge
transportation networks based on the MCS approach. For direct calculation in a MCS framework,
the network map should be reconstructed using geographic information system (GIS) data. Once an
epicenter and earthquake magnitude are identified, the ground motion of the entire region of the
target network can be calculated using the spatially correlated ground motion prediction equation
based on the reconstructed network map. When the intensity of the ground motion is determined at
the locations of bridge structures, the probabilities of bridges according to their damage states can be
calculated from seismic fragility curves.

_I Direct calculation MCS framework l_

|—( Input data (i) I—

Bridge network topology data

| Generation of carthquake scenarios I

—| Input data (ii) I— Identification of epicenter and
- Ground motion prediction equation earthquake magnitude
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Figure 1. Conventional Monte Carlo simulation (MCS) framework for direct calculation.

Using the probabilities, a large number of samples of bridge damage states are generated. In each
damage state sample, the performance and flow capacity of bridge structures are determined according
to the damage states and can be utilized as input data for bridge transportation network analysis
through the determined damage states. For this purpose, traffic analysis of a bridge transportation
network requires basic information such as network topology data and number of lanes, link type
(roadway or expressway), vehicle speed limit, and time required to pass each link for each bridge. If the
damage states and flow capacity of each bridge facility are determined, the travel time of the source
node to the destination node can be calculated through traffic analysis, and the summation of total
travel time between all nodes is defined as TSTT. One of the widely used programs for traffic analysis
is EMME/4 developed by the INRO company, Canada. It is a software package of travel demand
modeling that enables the TSTT calculation of an entire network at the macro level. EMME/4 considers
the specific roadway network with each bridge facility and the travel demand of traffic analysis zones
based on traditional four-step travel demand modeling, which enables stable macro function analysis.
When bridges are damaged due to an earthquake, the capacity of road links, in which the damaged
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bridges are included, is reduced. Subsequently, the optimized outcomes of traffic assignments are
changed in the form of increasing TSTT. By comparing the TSTT of each scenario, the seismic risk
of bridge transportation networks can be assessed. It has been adopted to estimate the performance
of a transportation network in several studies [15-17], and we also adopted the EMME/4 software
to calculate TSTTs in this study. If the mean value of TSTT calculated in the ith sampling satisfies a
convergence criterion, the average total travel time and relative importance measure for each scenario
are calculated, and the entire algorithm ends. If not, an iterative process of calculating TSTT with the
(i + 1)th sample is required.

2.2. Artificial Neural Network (ANN) Model

ANN is known as an artificial intelligence technique that constructs a transfer function (with
hidden layers and neurons) through pattern recognition of input and output data. This technique
expresses the complex relationship between input and output data as a simple mathematical function
with supervised learning. Because the recent deep- and machine-learning technologies are approaches
developed based on existing neural networks, the ANN technique has many advantages that system
users can exploit to easily handle these tools with relatively fast operation speed. For this reason,
numerous researchers have used ANN techniques in a variety of engineering research fields such as
structural health monitoring [29], structural control [30], damage detection [31-33], and structural
response estimation [34-36].

To evaluate the performance of a bridge transportation network against various seismic conditions
efficiently, this study adopts an ANN-based surrogate model. The surrogate model enables accelerated
seismic risk assessment, especially when calculating network performance that requires a high
computational cost such as TSTT in high-dimensional bridge transportation networks. Although some
initial training time is required to build the surrogate model, once the model is constructed, no more
sophisticated-traffic analysis is required. The surrogate model enables effective prediction of system
performance even for high-dimensional bridge networks with novel performance indices, it can be
used for various iterative analyses such as seismic risk assessment, network resilience estimation,
PSHA, and optimization problems.

2.3. Proposed ANN-Based Surrogate Model

In this study, TSTT was introduced as the performance index of a bridge transportation network,
and an ANN-based surrogate model with the MCS framework was proposed to predict TSTT. Figure 2
shows a flowchart for integrating a surrogate model with the MCS framework to evaluate the mean
TSTT and relative importance measure. The input data required to execute system reliability are the
topology data (nodes, links, adjacent matrix) of the bridge transportation network, spatially correlated
seismic attenuation law of the target network, and damage states and fragility curve parameters of the
bridge components.

The United States Federal Emergency Management Agency (FEMA) [37] proposed the failure
probability of a bridge structure as five levels of damage states and estimated the fragility curve based
on past empirical data as a lognormal curve (expressed as a median and a log standard deviation).
A fragility curve is defined as the conditional probability based on the ground intensity measure [38],
and FEMA determined that spectral acceleration (SA) predicts the failure probability of the bridge
structure well. In the case of the seismic attenuation law, the ground motion prediction equation
proposed by Emolo et al. [39] was utilized for non-linear regression analysis of 222 earthquake datasets
from 132 stations in South Korea. The intensity of the mean ground motion from that study can be
expressed by the following equation:

ln(SA,']') =c1 4+ ooM; + C3l?l( A [Rijz + hZ) + C4Rl’]' + c58 @)
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where SA;; represents the spectral acceleration at site j when an earthquake occurs at source i,
M; represents the earthquake magnitude at the epicenter i, R;; is the epicentral distance between
source i and site j, & is the length of focal depth (km), ¢; ~c5 represent non-linear regression coefficients
(in this study, the regression coefficients are assumed to be —5.15, 0.95, —0.92, 6.8, —0.0003, and 0.208,
respectively [39]), and s denotes a dummy variable and is assumed to be either -1, 0, or 1 depending
on the station.

ANN-based surrogate model with accelerated MCS framework
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- Bridge network topology data
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I Generation of carthquake scenarios | |

- Ground motion prediction equation carthquakelmagnitude network damage state events
with spatial correlation l
_I Input data (iii) l_ | Calculation of source-to-site dis |
-Damage states of bridge component l | Transportation nctwork analysis (Emmc 4)
-Fragility curve parameters of — — —
bridge component Estlmahoq of failure probability l
with N samples
Estimation of TSTT through direct
1 calculation MCS framework
Decision of k-dimensional
damage states of i sample
l Build surrogate model for response prediction
I Estimation of TSTT of i sample | Y=f(d(1),d(2),--,d(k))

oes mean TSTT converge

*Evaluation of mean TSTT
*Relative importance measure

|

End

Figure 2. Flowchart for accelerated seismic risk assessment of bridge transportation networks.

In addition, in this study, inter- and intra-event terms were considered to represent the uncertainty
of ground motion [40,41]. Inter-event terms indicate the uncertainty with which the energy transmitted
to the ground surface varies owing to the characteristic of the earthquake itself, whereas intra-event
terms indicate the uncertainty with which the transmitted energy to the ground surface varies
depending on geotechnical environments and seismic attenuation paths. The uncertainty of ground
motion intensity py.r,; can be expressed by the following equation [42,43]:

01]2 0‘52 (A ) (2)
= + ..
Piota 01]2 + 052 0-172 + 052 A

where 0, and o, represent predefined inter- and intra-event residuals with zero mean value, and p(Ai ]-)
represents the spatial correlation equation. In this study, the intra-event correlation equation proposed
by Goda and Hong [44] was utilized, and the correlation function can be expressed by the following
equation:

p( Aij) — ¢(-0509V4) (3)

where A;; represents the distance between the ith site and the jth site.
Once the input data required to apply the ANN-based surrogate model with the MCS framework
are acquired, the epicenter and magnitude of the earthquake are determined according to each scenario.
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Depending on the epicenter and the earthquake magnitude, the failure probability of each bridge
component can be evaluated according to the source-to-site distance. When the failure probability of
each component of the entire system is determined, the k-dimensional damage states can be determined.
Based on the damage states, TSTT can be evaluated through the surrogate model based on supervised
learning. The surrogate model can be constructed using training data generated from determined
epicenter and TSTT results. In this study, the k-dimensional bridge damage states and TSTT calculated
by EMME/4 software (multimodal transport planning software) were generated as input and output
data for training data. In addition, TSTT was defined using the following equation:

N
TSTT = ViT; 4)
j=1

where V; represents the total volume (available number traffic per day) of the jth link, T; represents
the time required to pass the jth link, and Nj represents the number of links of the entire bridge
transportation network.

Furthermore, the TSTT incremental factor (TIF) was proposed as a new performance measure in
this method. TIF is defined as the increment of the average TSTT by the observed failure event of each
bridge, which enables the relative importance of the bridge structures to be quantified. The proposed
TIF can be expressed as
TSTTygic;

TIF; =1~ — 57T,

®)
where TIF; represents the relative importance measure of the ith bridge, TSTT,,|c; represents the mean
TSTT of the entire system when the ith bridge has a failure, and TSTT}, denotes the mean TSTT.

3. Application Example

3.1. Description of Target Bridge Transportation Network

To demonstrate the ANN-based surrogate model with an MCS framework proposed in Section 2.3,
an actual bridge transportation network in Pohang, South Korea, was adopted in this study. The target
network lies on a dense fault in southeast South Korea, and a magnitude 5.4 earthquake occurred in
2017 [45]. South Korea is known to have a relatively low earthquake probability, but recent frequent
earthquakes and aftershocks have increased the level of interest in seismic risk assessment [46].

Figure 3 shows the topology of the target bridge transportation network, which comprises
1440 nodes and 3490 links. In addition, the bridge connecting each road network comprises 48 long-span
bridges, including highways and national highways. The aim of this numerical analysis is to find
TSTT of all nodes according to the damage states of 48 bridge structures. Figure 4 shows detailed
structural information such as the superstructure type and traffic volume distribution for 48 bridges
that compose the transportation network. The superstructure of the bridge is classified into six types,
and the maximum volume of vehicles that can pass is up to 43,000 per day. In addition, travel demand
of traffic analysis zones is determined based on the population and the number of households from the
2015 Census conducted by the Korean government [47]. The mean total span length of 48 bridges is
101.15 m with a minimum of 10 m and a maximum of 455 m, the mean length of each span is 23.68 m
with a minimum of 9 m and a maximum of 70 m, and the mean pier height is 5.73 m with a minimum
of 2.5 m and a maximum of 25 m.
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Figure 3. Reconstructed target bridge transportation network.
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Figure 4. Structural information of 48 bridge structures. (a) Superstructure type, (b) traffic volume distribution.
3.2. Uncertain Magnitude and Location of Epicenter for Probabilistic Seismic Hazard Analysis (PSHA)

Figure 5 shows the considered locations of the 20 major historical epicenters and bridge structures
for PSHA analysis. To identify the uncertainty of the magnitude of the earthquake in the target area,
historical data of earthquakes with magnitude 3.0 or higher from 1 January 1918 to 22 August 2018,
were collected by the Korea Meteorological Association (KMA), and it was assumed that location
uncertainty of the 20 epicenters was the same. Based on the 20 epicenters proposed by Tak et al. [13],
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the uncertainty of the magnitude of the earthquake in the target network was presented by the bounded
Gutenberg—Richter (G-R) recurrence law [48,49]. The results of PSHA in the target area show that the
coefficient values of 2 and b (in the G-R recurrence law) calculated by regression analysis are 2.167 and
0.699, respectively. In this study, the magnitude of the earthquake in the target network was considered
as 4.5 to 7.5, and the bounded probability density function of the earthquake magnitude between the
normalized magnitudes of 4.5 and 7.5 through the G-R relation law can be expressed as shown in
Figure 6 [13].

A : Bridge structure
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Figure 5. Locations of the considered bridge structures and epicenters in the target network.
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Figure 6. Discrete bounded probability density function of earthquake magnitude ranging from 4.5 to 7.5.

3.3. Construction of ANN-Based Surrogate Model

In this section, an ANN-based surrogate model was constructed to predict the TSTT performance
of the bridge transport network. Five damage states of 48 bridges were considered as the input values
of the ANN model for constructing the surrogate model and were assumed to be integer values from 0
to 4 depending on each damage state. In addition, for the input data generation for training, Epicenter 8
shown in Figure 5 was selected as the training epicenter, and the input earthquake magnitude was
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considered as 7.0 with a focal depth of 10 km. Moreover, the ground motion intensity SA of each bridge
was utilized to determine the damage state of each bridge according to the spatially correlated seismic
attenuation law from the input earthquake. Finally, TSTT values for each scenario were calculated by
EMME/4 and considered as output data. In addition, to reflect the traffic flow capacity of the damaged
bridge, the reduced traffic volume was considered according to each damage state. Table 1 shows
the reduced capacities of a damaged bridge structure according to damage states for transportation
network analysis.

Table 1. Reduced capacities of damaged bridge structure.

Damage State Reduced Capacity
Complete damage 0%
Extensive damage 25%
Moderate damage 50%

Slight damage 75%

No damage 100%

In this study, an ANN-based surrogate model was trained with a total of 100,000 randomly
sampled data. In addition, 30,000 sufficient epochs were adopted, and 100,000 data were set with the
ratio 0.7:0.15:0.15 (training: validation: test) to prevent under- and overfitting problems of training,
validation, and test data in surrogate models. The surrogate model was validated through the
correlation coefficient of each dataset. Table 2 shows the configuration of the neural network for
constructing the surrogate model. In addition, the sigma and lambda values of the training function
were utilized as 5 x 107° and 5 x 1077, respectively, and the minimum gradient was set to 1 x 108
for learning parameters. The number of hidden layers and neurons was determined through trial
and error, and learning parameters that could be converged by a 48-dimensional function with five
variables were considered as representative values.

Table 2. Neural network construction for surrogate model.

Network Properties Utilized Function or Value
Network input dimensions 4801
(output dimensions) @
Network type Feed-forward backpropagation
Training function Scaled conjugate gradient backpropagation
Adaption learning function Gradient descent with momentum weight and bias learning function
Performance function Mean squared error
Number of layers 20
Number of neurons 20
Transfer function Hyperbolic tangent sigmoid transfer function

Figure 7 shows that the mean squared error (MSE) values of the training, validation, and test sets
of the ANN-based surrogate model converge as the epoch increases. In this study, 30,000 epochs were
considered to avoid underfitting and overfitting problems. Figure 8 shows the correlation coefficient (R)
values for the training, validation, and test data of the neural network as 0.9853, 0.9759, and 0.9760,
respectively, and the correlation coefficient for 100,000 data was calculated as 0.9825. As a result of the
coefficient correlation of the constructed surrogate model, it was confirmed that the accuracy of the
network performance response can be predicted with high accuracy.
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3.4. Analysis Results

In this section, the mean traffic quantity of various epicenters and earthquake magnitudes were
estimated using the surrogate model which was described in Section 3.3. Twenty locations of the
input earthquake ground motion were considered (Figure 5), and the earthquake magnitude range
at the epicenter was considered to be M 4.5 to 7.5. The accuracy of the surrogate model was verified
through the correlation coefficient of the generated surrogate model, and a surrogate model was
applied to evaluate network performance according to the various earthquake magnitudes. In addition,
to identify convergence of network performance, the relative error of the coefficient of variation (COV)
of network performance according to the number of samples was confirmed. As an example, Figure 9
shows the convergence of the mean TSTT according to the number of samples at Epicenter 8 with an
earthquake of magnitude 7.5.

6
1.34 10 . T , ,

133+ 1

Mean TSTT

1.27} 1

1.26

0 2,000 4,000 6,000 8,000 10,000
Number of samples

Figure 9. Convergence of mean total system travel time (TSTT) according to the number of samples.

It is also noted in Figure 9 that 10,000 samples were required for only one set of epicenter and
earthquake magnitude, and it took approximately 2 s to calculate a TSTT for each sample using
EMME/4 and a general-purpose personal computer. For seismic risk assessment, similar analysis
should be conducted repeatedly for many different sets of epicenters and earthquake magnitudes.
In this example, the range of earthquake magnitudes (i.e., M 4.5 to 7.5) is divided by 0.1 intervals and
20 epicenters are considered, which means that the same MCS analysis with 10,000 samples should be
conducted 620 times. For the proposed method, however, only one set of 100,000 samples was required
to construct the surrogate model. Once the surrogate model is constructed, it took less than a minute
to calculate TSTTs for each epicenter and earthquake magnitude with 10,000 samples.

Figure 10 shows the mean TSTT values for earthquakes of 4.5 to 7.5 magnitude at 20 epicenters
and uncertain locations. The mean TSTT of the bridge transportation network tended to increase as
the magnitude of the earthquake increased, and the mean TSTT tended to decrease as the epicentral
distance from the principal network component increased. This is because the reduction in capacity of
each bridge component depends on the intensity and distance of the earthquake. Figure 10a,b show
that the mean TSTT decreased because the epicenter was farther from the target network compared
with the mean TSTT of uncertain locations (except for EQS). In addition, earthquake magnitudes below
6.5 did not significantly affect the average TSTT because the location of the epicenter was far. However,
as the earthquake magnitude gradually increased, the mean TSTT tended to increase rapidly. On the
other hand, in Figure 10c,d, the mean TSTT at locations 11-20 was significantly increased compared
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to the mean TSTT of the uncertain location because the considered epicenter was located around the
target network. Moreover, since the location of the epicenter was adjacent to the principal bridge
structure, the mean TSTT tended to increase rapidly even at relatively small earthquakes of M 6.0.
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Figure 10. Evaluation of mean TSTT with different epicenters and earthquake magnitude. (a) Locations
1to 5, (b) locations 6 to 10, (c) locations 11 to 15, and (d) locations 16 to 20.

Figure 11 shows the distribution of the mean TSTT for uncertain earthquake magnitudes over
20 epicenters, and the red curve shows the mean TSTT for uncertain locations. As seen in Figure 10,
it was found that the closer the epicenter location to the target network, the greater the impact of the

mean TSTT. On the

other hand, it was confirmed that the epicenter located relatively far away had a

small effect on the mean TSTT. In particular, it was confirmed that the locations of epicenters 8 and

14 had a significant

effect on the entire traffic flow of the target network.
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Figure 11. Distribution of mean TSTT according to earthquake sources for uncertain earthquake magnitudes.

Figure 12 shows the relative importance measures (TIF) of 48 bridges according to the relatively
high mean TSTT of epicenters 8 and 14 and uncertain scale and location. If the bridge structure had
a failure in a relatively high-importance component, disconnection occurred between major nodes
(high centrality) with many passages. As a result, travel time increased rapidly because vehicles could
not reach most nodes of the entire bridge transportation network. On the other hand, it can be seen
that relatively low-importance bridges did not have a significant impact on the mean TSTT even if the
bridge was destroyed because bridges with low relative importance were mostly in suburban regions
of the city or far from the principal connecting node (low centrality). Figure 12 shows the TIF for
relatively high-importance bridges, and when compared to Figure 11, the analysis results showed that
the bridges with relatively high relative importance were at the center of the target network, especially
in the region with easy access to dense nodes in the center of the city. On the other hand, the remaining
bridges were outside the target network or around isolated nodes.
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Figure 12. Cont.
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Figure 12. Relative importance of bridge number (a) 1 to 12, (b) 13 to 24, (c) 25 to 36, and (d) 37 to 48.

4. Conclusions

In this study, an ANN-based surrogate model was proposed for accelerated seismic risk assessment
of a system-level bridge transportation network. To accurately evaluate the performance of the bridge
network, TSTT through traffic analysis was considered as a performance index, and the MCS framework
phase was adopted for performance evaluation according to each event. TSTT has high accuracy but
high calculation cost, so it is difficult to adopt it easily as a performance index. However, this study
proposed a methodology to predict TSTT without direct TSTT calculation by introducing an ANN-based
surrogate model to reduce excessive time cost. In addition, a maximum failure event generation
strategy that can efficiently reduce the number of system events was introduced to efficiently handle
the entire event vector.

To demonstrate the proposed methodology, an actual bridge transportation network was
reconstructed with 48 bridge structures and five damage states (1440 nodes and 3490 links). For various
earthquake scenarios, the performance of the entire network system was estimated stochastically
with respect to the amount of total travel time. Training data were generated with an earthquake
magnitude of 7.0, and TSTT values of various earthquake magnitudes at the various epicenter locations
were evaluated to verify the robustness of the epicenter and earthquake magnitude. As a result of
the numerical analysis, it was confirmed that the ANN-based surrogate model predicts TSTT very
accurately for the earthquake magnitude and the location of the epicenter.

Seismic risk assessments have been performed using the proposed methodology. However,
the methodology proposed in this study is expected to be applied for seismic resilience and optimal
decision making for civil infrastructure networks requiring numerous iterative analyses. Therefore,
it will be possible to evaluate the performance of the network system efficiently prior to earthquakes
and plan maintenance strategies immediately after earthquakes even in a high-dimensional bridge
transportation network.
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