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by 

Sushreyo Misra 

Railway and highway networks constitute the backbone of the US freight 

transportation network, and the rail-truck intermodal combination constitutes a popular 

emerging mode of freight transport. Although components of the intermodal network, 

namely railway bridges, highway bridges, roadways, railway tracks and intermodal 

terminals have suffered damage in past earthquakes with potentially significant economic 

consequences, a framework for assessing intermodal network resilience incorporating key 

component level input models is lacking in the literature.  This study introduces a 

framework for quantifying the time evolving functionality and consequently resilience of 

rail-truck intermodal freight transportation networks subjected to seismic hazard, 

incorporating input datasets and models that support the framework. The intermodal 

network is modeled as an integrated multi-scale network, enabling explicit modeling of 

network component disruptions on a high-resolution local scale near the site of the 

disruption event, as well as modeling resulting network throughput on a nationwide scale. 

In addition to formulating the overarching framework for resilience modeling of 

intermodal transportation networks, this thesis addresses pressing gaps in modeling the 

fragility and restoration of constituent components of these systems. Fragility models offer 

conditional probabilities of physical damage given the intensity of the hazard as well as 



other structural parameters, offering key input to overall resilience assessment of these 

networks. A new fragility modeling approach is proposed leveraging elastic nets 

regularization and logistic regression, and given that they are altogether lacking in the 

literature, this method is applied to derive new fragility models for typical railway bridge 

classes subjected to seismic hazards. Restoration models used in the resilience modeling 

framework, providing estimates of closure decisions and durations given damage states of 

intermodal network components, are scarce in the literature. Those that exist suffer from 

the use of limited expert opinion data and lack sufficient insights to relate practical 

estimates of closure to functionality. To this end, new restoration models are proposed for 

network components leveraging decision trees and clustered random forests, estimating 

both decisions and durations of complete closure as well as partial closures (e.g. speed 

restriction and load restriction). In addition to this, a fault tree model is proposed to model 

intermodal terminal functionality, enabling integrated assessment of rail and highway 

networks including explicit modeling of the performance of the nodes of freight transfer. 

Finally, a restoration scheduling strategy is proposed for optimal allocation of repair crew 

and corresponding network flows under limited resources, aiming to minimize costs from 

s are satisfied as far as 

possible. The framework and input models are tested using a case study analysis on the 

intermodal network of Memphis, TN subjected to an earthquake originating in the nearby 

New Madrid Seismic Zone. 

Overall, this thesis provides a framework for estimating the resilience of intermodal 

freight networks, while addressing gaps in key input models required to support the 

framework. The proposed framework and input models will be integrated within 



Interdependent Networked Community Resilience Environment (INCORE), an open 

source tool for community resilience modeling currently in development within National 

Institute of Standard and Technology (NIST) funded Center of Excellence in Community 

Resilience Planning. As illustrated in the case study application, this framework allows 

exploration of central questions in infrastructure resilience assessment, such as the spatial 

distribution of damage and relative impact of various hazard events; the temporal evolution 

of component and network level performance; the probability distribution of alternative 

resilience metrics specific to intermodal freight networks; or the impact of different 

approaches to restoration scheduling and post-event resource deployment. Furthermore, 

the models posed herein form a basis for probing broader questions in community 

resilience planning and decision-making, where the resilience of intermodal transportation 

infrastructure can have major implications on economic or social systems modeling given 

their role in goods transport, business activity and employment, and recovery of a 

community.     
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1.1. Background and Motivation 

Resilience of an infrastructure system is typically defined as the ability of the 

system to react to external and internal stresses adversely affecting its functionality and 

subsequently recover in a timely and efficient manner (PPD-8 2011, McAllister 2015). 

External stressors such as damaging natural or anthropogenic hazards are some of the 

leading causes of damage and loss of functionality to infrastructure systems (Faturechi and 

Miller-Hooks 2015). Having evolved originally from the field of psychology and 

psychiatry, the concept of resilience has subsequently forayed into the fields of ecology, 

social science, economics, mechanics and engineering (Renschler et al. 2010). Two key 

properties that characterize a resilient system (McDaniels et al. 2008, Chen and Miller-

Hooks 2012) are: 

1. Inherent robustness of the system contributed by the capacity of the components 

forming the system and the presence of redundancies within the system. 

2. Rapidity of post-event recovery actions, with optimal utilization of available 

resources aimed at minimizing the recovery time. 



Bruneau et al. (2003) defined resilience in terms of reduced probability of failure, 

reduced consequences and reduced recovery times using the concept of a resilience 

triangle. The evolution of system functionality from the post-event functionality  at 

time  immediately after a damaging event, up to the final recovered functionality level 

, where  denotes the total recovery duration, is quantified by a resilience triangle. 

Subsequent studies (e.g. Reed et al. 2009) used field data from Hurricane Katrina to relax 

the assumption of a linear recovery profile assumed in the resilience triangle concept to 

incorporate general non-linear recovery profiles. Resilience may be quantified using a 

variety of metrics, such as measures of system capacity, system redundancy, expected post-

event system performance and probability of exceeding certain prescribed system 

performance objectives. A typical non-linear functionality recovery profile which is often 

used in the functionality-based measure of resilience is shown in Figure 1.1. 

 

Figure 1.1 - Concept of resilience based on the classical resilience curve (Reed et al. 

2009) 



In the functionality-based definition of resilience rooted in the resilience triangle 

concept (Sun et al. 2018), the area under the resilience curve, shaded in Figure 1.1, is 

commonly used as a metric to quantify system resilience (Bocchini and Frangopol 2012a, 

Bocchini et al. 2014). The non-linearity in the recovery profile is characterized by the 

restoration profiles of components of the system in question as well as on time-dependent 

decisions by stakeholders on recovery actions, policies and schedules. The inherent 

robustness of the system controls the immediate post event loss of functionality given as 

, whereas the rapidity of post-event repair actions controls the total recovery time 

. The area under the resilience curve may be reduced by reducing either of these two 

or both, in order to improve the system resilience.  

In the context of transportation network resilience, the network as a whole 

constitutes a system and the critical infrastructure constituting the network (e.g. bridges, 

roadways, railway tracks) are its components. In particular, highway and railway networks 

are susceptible to natural hazards such as earthquakes, hurricanes, tsunamis and floods 

(Kachadoorian et al. 1968; Byers 2004), which can potentially damage roadways, bridges 

and railway tracks and result in disconnection and loss of accessibility to important 

locations. 

Railway and highway networks form the backbone of the freight transportation 

infrastructure in the United States (US), facilitating expedient movement of raw materials 

and finished products between producers and consumers. As a result, functionality of 

freight transportation infrastructure is critical not only for the national economy, but also 

for satisfying demands at a regional or community scale. The freight transportation network 

in the US is the largest of its kind in the world in terms traffic volume, responsible for 



transporting over $14 billion of goods annually (Bureau of Transportation Statistics 2018). 

Freight may be transported either by a single mode of transport or a combination of 

multiple modes of transport, such as truck, rail and waterways. Intermodal networks are 

defined as those which have at least two or more different transportation modes linked end-

to-end for moving a single shipment of freight (Southworth and Peterson 2000). Figure 

1.2(a) shows a distribution of freight transportation modes by ton-miles of goods carried, 

whereas Figure 1.2(b) highlights the fraction of the total ton-miles of goods carried by 

various intermodal combinations. 

(a)  

 

(b) 

 

Figure 1.2 - Percentage of freight shipped by ton-miles out of (a) all single and 

multiple modes (b) multiple modes only 



It is evident from the chart in Figure 1.2(a) that truck and rail are the leading carriers 

of freight by ton-miles. One ton of freight moved over one mile constitutes a ton-mile of 

freight flow; hence this is commonly used as a combined measure of volume and distance 

of goods moved. From Figure 1.2(b) it is observed that the combination of rail and truck 

alone accounts for 78.97% of multimodal freight, or 18.4% of the overall freight by ton-

miles, a major fraction of goods carried over all modes. The total value of goods transported 

by the rail-truck intermodal combination is estimated to be of the order of nearly $460 

billion. Table 1.1 provides the percentage of freight transported by rail, truck and rail-truck 

intermodal in terms of dollar value, tons and ton-miles over the last three releases of the 

Commodity Flow Survey database (Bureau of Transportation Statistics 2017), published 

every five years. 

Table 1.1: Freight flow volumes over single and multiple modes as percentage of 

total 

Year Category 
Truck 
(%) 

Rail (%) 
Rail-Truck 

Intermodal (%) 
Total (%) 

2017 
Value 73 1.4 3.2 77.6 
Tons 71.5 9.3 5.2 86 

Ton-miles 41.6 26.9 18.4 86.9 

2012 
Value 73.1 3.4 1.6 78.1 
Tons 71.3 14.4 1.9 87.6 

Ton-miles 42 40.8 5.7 88.5 

2007 
Value 71.3 3.7 1.6 76.6 
Tons 70 14.8 1.8 86.6 

Ton-miles 40.1 40.2 5.9 86.2 
 

Table 1.1 reveals that rail is a significant contributor to freight transport in terms of 

ton-miles of goods transported, indicating that it is the preferred mode for long haul 



transport. Additionally, freight flow data from the three most recent releases by the 

Commodity Flow Survey database suggests a more than three-fold increase in the 

percentage by ton-miles of rail-truck intermodal transport in 2017 compared to 2012. This 

data clearly indicates that freight shippers are increasingly tending to switch from 

exclusively truck and rail transport to intermodal transport. In particular, the percentage of 

rail transport has decreased significantly, since railway routes are more rigid than truck 

routes, despite the advantages afforded in haulage and fuel costs. In summary, the increased 

emphasis towards intermodal transport in recent years may be explained by a combination 

of factors that include increased economy of transport, greater flexibility of route choices 

and enhanced efficiency in delivery times. Alongside this increasing demand for 

intermodal freight transport, there is a growing need to develop tools and models to 

quantify the natural hazard resilience of these networks, supporting subsequent efforts to 

minimize the impacts of disruption or improve the hazard resilience. 

 

Figure 1.3 - Components of rail-truck intermodal networks 



Any disruption to freight movements can result in severe economic and social 

consequences, whereby shippers need to alter the supply chain, carriers need to find 

alternate routes and receivers fail to receive their goods on time (Uddin and Huynh 2016). 

Disruptions to freight movement can be a result of physical damage to the components of 

intermodal networks inflicted by natural hazards. The various components and 

subcomponents of a rail-truck intermodal transportation network have been summarized in 

Figure 1.3. The key components of a rail-truck intermodal networks include highway 

bridges and roadways as part of the highway network, railway bridges and tracks as part of 

the railway network, and intermodal terminals linking the highway and railway networks. 

These components further consist of subcomponents such as abutments, bearings and 

columns for highway and railway bridges, and power facilities, fuel facilities, dispatch 

facilities and cranes as part of the intermodal terminals. In the past, each of these 

subcomponents and consequently the components have been vulnerable to damage and loss 

of functionality under extreme earthquakes, as observed in the 1964 Great Alaska 

Earthquake (Kachadoorian et al. 1968) in Anchorage, Alaska, 1995 Hyogoken-Nanbu 

Earthquake (Chung et al. 1996) in Kobe, Japan, the 1994 Northridge Earthquake (Todd et 

al. 1994) in Northridge, California and the 2015 Canterbury Earthquake (Wotherspoon et 

al. 2001) in Christchurch, New Zealand among others. However, the state-of-the-art in 

natural hazard resilience modeling of transportation networks models lack studies that 

simulate damage and restoration of network components as part of the resilience 

assessment framework (e.g. Miller-Hooks et al. 2012). Moreover, there are major gaps in 

the availability of input models required for evaluating functionality and resilience of 

intermodal networks.  



1.2. Objectives and Scope of Research

Given the importance of intermodal freight transportation networks in supporting 

the regional and in turn national economy, there is a need to make these systems more 

resilient to disruptions occurring from natural hazards. In this regard, methods and models 

are required to quantitatively assess the resilience of these networks, accounting for the 

uncertainties originating from the hazard, physical damage and functionality recovery. The 

overarching goal of this study is to develop a framework that allows quantification of 

intermodal network resilience, as well as key input models required to support the 

framework. Resilience quantification of intermodal networks require input models to 

simulate physical damage to the components of the network, estimate the functionality 

states and downtimes of these components from the beginning of restoration activity, and 

finally estimate the schedule in which the restoration activities are carried out under various 

operational constraints. In order to achieve this research goal, the objectives of this thesis 

can be summarized as follows: 

 Establish a mathematical framework to assess intermodal network resilience using 

practical and quantifiable metrics. 

 Develop input fragility models for estimating damage to intermodal network 

components based on gaps identified in existing literature. 

 Develop input restoration models for estimating functionality from damage of 

intermodal network components, as well as the corresponding downtimes computed 

from the beginning of restoration activity, based on gaps identified in existing 

literature. 



Develop a multi-scale model of the national intermodal network to efficiently 

estimate the effects of localized network disruptions on the global network. 

 Establish an optimization framework to schedule the restoration activities in 

damaged network components under limited resources to efficiently restore 

functionality and enhance resilience of intermodal networks. 

 Illustrate the models developed using a case study example that highlights freight 

flow on the US national intermodal network following a regional seismic disruption 

event. 

1.3. Thesis Outline 

The remainder of the thesis is organized into six different chapters. The workflow 

containing a brief overview of the contents of Chapter 3 through Chapter 7 is illustrated in 

Figure 1.4. 

 

Figure 1.4 - Flowchart of Chapters 3 through 7 



Chapter 2 presents a detailed literature review to highlight the state-of-the-art and 

investigate specific research needs on the problems addressed in this thesis, namely 

seismic fragility modeling of intermodal network components, restoration modeling 

of intermodal network components and network resilience analysis with an emphasis 

on intermodal networks. 

 Chapter 3 presents the conceptual and mathematical framework for quantifying 

resilience, including metrics for quantifying resilience, highlighting the key input 

tools and data required.  

 Chapter 4 presents new fragility functions of typical railway bridge classes 

leveraging elastic nets regularized logistic regression, to complement the framework 

presented in Chapter 3. In addition to this, input fragility models for other intermodal 

network components adapted from literature are illustrated and discussed.  

 Chapter 5 presents restoration models linking damage to functionality for each 

intermodal network component, complementing the framework in Chapter 3. In 

addition, this chapter contains discussions on expert-opinion surveys carried out as 

part of this study to inform restoration models of intermodal network components, 

followed by methodology used to leverage this data in conjunction with empirical 

data to train component-specific restoration models. 

 Chapter 6 presents an optimization framework to estimate the optimal resource 

allocation strategy to maximize resilience. This optimization framework serves as an 

input recovery scheduling model used to estimate intermodal network resilience.      



Chapter 7 presents an application of the proposed framework to a case study 

intermodal network to evaluate the effects of a regional seismic hazard on the 

resilience of the national intermodal network. The framework is leveraged to study 

the effect of varying levels of seismic hazard and optimal restoration scheduling 

strategies on the estimated resilience.  

 Chapter 8 summarizes the conclusions and major contributions of this thesis and 

discusses potential opportunities for future work. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 This chapter reviews literature on existing approaches for resilience analysis in the 

context of intermodal freight networks, fragility modeling and restoration modeling of 

intermodal network components. Seismic resilience quantification of rail-truck intermodal 

networks requires damage fragility models as well as restoration models of the network 

components that relate damage to functionality, namely bridges, roadways and railway 

tracks, as key inputs. The literature review is divided into three subsections. The first 

presents a review of the existing methods and metrics for analyzing transportation network 

resilience. The next section presents the evolution of fragility models of the key network 

components, namely highway bridges, railway bridges, roadways and railway tracks. The 

next section presents a discussion on the state of the art in restoration modeling of various 

network components. The final section contains a discussion on the existing studies in 

freight flow modeling under disruption and recovery scheduling in intermodal networks, 

highlighting the gaps from the perspective of the present study. 



2.1. Resilience modeling of transportation networks

Literature on resilience modeling of transportation networks tends to address two 

key issues as reviewed herein. Firstly, various metrics of network resilience available in 

literature are discussed, with an aim to identify suitable metrics that can be used or adapted 

for this study. Next, the existing functionality metrics required to define resilience are 

discussed, with a focus on metrics defined for transportation networks or similar 

infrastructure networks of relevance to intermodal freight transportation networks. 

Resilience of transportation networks, as in several other systems, was defined by 

Reed et al. (2009) in terms of network functionality  as 

                                                                                                 (2.1) 

The hazard event is assumed to occur at time  and  denotes the instantaneous value 

of the network functionality at time . Essentially, Equation 2.1 represents the area under 

the resilience curve in Figure 1.1, normalized by the length of the recovery duration. The 

same definition of resilience index has been used by later researchers (e.g. Karamlou and 

Bocchini 2016) for characterizing highway network resilience. Alternatively, a more 

general form of this relationship can be expressed in the form of Equation 2.2 (Ouyang and 

Wang 2015), where the resilience is computed as a ratio of the actual functionality to a 

target level of functionality .  

                                                                                               (2.2) 

Equation 2.2 may be interpreted as the area under the resilience curve over the total 

recovery duration normalized by the area under the target resilience curve. Assuming a 

target functionality , which essentially is the pre-event functionality level, 



, indicating that Equation 2.1 and Equation 2.2 lead to identical results.  It 

follows that quantification of resilience requires a definition of a suitable network 

functionality metric. 

Network functionality , a key component in quantifying network resilience, is 

a measure of network performance at a specific instant of time during the duration of 

recovery. Several researchers have developed or adopted existing functionality metrics for 

transportation or other infrastructure networks. Some of these metrics are purely 

topological, whereas others account for network capacities and flow throughputs. The role 

of network topology in enhancing network resilience was studied by Zhang et al. (2015), 

who compared 17 different network topologies and concluded that networks with higher 

inherent redundancies are more resilient to disruptions. Ip and Wang (2011) used weighted 

degree centrality as network functionality index, computing a weighted sum of the 

reliability of all edge-independent routes across all relevant Origin-Destination (O-D) pairs 

in a network. Network efficiency, defined as a sum over the reciprocals of the shortest path 

lengths of all pairs of network nodes (Latora and Marchiori 2001), is a topological metric 

that has been used adapted to represent transportation network functionality. Guidotti et al. 

(2017) used network efficiency in a weighted sense, using link distances as weighting 

functions, to evaluate network functionality for bridge networks. Zhang et al. (2017) used 

erent restoration scheduling 

strategies and identify the most optimal strategy, given a deterministically assigned bridge 

damage scenario. On the other hand, Chen et al. (2017) criticized this approach since it 

attempts to break down resilience, a system level concept, into constituent components and 



interventions. A summary of different metrics quantifying transportation network 

functionality found in literature that can be potentially used to assess network resilience 

are provided in Table 2.1. 

Table 2.1: List of network functionality metrics that can be used in resilience 

assessment 

Reference Application Description of the metric 

Ip and Wang (2011) Road network 
Number of independent pathways 
available between all O-D pairs 

Miller-Hooks et al. (2012) 
Intermodal 

network 
Ratio of expected post-event network 

demand to pre-event demand 

Omer et al. (2011) Road network 
Ratio of post-event travel time to pre-

event travel time 
Faturechi and Miller-Hooks 

(2014) 
Road network 

Ratio of post-event travel time to pre-
event travel time 

Franchin and Cavalieri 
(2015) 

Road network Percentage of population displaced 

Karamlou and Bocchini 
(2016) 

Road network Connectivity measure 

Chen et al. (2017) 
Intermodal 

network 

Adaptation of Miller-
quantify connectivity, travel time and 

capacity 
Guidotti et al. (2017) Bridge network Network efficiency 
Zhang et al. (2017) Road network Same as Ip and Wang (2011) 

Miller-Hooks et al. (2012) provided a general definition of resilience as a ratio of 

expected post-event network throughput to pre-event network throughput, which is 

essentially an extension of Equation 2.3 assuming the pre-event functionality to be the 

target functionality level:  

                                                    (2.3) 



where  is the maximum network demand post-hazard and  is the maximum demand 

pre-hazard and  denotes a specific shipment from the set of all shipments . Network 

throughput, used as a measure of functionality, can be interpreted as number of vehicles, 

number of passengers or volume/value of goods, depending on the specific application. 

Miller- dness and 

recovery actions in enhancing intermodal freight network resilience for a randomly 

metric actually quantifies the network performance at a given post-event state; this means 

that it can be adapted to compute a measure of  at any time instant  during the 

restoration time horizon given the state of the network at that instant. Zhang et al. (2015) 

adapted Miller-  from three different 

perspectives: resilience based on throughput was defined by replacing  with the total 

network throughput corresponding to shipment ; resilience based on O-D connectivity 

was defined by replacing  with a binary variable which takes a value 1 if path connecting 

origin and destination of  is connected and 0 if disconnected; finally, resilience based on 

average reciprocal distance was defined by replacing  with the reciprocal of the shortest 

path length for shipment . Chen et al. (2017) adapted Equation 2.3 to define resilience of 

a of a port-

immediate recovery activities, to meet transport demand, as well as to recover and ensure 

the persistence of 

total satisfied container volume normalized by the container transportation service demand 

at a given instant of time was used as the functionality metric to support the framework in 

the above study. Another adaptation of Miller-



time as a performance indicator of freight transportation networks. With respect to travel 

time, resilience index may be defined as a ratio of post-event travel time to pre-event travel 

time in the network (Omer et al. 2011, Faturechi and Miller-Hooks 2014). Similarly, socio-

economic metrics of network performance such as percentage of population displaced 

(Franchin and Cavalieri 2015) may be used in conjunction with topological metrics to 

account for network resilience.   

 This literature review revealed various functionality metrics for transportation 

networks that could be used for quantifying network resilience, among which some (e.g. 

Miller-Hooks et al. 2012; Chen et al. 2017) were developed specifically for intermodal 

network applications. However, the general concepts proposed by these metrics have a 

wide range of applicability, both to single mode as well as intermodal networks. In general, 

studies evaluating the effect of natural or man-made disruption scenarios on intermodal 

freight networks propagate damage within the networks either by random selection of links 

lying in zones of high hazard intensity (e.g. Uddin and Huynh 2016; Miller-Hooks et al. 

2012) or by considering deterministic closure scenarios of specific bridges or railway track 

segments (e.g. Zhang et al. 2017). However, studies incorporating the physical 

vulnerability and probabilistic functionality models of infrastructure components in an 

intermodal network resilience analysis framework are lacking in literature. This motivates 

the need to adapt existing resilience frameworks to quantify intermodal network resilience, 

incorporating physical vulnerability models and probabilistic functionality models of these 

network components to obtain time-evolving estimates of functionality and resilience.  



2.2. Seismic fragility modeling for intermodal network components

Fragility models, quantifying the probability of exceeding prescribed damage states 

given the intensity of hazard, are frequently used to quantify seismic vulnerability of 

critical infrastructure (ATC 1985, Basoz and Kiremidjian 1997). The resulting probabilistic 

model propagates uncertainties both from the structural capacity as well as the demand on 

the structure due to the hazard. Railway tracks and bridges are critical components of the 

railway network whereas roadways and bridges are components of a highway network. In 

addition to these, intermodal yards, where shipments are transferred from truck to rail and 

vice versa, also form critical components of the intermodal network. This section discusses 

the evolution of the state-of-the-art in fragility modeling of each of these infrastructure 

components.  

Among the components of intermodal transportation infrastructure, fragility 

modeling of highways bridges has received the most attention in past decades. Seismic 

fragility models for bridges have been developed in the past for both individual bridges as 

well as a portfolio of bridges (Gidaris et al. 2017). The mathematical form of these models 

has evolved over the years from traditional single parameter fragilities conditioned only 

upon the ground motion intensity measure to the more recent parameterized fragility 

models that express fragility in terms of structure specific parameters in addition to ground 

motion intensity measure for expressing fragility. The foremost bridge fragility functions 

were either based on expert opinion (Rojahn and Sharpe 1985) or were empirically derived 

(Basoz and Kiremidjian 1999; Shinozuka et al. 2000; Yamazaki et al. 2000) for highway 

bridges. These earliest fragility models subsequently gave way to analytical or simulation-



based fragility functions. Typically, these studies perform nonlinear time history analysis 

on finite element bridge models and fit the component responses to a Probabilistic Seismic 

Demand Model (PSDM). These PSDMs are then used to evaluate component and system 

level fragility curves using either closed form or simulation based approaches (e.g. based 

on Monte Carlo Simulation), resulting in the traditional lognormal fragility function 

(Cornell et al. 2000) with an estimate of the median and dispersion for each damage limit 

state. Some of the earliest studies on analytical fragility functions (Hwang et al. 2001; 

Karim and Yamazaki 2001; Jernigan and Hwang 2002) focus on single bridges. With 

improved computational resources, subsequent researchers extended these ideas to 

generate fragility curves for a regional portfolio of bridges for the Central and Southeastern 

US (Choi et al. 2004; Nielson and DesRoches 2007; Padgett and DesRoches 2009), 

Western US ( ; Zhang et al. 2008 Ramanathan 2012) and 

Northeastern US (Pan et al. 2010; Agrawal et al. 2012).  

The traditional single parameter seismic demand models and corresponding 

univariate fragility functions from the above studies typically propagate uncertainties in 

structural and material parameters inherent in a bridge class into a single models, without 

tailoring the ultimate functional form to be sensitive to these parameters. In order to address 

this gap, more recent research on bridge fragility modeling has used response metamodels 

such as response surface methods (De Felice and Giannini 2010; Park and Towashiraporn 

2014) to estimate the seismic response of individual bridge components. These metamodels 

offer approximating functions of the response of bridges, thereby replacing costly finite 

element simulation, and offer efficient and flexible models for use in estimating the 

fragility of both individual bridges as well as a regional portfolio. With these improved 



response metamodels, fragility curves may be evaluated either using First Order Reliability 

Methods (FORM) (Schotanus et al. 2004), Monte Carlo Simulation (Seo and Linzell 2012) 

or through surrogate modelling techniques (Ghosh et al. 2013; Rokneddin et al. 2013; 

Kameshwar and Padgett 2014; Mangalathu et al. 2018). The most popular surrogate 

modelling technique for bridge fragilities has been logistic regression with a binary 

survival failure vector, as shown in Equation 2.4.  

                                                  (2.4) 

where  represents the  damage state,  represents seismic intensity measure, 

 represent the material and structural parameters that affect seismic response 

and hence fragility, and the function  is a regression function that 

represents the log odds in favor of the event. The right-hand side of Equation 2.4 represents 

the logit function that links the log odds in favor of exceeding damage state  to its 

probability of exceedance. 

An ideal metamodel representing bridge fragility, in addition to providing accurate 

estimates, must be interpretable in its mathematical form. An interpretable model is one 

that is described by a sparse subset of predictors that have the strongest influence on the 

quantity being predicted. Although forward stepwise regression with Bayesian Inference 

Criterion is a popular technique for attaining sparsity, such models are sensitive to the 

sequence of parameter selection and work best under the assumption of completely 

uncorrelated predictors. Mangalathu et al. (2018) compared various regularized regression 

techniques including ridge regression, Lasso regression and elastic nets for model quality 

and sparsity found that, although forward stepwise regression produced the sparsest 

metamodels, lasso regression gave the best performance on an unseen test set. The study 



by Mangalathu et al. (2018) further motivates the need to explore alternate techniques for 

model training, regularization and validation to ensure that the proposed models are 

adequately sparse while providing acceptably accurate estimates for bridge response and 

fragility. 

All of the above studies representing the state of the art in the study of bridge 

seismic fragility focus on highway bridges. In contrast, railway bridge fragility functions 

are scarce in the literature. Existing railway bridge fragility functions in literature were 

developed for a single case study bridge and not a regional portfolio of bridges. HAZUS-

MH (FEMA 2015) recommends using the same bridge classification scheme and fragility 

functions for railway bridges as those of similar highway bridge counterparts. This 

generalization fails to account for the unique structural types and design details associated 

with railway bridges. However, the consequences of such simplifications have yet to be 

explored in detail. 

Seismic fragility models for roadways and railway tracks are also scarce in the 

literature, as most existing studies typically assume bridges to be the only vulnerable 

network component (e.g. Kang et al. 2008; Liu et al. 2009). However, several instances of 

seismic damages to roadways and railway tracks have been observed in several past 

earthquakes such as during the 1964 Great Alaska Earthquake (Kachadoorian et al. 1996), 

the 2011 Canterbury Earthquake in Christchurch, New Zealand (Wotherspoon et al. 2011) 

and the 1999 Izmit Earthquake in Izmit, Turkey (Byers 2004). Among the only available 

seismic fragilities for roadways and railway tracks are those presented in HAZUS-MH 

(FEMA 2015) based on expert judgement. Roadway fragilities are provided for two 

categories of roadways, namely Major Roads and Urban Roads, as lognormal functions 



with permanent ground deformation as the intensity measure. The fragility functions 

proposed for Major Roads are recommended by HAZUS-MH to be also representative of 

railway track fragilities. Argyroudis and Kaynia (2014) improved upon this assumption by 

recommending new expert opinion-based fragility functions for railway tracks, with the 

argument that railway tracks have much lower damage tolerance than roadways owing to 

the operational necessity to maintain perfect alignment.  

Intermodal terminals consist of a variety of physically independent yet functionally 

interdependent subcomponents. These include fuel facilities (tanks, buildings and 

equipment), power facilities (on-site or offsite power), dispatch facilities, cranes and 

warehouses for storage. Rail-truck intermodal terminals have several components in 

common with port facilities, particularly those that aid in the handling, storage and dispatch 

of cargo containers. Damages to port structures have been documented in several past 

earthquakes, such as the 1989 Loma Prieta earthquake (EERI 1990) and the 1985 

Hyogoken-Nanbu earthquake (Chung et al. 1996). Container cranes, which may be either 

anchored or mounted on rails, are susceptible to damage from both from ground shaking 

and ground failure (Kakderi and Pitalikis 2014). Expert judgement based seismic fragility 

models for container cranes, classified as stationary (anchored) and rail-mounted 

(unanchored) cranes are available in HAZUS-MH (FEMA 2015). Over the last decade, 

analytical seismic fragility functions of cranes are also being developed (Chaudhuri et al. 

2010, Kosbab et al. 2010, Tran et al. 2019). Expert opinion based fragility functions for 

fuel facilities, power facilities (including onsite and offsite power) and dispatch facilities 

are also available in HAZUS-MH (FEMA 2015). Depending on the type of hazard critical 

for each component, these single-parameter fragility functions are conditioned upon either 



peak ground acceleration or permanent ground deformation. Given that the research on 

developing either empirical or analytical fragility functions of each of the stated intermodal 

network components is relatively nascent, the existing HAZUS-MH models provide the 

most comprehensive fragility models to characterize post-earthquake functionality of 

intermodal terminals. At the same time, sensitivity analysis is required to test the influence 

of the HAZUS-MH fragility models on the estimated network functionality and resilience.  

In summary, a review of literature on bridge fragility models reveals that, although 

several studies exist on fragility modeling of typical highway bridge classes in the US, 

similar studies for railway bridges are not available.  Given the unique structure types and 

design details common in railway bridges and the unique characteristics of the track 

structure, there is a need for fragility models specific to various railway bridge classes and 

for railway tracks in order to test the validity of the existing HAZUS-MH recommendation 

of using highway bridge and roadway fragilities respectively as proxies. The current state 

of the art in roadway and railway track fragility models, as well as in intermodal terminal 

components fragility models, are based on expert judgement. Further research in 

developing empirical or analytical fragility functions backed by physics-based finite 

element models are required in future for more accurate estimation of intermodal network 

resilience. 

2.3. Restoration modeling of intermodal network components 

In order to support resilience modeling of transportation infrastructure and 

subsequent impacts of natural hazard-induced disruptions on freight flow volumes, models 

are required that can relate anticipated repair actions and traffic closure durations to 



observed bridge/roadway/track damage, duly accounting for inherent uncertainties. The 

family of models that relate observed damage levels to some metrics of functionality are 

known as restoration models. Given the nature that human decision making also plays in 

the process, restoration modeling is subjective in nature and hence can be best informed by 

data driven models (e.g. Porter 2004; Padgett and DesRoches 2007). 

Data on damage to roadways, railway tracks and bridges and the resulting 

disruptions to transportation infrastructure is generally available in the form of empirical 

data from past events, prescriptive closure recommendations available in various 

inspection manuals or data collected from expert opinion surveys. Reconnaissance efforts 

following major past earthquakes have yielded significant documentation of observed 

damages and their consequences, with an emphasis on immediate closure or functionality 

reduction (Kachadoorian et al. 1968, Yashinsky 1989, Moehle et al. 1995, Chung 1996,  

Filiatrault et al. 2001, Wotherspoon et al. 2011). Although these studies are useful 

resources for preparing an empirical damage database, they usually have little or no 

information about bridge closure durations and the time evolution of functionality. Bridge 

closures are typically mentioned only if there is severe damage, requiring significant repair 

or replacement; hence these studies cannot be used for establishing a systematic 

relationship linking various damage levels to repair decisions and traffic closures. This is 

especially true for slight to moderate damage levels that may require only partial closures 

such as lane, speed or load restrictions. In addition to these studies, prescriptive manuals 

on bridge closure recommendations following major hazard events (i.e. based on observed 

damage) are sometimes available in documents published by State Departments of 

Transportation or DOTs (e.g., Indiana DOT (Ramirez et al. 2000),  and New York DOT 



documentation on railway track and railway bridge closures are not as common. At best, 

studies by Byers (2004) and Byers (2008) discuss some case study instances of seismic 

damage and disruption to railway bridges and tracks. According to these studies, the 

mandate in North America is that normal rail traffic operations are stopped for 3 to 8 hours 

in the event of an earthquake above magnitude 5, to allow for inspections within a 100 to 

150 mile radius from the epicenter. This may be followed by more long term traffic closure 

or speed restrictions depending on the severity of the damage and the repair procedure. 

 In order to compensate for the lack of sufficient empirical data relating damage 

levels to traffic closures, several researchers have conducted surveys of inspection and 

repair experts to inform restoration models relating damage levels to functionality. In the 

past, survey-based studies to relate damage to closure have largely focused on bridges, 

more specifically highway bridges.  HAZUS-MH uses results from a survey carried out as 

part of a study by ATC-13 on four respondents on the time required to reach 30%, 60% 

and 100% functionality levels, for railway and highway bridges, railway tracks and 

roadways. The HAZUS-MH restoration models constitute a pioneering effort towards 

collecting data and proposing models relating damage levels to closure times. The resulting 

statistics, based on four responses, were used to propose continuous restoration functions, 

with large variances in the estimates. Further, the HAZUS-MH restoration model assumes 

partial functionality levels without providing explicit definitions of these levels. Porter 

(2004) addressed this issue partially by designing a survey questionnaire to elicit the 

relationship between component damage levels of bridges to short term closures (1-3 days), 

long-term closures (over 3 days) and speed restrictions. Padgett and DesRoches (2007) 



carried out a survey of 28 US State Highway Agency officials on the traffic percentage 

carrying capacity at various instances of time up to 30 days for various levels of bridge 

component damage. The data available from these surveys and the resulting models 

describe the restoration timeline up to a certain time, and hence cannot be used to accurately 

capture long-duration closures (e.g. more than 30 days). Both of these studies use bridge 

system level damage states to predict functionality and traffic downtimes. However, in 

reality, maintenance personnel and decision makers make repair and closure related 

decisions based on a holistic observation of damages to individual bridge components. This 

drawback has been addressed by Mackie et al. (2010), Shafieezadeh et al. (2014), and 

Karamlou and Bocchini (2016) wherein they consider component damage states to evaluate 

bridge functionality and repair times. All existing studies describe bridge functionality as 

Implications of such functionality estimates in terms of traffic flow capacity of bridges are 

not clear, highlighting the need to tie intermediate functionality levels to practical estimates 

of traffic flow.  

As with the case of the damage fragility models, restoration models for railway 

tracks, roadways and intermodal terminal components are provided in HAZUS-MH. 

Similar to the HAZUS-MH bridge restoration models mentioned previously in this section, 

these restoration models are in the form of cumulative normal distributions with a unique 

mean and standard deviation for each damage state, without specific implications on 

practical estimates of functionality. Seismic damage, disruptions and downtimes of 

intermodal terminals has been studied primarily for seaport terminals (Pachakis and 

Kiremidjian 2004, Werner et al. 2011) which have some components similar to rail-truck 



intermodal terminals. Apart from these expert-opinion informed restoration functions 

available in HAZUS-MH, there have not been significant research efforts towards 

developing restoration models for any of these components and subcomponents of the 

intermodal terminal. Moreover, no clear framework is laid out to map the functionality of 

the components of the intermodal terminal to the system level functionality of these 

terminals. A fault-tree model is proposed in HAZUS-MH linking functionality of fuel 

facility subcomponents to that of the fuel facility as a system. However, an extension of a 

similar concept linking all the components of an intermodal terminal is lacking. 

A review of literature on existing restoration data and models relating roadway, 

railway track and bridge damage to closure highlights the need for models that can relate 

observed damage to practical estimates of functionality. Further, due to the lack of 

sufficient empirical data from past events to help inform these models, there is a need to 

collect new data using a systematic framework that relates various levels of roadway, 

railway track and bridge component damage observed during post-earthquake inspection 

to closure decisions and durations. In particular, for characterizing the performance of 

intermodal freight networks, explicit definitions of component-level functionality in terms 

of practical traffic restrictions are essential, as these different restrictions can have distinct 

effects on the freight transport. Moreover, all existing restoration models provide estimates 

of functionality recovery durations computed from the time of occurrence of the hazard 

event, without accounting for initial delays due to budget and crew constraints. As a result, 

these component level restoration models need a supplementary network level model that 

informs the schedule of network component recovery. 



2.4. Modeling optimal recovery of intermodal networks under 

constraints 

In the past, there have been considerable research efforts aimed at prioritizing 

network link recovery given budget constraints. A large number of these studies have been 

targeted at finding an optimal recovery schedule in highway networks by optimizing a 

single objective such as travel time (e.g., Basavaraj et al. 2017), travel cost (e.g., Cho et al. 

2000), cost of delays (e.g., Sen et al. 2011) and total recovery time (e.g., Vodak et al., 

2018). In reality, post-hazard network recovery poses multiple concurrent challenges 

involving the interests of several interconnected but functionally independent stakeholders. 

As a result, multi-objective optimization problems that attempt to optimize more than one 

objective at a time (e.g., Bocchini and Frangopol, 2012a; Bocchini and Frangopol, 2012b; 

Karamlou and Bocchini, 2016; Zhang et al., 2017) can tackle the problem more 

comprehensively. Typically, these multi-objective optimization frameworks are set up to 

simultaneously minimize restoration time, maximize resilience, minimize costs arising 

from restoration actions, transport and unsatisfied demands, or a combination thereof. 

Intermodal networks in particular consist of multiple interconnected networked systems 

with physical and functional interdependencies. In the past, the studies have focused on 

optimal restoration scheduling of damaged links in interdependent networks by explicitly 

modeling the constituent networks and their interdependencies (Lee et al. 2017, 

Cavdaroglu et al. 2011, Gonzalez et al. 2016). However, the consideration of intermodal 

or multimodal transport comes with unique challenges in modeling the flow and 

transshipment of people or commodities, which have not been accounted for in these past 

studies.   



Several studies in this area have focused particularly on the case of intermodal 

freight networks (e.g., Miller-Hooks et al., 2012; Chen and Miller-Hooks, 2012; Uddin and 

Huynh, 2016) under disruption events. These studies can be broadly classified into two 

groups; one group focuses on traffic assignment and freight flow modeling (e.g., Hwang 

and Ouyang, 2014; Uddin and Huynh, 2016), whereas another focuses on pre-event versus 

post-event throughput and resilience, with an objective to maximize throughput (e.g., 

Miller-Hooks et al., 2012; Chen and Miller-Hooks, 2012; Zhang and Miller-Hooks, 2015) 

and maximize resilience (e.g., Faturechi and Miller-Hooks, 2014). The latter group of 

studies focus on a small-scale network as a testbed for the optimization framework, 

whereas Uddin and Huynh, 2016 focus on a nationwide intermodal network modeled at a 

city scale (i.e. where each node represents a city). Modeling intermodal networks at a city 

scale does not allow the effects of disruption to network components (bridges, roadways, 

railway tracks and intermodal terminals) within a city to be adequately studied. A common 

aspect of these studies is that the link failures are assigned either randomly or in a targeted 

manner, without considering the vulnerability of the components of the link. Moreover, the 

relationship between recovery actions under limited recovery budget or repair crew 

availability with functionality is not explicitly modeled in these studies; instead, recovery 

of links is typically modeled as an implicit variable in the objective function. In summary, 

a review of literature on optimal restoration scheduling models for intermodal networks 

and other similar networks reveals the following gaps. 

 Existing studies are typically carried out for simplified networks modeled at a city 

scale. However, this modeling approach is insufficient to quantify the effects of 

regional disruptions on both regional and national scales, as is the focus of this study. 



Existing studies typically do not consider the inherent vulnerability of components 

of the network in the modeling framework. 

 The objective function to be optimized is typically not discerned based on the 

perspective of various stakeholders. 

The study of disruptions and its consequences on different scales require a multi-

scale approach to network modeling. Der Kiureghian and Song (2007) introduced a linear 

programming-based approach to decompose complex networks into simpler components 

for multi-scale reliability analysis. In the past, hierarchical clustering techniques have also 

been used (e.g. Gomez et al. 2013, Yin and Kareem 2015, Ferrario et al. 2016) to study 

complex networked system as a collection of multiple connected systems, thereby breaking 

down a complex network into several component networks thus adapting the problem to 

the available computational resources. While these studies focus on detecting existing 

patterns within a network structure, an extension of a similar idea has been used in the past 

to model a given network in multiple scales and resolutions (e.g. Guidotti and Gardoni 

2019). An extension of this idea is required to explicitly model regional seismic damage to 

network components and its effects on nationwide freight transportation using a single 

integrated network model.  

2.5. Closure 

A review of literature was conducted in this chapter, focused on the various metrics 

for quantifying resilience of intermodal freight networks and the key input tools for a 

probabilistic network resilience model, namely fragility models for each network 



component, restoration models for each network component, and a network recovery 

scheduling model for the entire intermodal network. From a network level perspective, the 

key research gap identified was the lack of a probabilistic framework to quantify resilience 

of intermodal transportation networks, incorporating fragility and restoration models of the 

network components as key input tools. A review of literature in fragility models of the 

network components, specifically roadways, railway tracks and bridges revealed a lack of 

explicit fragility models for railway tracks and railway bridge classes typical to the US. In 

addition to this, there is a lack of sufficient post-hazard restoration data and models to relate 

observed damage to practical estimates of functionality, in terms of complete or partial 

traffic closure. Finally, a review of literature on optimal restoration scheduling reveals a 

lack of models that can capture the multi-scale aspect of intermodal freight transportation 

networks with regional disruptions having national level consequences, along with a lack 

of consideration of vulnerability of network links as part of the model. Chapter 3 focuses 

on the framework for estimating resilience of rail-truck intermodal networks, with an 

overview of the key input models and datasets and how these fit into the final framework.      

 



 

This chapter presents a detailed methodological framework for estimating the 

seismic resilience of intermodal freight networks, with an emphasis on the input data and 

models that drive the framework. The proposed framework can be used to reproduce the 

case study analysis discussed in Chapter 7 and can be suitably adapted for applications to 

alternate scenarios, hazards, and testbeds. The first section in this chapter presents and 

describes the overall conceptual and mathematical framework that illustrates the various 

steps of analysis with input models and datasets in a sequential manner. The second section 

provides a high-level overview of the input datasets and models that supplement this 

framework. The third and final section of this chapter describes the approach for modeling 

intermodal freight networks to study nationwide freight movement following a local 

disruption event. The methodological framework described in this section lays the 

foundation of the work accomplished in this thesis and is referenced henceforth in 

subsequent chapters. 



3.1. Framework for estimating intermodal network resilience

A probabilistic framework for evaluating seismic resilience of a rail-truck 

intermodal freight transportation network is illustrated in simplified form in Figure 3.1, 

showing the key input models and datasets that are required for the framework. A 

conceptual overview of the proposed framework is provided in Section 3.1.1, following 

which a detailed mathematical approach to solve the problem is discussed in Section 3.1.2. 

3.1.1. Conceptual framework 

 

Figure 3.1 - Simplified framework for intermodal network resilience assessment 

The first step in the framework shown in Figure 3.1 involves generating a scenario 

hazard for the region of interest, resulting in estimates of hazard intensity measures at the 

locations of vulnerable network components such as bridges, roadways, railway tracks and 

intermodal terminals.  Given that the various intermodal network components may be 

susceptible to either ground shaking or ground failure hazards, the hazard model should be 

able to estimate the intensity measures of interest that are used as essential inputs to the 

fragility models for each of these components (e.g. peak ground acceleration or permanent 



ground deformation). In the next step, a physical damage state of vulnerable network 

components and their consequent closure status is simulated using input damage fragility 

models and restoration models linking damage to functionality, respectively. These input 

models are applied to each network component of interest in this study, namely highway 

network components (roadways and bridges), railway network components (tracks and 

railway bridges) and components of the intermodal terminal (cranes, power facilities, fuel 

facilities and dispatch facilities). In addition to the immediate post event functionality state 

of each network component, the restoration models also estimate the corresponding times 

to recovery of network functionality, each computed from the time of commencement of 

restoration activity. In the next step, network analysis is performed to translate the 

component level functionality to the network level functionality at a given instant of time. 

At this stage, an input recovery scheduling model informs the sequence and timeline of 

component repairs to fulfil some pre-defined network functionality objectives under 

existing operational constraints, thereby supplementing the restoration models. Generating 

multiple realizations of network analysis at various instants of time along the recovery 

horizon allows quantification of the evolution of network functionality, which is 

subsequently used to compute network resilience. Figure 3.1 also highlights two key 

classes of input models characterizing intermodal network component functionality, 

specifically the fragility and restoration models. Uncertainties are propagated in the 

intensity of the simulated ground motion at the site, the predicted damage state through the 

input fragility model and the closure status of network links through the restoration model. 

A typical mathematical representation of these input models and the mapping between 

component level and network level performance is discussed in the following subsection. 



3.1.2. Mathematical framework 

The framework presented in Figure 3.1 illustrates the analysis of each component 

of the intermodal network followed by the analysis of the network as a whole. In the first 

step, a suitable hazard model or Ground Motion Prediction Equation (GMPE) is adopted 

to characterize the hazard intensity measure ( ) across the sites of interest for a scenario 

or probabilistic seismic hazard simulation. Such models may range from the adoption of 

more recent fully physics-based models (e.g. Graves and Pitarka 2010, Smerzini and Pitalikis 

2018), to those that leverage approximating functions of the  based on such hazard 

scenario and/or site specific parameters of interest. Typically, these Ground Motion 

Prediction Equations (GMPEs) offer estimates of the ground motion intensity measure 

( ) as a function of hazard generating parameters such earthquake magnitude , distance 

from source  and a list of other parameters  that characterize site-specific conditions. 

The output of these models are site-specific estimates of intensity measure , as shown 

in Equation 3.1.  

                                                                  (3.1)                                                   

where  denotes the normal distribution functions,  denotes a function or a 

combination of functions which yield the median  for a set of given input ground motion 

parameters in the natural log space, and  is the covariance matrix which includes both the 

uncertainties in the GMPEs as well as the spatial correlation of hazard intensity measure 

(Jayaram and Baker 2009) at the network component sites. Next, input fragility models are 

used to obtain the damage state of network components (e.g. bridges, roadways, tracks) or 



subcomponents (e.g. abutments, columns of bridges) given the  at the location of that 

component.  

Most fragility functions posed in the literature of relevance to intermodal 

transportation infrastructure (e.g. Nielson and DesRoches 2007, FEMA 2015) pose 

estimates of the probability of exceeding a specified level of damage given the . This 

probability is calculated as the probability that the response  of subcomponent  exceeds 

the limit state  corresponding to damage state . The univariate fragility function is 

most commonly interpreted as a cumulative lognormal function, as shown in Equation 3.2, 

although other probability distributions are also possible. 

                                      (3.2) 

where  denotes the standard normal distribution function,  denotes the limit state of 

damage state  for intermodal network subcomponent ,  and  denote the lognormal 

median  and lognormal dispersion respectively corresponding to . The number of 

damage states depends on the component or subcomponent in question. For example, 

highway and railway bridges typically have four damage states i.e.  whereas 

railway tracks and roadways have three damage states i.e. . As an alternative to 

single predictor fragility models, parameterized fragility functions (Ghosh et al. 2013, 

Rokneddin et al. 2013, Kameshwar and Padgett 2014, Mangalathu et al. 2018, Misra and 

Padgett 2019c) have gained attention in recent years. The typical form for parameterized 

fragility functions of railway bridges is shown in Equation 3.3. 

                      (3.3) 



where denotes bridge specific parameters. The vector of parameter 

coefficients   are inputs to the logit function shown on the 

right hand side of the equation, unique for component  and damage state  of a given bridge 

class. The bridge parameter vector  includes material properties such as concrete strength, 

steel strength etc., and geometric properties such as column height, span length and bearing 

seat width. Irrespective of which functional form is used, the probability of subcomponent 

 being in a damage state  can be derived directly from the corresponding fragility function 

as 

        if         

                                    if                                                                                                           

(3.4) 

The damage state ( ) probabilities from Equation 3.4 are used simulate a damage state at 

the subcomponent level for each component of a spatially distributed network from 

Equations 3.2 and 3.3.  

In the next stage of analysis, the probability of closure of each intermodal network 

component conditioned upon the damage states of their subcomponents is inferred using 

restoration models. Let the closure status of network component  be represented by a 

binary variable , where  if the component is closed and  if it is open at 

time . For a network component such as a bridge with multiple subcomponents, the 

probability of closure at time , i.e. immediately after an earthquake event, is 

conditioned upon the damage states of each subcomponent. Considering  such 



components in the entire system, the probability of closure for any intermodal network 

component immediately after a hazard event is shown in Equation 3.5. 

        (3.5) 

where  denotes the damage state of component . Equation 3.5 illustrates how the 

network component fragility models yielding  and their corresponding 

restoration models yielding  allow the evaluation of network 

component functionality immediately after the hazard event. In addition to the immediate 

post-event state, the restoration models also predict a duration of closure. Using this 

estimated duration, the probability of closure at any future instant of time  conditioned 

upon closure at  is expressed as 

                            (3.6) 

In Equation 3.6,  is obtained directly from the component restoration 

models, whereas  is obtained from both fragility and restoration models 

following Equation 3.5. Having obtained the functionality of each network component at 

multiple instants of time after the hazard event, the next step is to map component-level 

functionality to network-level functionality. At any instant of time, a network link is in a 

state of survival if all the components on the link are functional. Thus, the closure status 

 of link  at time  is given by Equation 3.7. 

                                                                                              (3.7) 



where is an indicator variable that denotes if network component is part of link . 

The closure status  of network link  directly relates to the functionality of the link. 

Specifically, for complete closure,  denotes infinite link length and travel time. 

Partial closure can be of two types, namely lane restriction and speed restriction. While 

lane restriction is specific to only roadways and highway bridges, speed restriction is 

applicable for roadways, railway tracks, highway, and railway bridges. In case of speed 

restriction, the imposed speed limit is assumed to be reduced to half of the original. 

Similarly, in case of a lane restriction, the number of lanes is assumed to be reduced to half 

of the original. The updated speed limits and number of available lanes are used to update 

the free flow speed at the links, thus affecting the travel time along these links, as described 

in Chapter 5.  

The functionality  of the intermodal network at any time  and consequently 

its resilience  over the duration of recovery  depends on the state of the network 

obtained from the functionality of individual links. The relationship between instantaneous 

network state and its corresponding functionality requires the knowledge of optimal paths 

connecting potential origins and destinations of freight. Network functionality  is 

expressed in terms of the formulation proposed by Miller-Hooks et al. (2012) as shown in 

Equation 2.3. With gradual restoration of network components,  evolves in time until 

pre-event conditions are restored. Using this formulation for functionality, intermodal 

network resilience is expressed as 

                                     (3.8) 



where  is the post-hazard network throughput at time ,  is the pre-hazard network 

throughput and  denotes a specific shipment of freight from the set of all shipments  and 

 denotes the expectation of an event. It should be noted that the term  in Equation 

3.8 is estimated from the functionality of all network links . Furthermore, the 

target functionality  is assumed herein to be equal to the pre-event functionality, 

which is unity assuming that functionality is restored when the post-event network 

throughput  equals the pre-event network throughput . The network throughput 

, may be taken as the total value of goods transported at time , or a reciprocal of 

travel distance, travel time or travel cost. From the perspective of freight transportation 

resilience, each individual shipment has a different value associated with it, which indicates 

that some shipments are more valuable than others. As a result, a weighted definition of  

 is proposed in this study as shown in Equation 3.9. 

                                                                                                   (3.9) 

where  is the value of shipment  and  is a travel impedance function, which can 

stand for travel distance, travel time or actual dollar cost of transporting the shipment. This 

formulation for network throughput as a metric of functionality is very similar to the 

concept of network efficiency, in which the value of goods  can be viewed as the 

weighting function giving higher weightage to valuable shipments. 

The details of the analysis are described in steps through a pseudocode. The 

pseudocode, shown in Figure 3.2, shows the evaluation of network resilience as per 

Equation 3.8 using Monte Carlo Simulation (MCS) technique. In this approach, 

uncertainties propagated by the hazard simulation include uncertainty in  with intra-



event correlations, uncertainty from the damage side is propagated by the component 

fragility models and uncertainty in the restoration is propagated by the restoration models. 

This results in a probabilistic estimate with uncertainty bounds on the estimated 

functionality at each time step. Resilience is computed by integrating each functionality-

time profile individually, resulting in a mean and standard deviation on the final estimate. 

 

 

Figure 3.2: Pseducode for estimating intermodal network resilience using MCS 

The number of MCS samples required to get a stable estimate of network resilience 

is determined using a convergence study, in which the first and second moments of 

estimated resilience are compared for progressively increasing number of simulations. For 

each Monte Carlo simulation, the hazard model is used first to generate a grid of s across 

the regional network. In the next few steps, the states of each intermodal network 

component at various instants of time are determined through their respective fragility and 

restoration models. Following this step, the network state is calculated for each time step, 

corresponding to which the network functionality  is also calculated. The resilience 

for each Monte Carlo simulation is then calculated by integrating network functionality 

over time for the entire recovery duration . 

Evaluate pre-event functionality of network 
 
for every MCS simulation 
      Generate grid of s in the affected region  
      Evaluate post-event states and restoration times of bridges, roadways, tracks and terminal 
       for every time  in  in steps of  
  Evaluate current state of network 
  Evaluate current network functionality   
       end for 
       Integrate   from  to  to evaluate resilience  
end for 
 



The proposed framework, along with its mathematical abstractions, provide a 

general overview of the steps, processes, models and datasets involved in estimation of 

seismic resilience of intermodal networks. The following section focuses on the key input 

datasets and models in this framework, some of which are key contributions from the work 

accomplished by this thesis.   

3.2. Input datasets and models 

The framework for resilience assessment of rail-truck intermodal freight 

transportation networks illustrated in Figure 3.1 identifies a set of input datasets (denoted 

by light grey hexagonal boxes) and input models (denoted by light green elliptical boxes), 

which are introduced in this section.   

3.2.1. Input datasets 

The input datasets leverage publicly available data sources which are collected and 

preprocessed prior to the simulations. The various input datasets required to justify the 

proposed framework are 

1. Infrastructure inventory data 

a. Locations and key characteristics of highway bridges 

b. Locations and key characteristics of railway bridges 

c. Locations and capacity of intermodal terminals 

2. Network data 



a. Highway network adjacency list with link attributes 

b. Railway network adjacency list with link attributes 

3. Network demand data 

a. Freight origins and destinations 

b. Tonnage and value of individual shipments with NAICS identifier 

The infrastructure inventory data specifically includes locations and key attributes 

of highway bridges, railway bridges and intermodal terminals. For highway and railway 

bridges, these key attributes include structural characteristics such as span lengths, column 

heights, and width and capacity information, such as number of traffic lanes, number of 

tracks and posted speed limits. In the case of the intermodal terminals, the key attributes 

required include capacity information such as size of terminal, number of cranes, storage 

capacity, and trans-shipment capacity. The highway bridge data was obtained from the 

National Bridge Inventory Database (NBI 2017), whereas the railway bridge data was 

obtained by combining NBI data with manual identification from aerial imagery and 

Google Street View. The network data includes adjacency lists for both the highway and 

railway networks, with associated attributes that include length of the link, posted speed 

limits, traffic capacity, number of lanes or tracks and other critical attributes such as status 

of operation. The highway network in this study was abstracted from the Freight Analysis 

Framework 4 (FAF4) network database (Federal Highway Administration 2018). For the 

purpose of this study, only the links marked as belonging to the National Freight Network 

(NFN) were used to represent the national highway network. The railway networks were 

abstracted from the Geographic Information System (GIS) shapefiles published by the 



-of-

were deleted, and the network links were sorted based on the six major operating railroads 

(namely BNSF, CN, CSXT, KCS, NS and UP) to model the assumed independent 

operation of each railroad. The network demand data is informed by freight flow databases, 

separate from the network topological data. This dataset should include information on 

shipment origins and destinations, dollar value, tonnage and NAICS code, an industry 

classifier for the type of shipment. In this study, the freight flow data was obtained from 

the Commodity Flow Survey (Bureau of Transportation Statistics 2017). 

The input datasets highlighted in this section are publicly available datasets that 

have been used and abstracted for application in the proposed framework. The input models 

illustrated in Figure 3.1 that use these input datasets are discussed in the next subsection.   

3.2.2. Input models 

Four classes of input models are required in the framework illustrated in Figure 3.1, 

namely the hazard models, fragility models, restoration models and the network recovery 

scheduling model. The hazard models yield estimates of the peak ground acceleration 

(PGA) and permanent ground deformation (PGD) values at the locations of network 

components.  Given the application testbed of Memphis, TN used subsequently in this 

study to illustrate the resilience analysis example, a weighted average of multiple GMPE 

functions suitable for the nearby New Madrid Seismic Zone was used to estimate the PGA 

values at locations of interest following recommendations in HAZUS-MH. The PGD 

values were estimated based on the estimated PGA, degree of liquefaction susceptibility 

and assumed groundwater table depth using the methodology suggested in HAZUS-MH 



(FEMA 2015). The  values calculated using the hazard models serve as inputs for the 

various fragility functions as shown in Equations 3.2 and 3.3, which are listed in Table 3.1. 

The need for two different types of s can be justified by the fact that the fragility 

functions of the various network components are sensitive to different s, which is also 

illustrated in Table 3.1. 

Table 3.1: Input fragility and restoration models 

Intermodal 
network 

subcomponent 
 Fragility Models Restoration Models 

Highway bridge PGA 
Nielson and DesRoches 

(2007) 
Misra et al. 2020 

Misra and Padgett (in review)* 

Roads PGD FEMA (2015) 
Misra et al. 2020 

Misra and Padgett (in review)* 

Railway bridge PGA 
Misra and Padgett 

(2019c)** 
Misra et al. 2020 

Misra and Padgett (in review)* 

Railway Tracks PGD 
Argyroudis and Kaynia 

(2015) 
Argyroudis and Kaynia (2015) 

Cranes PGA/PGD FEMA (2015) FEMA (2015) 
Power facilities PGA FEMA (2015) FEMA (2015) 
Fuel facilities PGA/PGD FEMA (2015) FEMA (2015) 

Dispatch facilities PGA FEMA (2015) FEMA (2015) 
* discussed in Chapter 5 

** discussed in Chapter 4 

Table 3.1 provides a summary of fragility and restoration models of the intermodal 

network components used in this study. The highway bridge fragility curves were 

abstracted from the models proposed by Nielson and DesRoches (2006), since the case 

study presented in Chapter 7 includes bridges with similar design details. The railway 

bridge fragility curves are adopted from Misra and Padgett (2019c), and have been 

discussed in detail in Chapter 4. Roadway fragilities were obtained from the expert 

opinion-based lognormal fragility models provided in HAZUS-MH (FEMA 2015), 



whereas railway track fragility models were available from similar expert opinion-based 

functions proposed by Argyroudis and Kaynia (2014). The components of the intermodal 

terminal components include cranes, power facilities, fuel facilities, warehouses, and 

dispatch facilities, for which the fragility models have been obtained from HAZUS-MH 

(FEMA 2015). Table 3.1 also contains a reference to the restoration models for each of the 

intermodal network components. For the railway and highway network components, new 

restoration models have been developed using new data collected by the authors through 

past research efforts, in combination with empirical data where applicable. A more detailed 

discussion of the different types of restoration models used in this study is provided in 

Chapter 5. The restoration models for railway and highway network components directly 

link damage to functionality at the component level; however intermodal terminal 

functionality is derived based on the functionality of its constituent components 

subcomponents. In order to understand the dependencies between the components and 

subcomponents of the intermodal terminal, a schematic fault tree model characterizing 

intermodal terminal operations was also proposed as a part of this thesis. This has been 

discussed in detail in Chapter 5. 

The durations of closure predicted by the restoration models inherently assume 

resource availability, hence they do not account for the time of commencement of 

restoration actions, which may not be immediately after the hazard event. Under limited 

resources, the restoration process is typically scheduled on a priority basis, with a goal to 

maximize network throughput. The final class of necessary input models identified in the 

proposed framework is a network recovery scheduling model. The goal of this model is to 

either mimic realistic conditions or to reveal optimal conditions for system recovery. The 



primary output of this model is a restoration crew assignment schedule to the damaged 

network components, the overall durations of which are obtained from the restoration 

models. Various strategies may be employed to estimate the restoration schedule  ranging 

from heuristic ranking metrics of network components to even random scheduling. In the 

perspective taken herein, an input recovery model is pursued that seeks to minimize the 

total cost of repair, the cost of freight transport and the cost of demand loss simultaneously 

given constraints in repair crew availability alongside other operational constraints. These 

costs reflect the perspectives of multiple stakeholders such as bridge/roadway/track owners 

cost of freight transport and losses due to disruption in freight shipments reflect the freight 

ches to restoration scheduling were used. 

In the first approach, the scheduling of restoration follows a priority ranking system, which 

were assigned at random to each network component. In the alternate approach, a new 

model was proposed adapting from previous studies (Gonzalez et al. 2017, Gomez et al. 

2019) that seeks to estimate the optimal restoration schedule and the corresponding link 

flows under practical constraints for the intermodal network problem. A detailed discussion 

on this optimal recovery scheduling model is provided in Chapter 6. 

An overview of the various types of input models used in the intermodal network 

resilience analysis framework has been provided in this subsection. More details on the 

formulation, training, validation and application of these models are provided in 

subsequent chapters. 



3.3. Modeling the rail-truck intermodal network

The rail-truck intermodal network consists of railway and highway networks, as 

well as intermodal terminals as its constituent components, as illustrated in Figure 1.3. The 

highway and railway networks were represented using an integrated adjacency matrix , 

characterized by a set  of nodes, a set  of links and a set of link weights . Attributes of 

links such as link travel times, link lengths and link travel costs (such as private cost to 

shipper and external costs due to accidents and emissions) may be used to represent  

depending on the goal of the network analysis. The integrated adjacency matrix is 

constituted of various layers, each represented by an undirected graph denoting the network 

belonging to a specific railroad company or to the Federal Highway Administration 

(FHWA). The shortest path between two nodes is computed as the path of minimum 

cumulative weight; thus this can represent the path of minimum travel distance, minimum 

travel time or minimum travel cost, depending on the goal of the analysis. 

algorithm is used in this study to find shortest paths. 

The intermodal network was modeled by jointly representing the highway network 

and the various railroad networks as a single integrated network structure, represented in 

terms of an adjacency matrix . The adjacency matrix encodes the connectivity of the 

network nodes by assigning a non-zero weight  to  if there is a link connecting 

nodes  and  and a zero value otherwise. The intermodal network model consists of two 

distinct levels of resolution  a high resolution local or regional network  and a lower 

resolution global or national network .  In the global network model, origins and 

destinations of freight shipments are modeled as nodes, i.e. the level of resolution is in 



terms of cities, towns etc. This was achieved using the commercial GIS software ArcGIS, 

where each of these nodes is assigned to its nearest corresponding network node. The links 

connecting the nodes in the global network model were assigned link weights according to 

relevant attributes of the shortest paths connecting these nodes, wherein the shortest path 

may be defined as the path of minimum travel distance, minimum travel time or minimum 

travel cost. On the other hand, the local network model retains the resolution of the original 

network datasets. All network components (bridges, roadways, railway tracks and 

intermodal terminals) in the region of interest were assigned to their nearest network links 

in the local network model, using the same feature in ArcGIS mentioned above. At each 

level of resolution, the network consists of several layers, each layer belonging either to a 

different railroad company or to the highway network. These layers are connected in an 

integrated adjacency matrix, with relevant off-diagonal terms representing notional links 

that signify intermodal terminals. Finally,  and  are added as block diagonal 

component of the integrated adjacency matrix , and the off-diagonal terms of  are used 

to encode the links connecting the boundary nodes of the local network with nodes in the 

global network. This multi-scale intermodal network modeling approach discussed in 

Misra and Padgett (in review) is illustrated in Figure 3.3 in the form of an example. 

  



 

 

Figure 3.3: Multi-scale modeling of intermodal network using an example. (a) The 

simplified global network at the city scale; (b) The multi-scale network; and (c) 

Modeling the multi-scale network using an integrated adjacency matrix 



Figure 3.3(a) shows a simplified global network with four nodes modeled at a city 

scale, of which node 10 is assumed to the region of interest. Figure 3.3(b) shows the same 

network with the node 10 replaced by the high-resolution model of the network within city 

10, including nodes at the regional boundary. Figure 3.3(c) illustrates the multi-scale 

modeling approach, with distinct color coding to identify the local network, the global 

network and the links connecting the two scales.  Using this multi-scale modeling 

approach, the various layers and resolutions of the intermodal network model were 

modeled as a single adjacency matrix, the links of which represent various network 

components. All potential link disruptions and their consequent restoration with time are 

restricted within the local network only, whereas the global network remains time 

invariant. Damage to network links was modeled using the series system approach 

described previously in Equation 3.7. According to this approach, the maximum damage 

state of the components associated with a given link is used to update the state of the local 

network in the intermodal network model. Similarly, damage to intermodal terminals was 

used to update the state of the notional links defining the terminals. The key advantages 

afforded by the multi-scale modeling approach are as follows. 

1. The high-resolution modeling of the local network allows an accurate mapping 

between network components and the network adjacency matrix. As a result, 

network component damages can be directly mapped to network performance. 

2. The low-resolution modeling of the global time-invariant component of the 

network reduces the computational costs of a full-scale network model will have 

several redundant nodes and links. 



3. The proposed modeling approach is simple and generalizable for any region, given 

the full-scale network topological data as input.  

The proposed approach for multi-scale modeling of intermodal networks can be 

applied to any region of interest, for any combination of transportation modes and layers. 

The application of this modeling approach in estimating resilience of rail-truck 

intermodal network subjected to a regional seismic disruption event is discussed using a 

case study in Chapter 6.  

3.4. Closure 

 A methodology for quantifying resilience of intermodal networks subjected to a 

regional disruption event has been illustrated in this Chapter, addressing current gaps in 

literature by introducing network component level input models to quantify damage and 

restoration, and network level input models to identify the optimal restoration schedule. 

The conceptual framework presents a workflow diagram with the input data and models 

that are required to support this framework. Further, the methodology of modeling the 

intermodal network as an integrated multi-scale network is also presented in this chapter. 

The input fragility and restoration models used to support this framework are discussed in 

detail in the Chapters 4 and 5, whereas the optimal restoration scheduling model that 

supports network level decisions is discussed in Chapter 6. 



 

 

Fragility models, or fragility functions, of any infrastructure component or system 

subjected to a natural hazard event provide a measure of the probability of exceeding 

different prescribed levels of damage given the intensity of hazard and, in some cases, other 

structure-specific parameters. The role of fragility functions of intermodal network 

components as key input models in the framework for evaluating intermodal network 

resilience was established in Chapter 3. In this chapter, the fragility models of the different 

intermodal network components, specifically railway and highway bridges, roadways, 

railway tracks and intermodal terminal components and subcomponents developed or 

adopted in this study are presented in detail. Although railway bridges constitute a critical 

component of the intermodal networks, fragility functions specific to different railway 

bridge classes are not available in literature. New fragility models of typical railway bridge 

classes were developed as a part of this study; hence the framework and methodology for 

developing these fragility functions is particularly highlighted in this chapter. The damage 

states at the subcomponent level obtained from these fragility models act as inputs for the 



restoration models, which are discussed subsequently in Chapter 5. Section 4.1 focuses 

entirely on the fragility models of railway bridges with particular attention to the 

methodology, whereas Section 4.2 contains a summary of the fragility functions for all 

other intermodal network components adopted from literature to enable damage modeling 

in this study. 

4.1. Fragility models of typical railway bridge classes 

The review of literature on existing fragility functions of intermodal network 

components in Chapter 2 revealed that most existing studies highlighting the state of the 

art in fragility modeling of transportation infrastructure were focused on highway bridges, 

and that railway bridge fragility models typical to classes of structures found in the US 

were altogether lacking. Given the importance of these components in resilience modeling 

of railway networks and intermodal freight transportation systems, this gap in fragility 

models was first addressed in this study. Thus the following subsections will:  

1. Identify typical railway bridge classes based on unique structure types 

2. Propose a modeling approach leveraging elastic nets regularized logistic regression 

to evaluate fragility models for each bridge class 

3. Test the validity of existing recommendations in HAZUS-MH that highway bridge 

fragilities should be used as a proxy for railway bridges. 

Section 4.1.1 discusses the methodology for fragility analysis with details on the 

various steps involved in the methodological framework. Section 4.1.2 discusses the 



resulting models for evaluating seismic response and fragility of typical railway bridge 

classes. 

4.1.1. Methodology of fragility analysis 

The fragility models of typical railway bridge classes developed in this study are 

parameterized fragility models as described in Equation 3.3, conditioned upon ground 

motion parameters, structural and modeling parameters (e.g. bridge length, deck width and 

column height) and bridge design parameters (e.g. concrete strength, bearing seat width 

etc.). The framework for fragility analysis can be summarized by the flow diagram in 

Figure 4.1. 

 

Figure 4.1 - Flowchart describing the framework for fragility modeling 

According to Figure 4.1, the fragility modeling was achieved in two key steps. In 

the first step, a polynomial regression model was trained to predict the seismic response on 

each bridge component leveraging elastic nets regularization. The surrogate demand model 

obtained from this step was then used to generate further samples for training the fragility 



models using logistic regression modeling with elastic nets regularization. Details on the 

motivation behind using this approach and its benefits are available in Misra and Padgett 

(2019c) and are discussed subsequently in Section 4.1.2. The surrogate demand models 

were trained using results from nonlinear dynamic analysis of typical railway bridges 

belonging to each major bridge class subjected to varying intensities of earthquake 

excitation. An important step prior to training the response and fragility metamodels was 

to identify and categorize typical railway bridge classes and build finite element models of 

these bridges for nonlinear dynamic analysis. 

4.1.1.1. Typical railway bridge classes and their finite element modeling 

The railway bridge inventory of Memphis, TN was used to identify typical railway 

bridge classes and their characteristics for study in this thesis. Grounding the structure 

types of interest in the context of a real network provided the opportunity to test newly 

proposed methods for railway bridge seismic fragility analysis, while also uncovering the 

practical implications of seismic hazards on components of intermodal freight networks, 

like railway bridges. Typical railway bridge classes were categorized based on the number 

of spans, the span support conditions and the superstructure material of bridges in the 

studied inventory. The two primary bridge classes identified were Multi Span Simply 

Supported (MSSS) Steel and MSSS Through Plate Girder (TPG) bridges, accounting for 

over 63% of the bridges in the studied bridge inventory of Memphis, TN. MSSS Steel 

bridges have superstructures characterized by multiple steel girders supporting a concrete 

deck or ballast pan that contains the track structure. MSSS TPG bridge superstructures, on 

the other hand, are typically characterized by two massive load bearing longitudinal girders 

that support the track structure resting on a ballast pan. Another key point of difference is 



that MSSS TPG bridges, on account of being predominantly water-crossing bridges, are 

typically characterized by rectangular pier walls to help prevent accumulation of water-

borne debris, unlike circular multi-column bents commonly observed in MSSS Steel 

bridges. 

Three-dimensional finite element models of railway bridges were developed in 

OpenSees (Mazzoni et al. 2007), in order to evaluate their seismic response for fragility 

modeling. While the base bridge models leveraged component modeling strategies 

available in the literature (Nielson and DesRoches 2007), this thesis incorporated new 

component models and adaptations to reflect design details unique to railway bridges. For 

MSSS TPG Railway bridges, pier walls were modeled using force-based fiber beam-

column elements to capture the response in the critical out-of-plane direction, following 

from conclusions from a study on fragility of pier wall highway bridges by Siddiquee 

(2015). The track structure consisting of the railway track, the ballast and the track ties 

(alternatively called sleepers) were modelled in OpenSees using appropriate nonlinear 

elements based on force-deformation relationships provided in International Union of 

Railways Code UIC 774 (UIC 2001). The key components of a typical railway bridge 

model, along with a schematic figure of the track structure model are illustrated in Figure 

4.2. 

  



(a)                                                       (b) 

 

Figure 4.2 - Schematic section of a typical railway bridge showing (a) salient 

components and (b) track structure 

The railway track, modelled as an elastic beam-column element with the cross-

sectional properties of a standard 136-lb. American Railway Engineering Association 

(AREA) rail, provides longitudinal continuity between the simply supported decks. The 

track nodes were connected to a series of nodes representing track ties by zero-length 

springs, which in turn were connected to a series of nodes representing the ballast by further 

zero-length springs. The stiffness of both these connections were modeled using bilinear 

springs, the parameters of which were abstracted from UIC 774 (UIC 2001). The ballast 

nodes were ultimately connected to deck nodes by means of rigid springs. These models 

are intended to capture the effect of the additional mass on the deck and the effect of a 

continuous track structure on a simply supported deck on the dynamic response of the 

bridge. Further details on the classification of railway bridges and the finite element 

modeling can be found in Misra and Padgett (2019c). 



4.1.1.2. Seismic response and fragility metamodeling 

This work proposed a new method for fragility analysis of typical railway bridge 

classes using elastic net regularized logistic regression (Misra and Padgett 2019), for four 

damage states (Slight, Moderate, Extensive and Complete) defined in HAZUS (FEMA 

2015). The steps involved in training the surrogate seismic demand models for predicting 

peak bridge component responses is outlined in Figure 4.3.  

 

Figure 4.3 - Schematic summary of seismic response metamodeling leveraging 

elastic nets regularization 

The key methodological advance in this fragility analysis framework shown in 

Figure 4.3 was the use of elastic nets regularization as a preliminary screening technique 

for regularization and predictor selection (Misra and Padgett 2019c). The finite element 



models discussed previously were used to run nonlinear dynamic analyses of railway 

bridge samples generated using Latin Hypercube Sampling (LHS) propagating 

uncertainties in the bridge parameters subjected to earthquakes sampled from a combined 

suite of ground motions (Rix and Fernandez-Leon 2004; Wen and Wu 2001). The bridge 

component response data obtained from the finite element simulations was used to train 

surrogate seismic demand models in the form of polynomial response surface metamodels, 

due to their ease of interpretability, efficiency and popularity in past studies involving 

bridge fragilities. Elastic nets regularization was proposed as a tool to regularize these 

metamodels with the following key goals: 

1. Elastic net regularized regression on a polynomial expansion of the original basis 

space of predictors generally performed better on unseen test data compared to 

other metamodel forms and regularization techniques   

2. Elastic net regularization ensures more reliable predictor selection from an 

expanded basis space, especially when there is pairwise correlation between 

individual predictors. 

Elastic net regularized regression (Zou and Hastie 2005) introduces a regularization 

on both the  and  norms of the coefficient vector as follows 

                                                                                                    (4.1) 

In the context of this study,  for any  represents the  predictors 

describing either the earthquake or bridge characteristics, or a combination of both, while 



 for any  represents one realization of  training data points of the component 

response quantity to be predicted. Prior to model training,  is augmented to a polynomial 

space, consisting of both linear and polynomial terms of the original set of input 

parameters. For instance, a training matrix originally with three parameters of the form 

 may be augmented to a second order polynomial form to 

.  This expansion leads to a high correlation 

between predictors  and higher order terms involving  for any . This is an 

example of induced correlation between predictor variables. In addition to this, there may 

natural correlation between different model predictors. An example of such natural 

correlation specific to this application is that between the number of tracks carried by the 

bridge and the bridge width. 

In this study, elastic nets regularization was used to perform predictor selection in 

a quadratically expanded space of predictors. Elastic nets regularization provides a more 

reliable and practical alternative to other predictor selection techniques for this specific 

application, since they are robust to correlations between predictors and provide sparse 

models. The benefits of elastic nets as a predictor selection technique in contrast to other 

candidates is examined and illustrated in Appendix A. The final metamodel was obtained 

by fitting the selected subset of predictors using ridge regression, which affords the 

minimum variance of all linear regression models. 



 

Figure 4.4 - Schematic summary of seismic fragility metamodeling leveraging elastic 

nets regularization 

In the following step, fragility metamodels were trained using logistic regression 

following the general methodology outlined in Ghosh et al. (2014). However, in this paper, 

elastic net regularization was used as a preliminary screening mechanism to determine the 

best set of predictors for use within the logistic regression-based component and system 

level fragility metamodels. The methodology for training component and system level 

fragility models leveraging elastic nets regularization is illustrated in Figure 4.4. 

Component fragility metamodels were trained to predict first a binary survive-failure 

vector  for each bridge component, and then also for the system-level binary survive 



failure vector formed by assuming a series system connection of the components 

following Equation 4.2. 

                                                                                                (4.2)  

Using logistic regression on this system level survive-failure vector , the bridge 

system fragility functions were evaluated. The resulting bridge component and bridge 

system level fragility functions have the forms of Equation 4.3 and Equation 4.4 

respectively. 

                                                   (4.3) 

                                        (4.4) 

These binary vectors for each component indicate whether the seismic demand predicted 

by the component response metamodels for a particular realization of ground motion and 

bridge parameters exceeds an estimated capacity. Herein, uncertainties were propagated in 

the seismic demand through Monte Carlo Simulation to create bridge realizations 

accounting for the uncertainties in the demand model itself, whereas the uncertainty in 

capacity was propagated using prescribed variabilities in the capacity limit states (Nielson 

2005, Misra and Padgett 2019c).  

4.1.2. Resulting response and fragility models 

As illustrated in Figure 4.1, the first step in the fragility modeling approach is to 

train metamodels to estimate seismic demands on bridge components as a function of  



and bridge parameters, using simulation results from the nonlinear finite element analysis. 

In order to achieve stability in the metamodel forms, a total of 900 simulations were used 

for the MSSS Steel railway bridge demand metamodels, whereas the MSSS TPG response 

metamodels required 792 simulations. The eight bridge components listed in Table 4.1 are 

identical to the eight components typical in highway bridges (Nielson and DesRoches 

2007), given that damage to track structures was not modeled independent from the rest of 

the bridge. The model hyperparameters  and  were selected by performing 10-fold 

cross-validation on the training dataset, with the  values on the validation set being used 

to select the best model. Table 4.1 report the  values both on the training set and a 

previously set aside tests set for the component demand metamodels for MSSS Steel and 

MSSS TPG railway bridges. This test set is a randomly selected 10% sub-sample of the 

data generated from finite element analysis, the remaining  being used for model 

training and validation. 

Table 4.1 - Goodness of fit paameters for component seismic demand metamodels 

Component 
MSSS Steel MSSS TPG 

Training  Test  Training  Test  

Abutment Active (ABA) 0.89 0.88 0.83 0.82 

Abutment Passive (ABP) 0.85 0.80 0.82 0.80 
Abutment Transverse (ABT) 0.94 0.93 0.84 0.84 

Column (COL) 0.89 0.88 0.85 0.76 
Expansion Bearing Longitudinal 

(EBL) 
0.89 0.90 0.85 0.88 

Expansion Bearing Transverse 
(EBT) 

0.85 0.82 0.83 0.77 

Fixed Bearing Longitudinal 
(FBL) 

0.91 0.91 0.88 0.79 

Fixed Bearing Transverse (FBT) 0.86 0.87 0.79 0.85 
 



Table 4.1 shows that for most of the bridge components, the training and test 

values are quite close, except for the expansion bearing in the transverse direction. The 

good agreement between the training and test   shows that the metamodels do not 

generally suffer from overfitting problems. For the MSSS TPG bridge class, the response 

metamodels for both fixed and expansion bearings in the transverse direction have lower 

 values relative to the other component metamodels. The detailed parameter coefficients 

can be obtained from the supplemental data to Misra and Padgett (2019).     

Logistic regression metamodels were trained for each bridge component to predict 

, as well as at the system level to predict  following the methodology outlined in 

Figure 4.4. The predictive accuracy of these fragility metamodels is expressed herein in the 

form of confusion matrices on a previously set aside test set, as shown in Table 4.2. The 

problem of class imbalance in the dataset used for training the fragility metamodels was 

addressed by assigning weights to each observation, with the minority class receiving 

higher weights. The exact value of the weights assigned to the observations for each class 

was selected at the 10-fold cross validation stage, during which elastic net hyperparameters 

 and  were also selected.  

 

 

 

 

 

 

 

 

 

 

 



Table 4.2 - Confusion matrices for system level railway bridge fragility metamodels 

Damage 
State 

 MSSS Steel MSSS TPG 
Bridge 
State 

Predicted Fail 
Predicted 

Safe 
Predicted 

Fail 
Predicted 

Safe 

Slight 
True Fail 0.65 0.06 0.97 0.00 
True Safe 0.02 0.27 0.02 0.01 

Moderate 
True Fail 0.45 0.04 0.89 0.01 
True Safe 0.06 0.45 0.04 0.06 

Extensive 
True Fail 0.31 0.04 0.83 0.01 
True Safe 0.09 0.55 0.04 0.12 

Complete 
True Fail 0.15 0.02 0.64 0.04 
True Safe 0.16 0.67 0.08 0.25 

 

It is evident from Table 4.2 that the MSSS Steel system fragility metamodels 

provide reasonably accurate predictions. The false negative rates range from 2% to 6% for 

all damage states, while the false positives are higher at the complete damage state given 

the challenge of relatively fewer realizations of complete damage for model construction. 

Overall the fragility metamodels were able to predict true failures and true safe cases more 

frequently than mispredicting them. The confusion matrices for MSSS TPG bridges also 

depict accurate predictive capability of the metamodels, although they have a larger 

proportion of true failures in the training data, even at the higher damage states. This is 

influenced primarily by the large deformations of the expansion bearing in the transverse 

direction, as identified earlier. As discussed earlier in Chapter 3, the requisite input fragility 

models for the intermodal network resilience analysis framework need to be at the level of 

network subcomponents, i.e. bridge components. The four damage states with respect to 

which the fragility models are defined are consistent with the physical damage state 

definitions provided in HAZUS-MH (FEMA 2015). Moreover, the component and system 

level fragility models of both bridge classes proposed herein use PGA as the , owing to 



its superior predictive power and the ease of its implementation compared to spectral 

acceleration measures for regional level resilience analysis of spatially distributed systems. 

The detailed list of parameter coefficients for both railway bridge system and component 

level fragility functions are available in Appendix B in Tables B2 through B18 of this 

thesis. 

Figure 4.5 - Comparison of the proposed MSSS Steel railway bridge fragility curves 

of a typical bridge with MSSS Steel highway bridge fragility curves 

A comparison of the proposed railway bridge fragilities with highway bridge 

fragility functions proposed by HAZUS-MH (FEMA 2015) as well as those by Nielson 

and DesRoches (2007), as shown in Figure 4.5, revealed that using highway bridge 



fragilities as proxies for railway bridges will result in conservative estimates in some 

cases highly conservative. This comparison confirms that railway bridges are inherently 

more robust to earthquakes compared to similar highway bridges (Sorgenfrei and Marianos 

2000), since railway bridges are designed for higher live loads and stringent serviceability 

criteria. For the purpose of this comparison, a typical three-span MSSS Steel railway bridge 

is selected, with a span length of 13.95 m, column height of 4.07m, deck width of 6.35 m, 

with the other parameter values selected as the mean of their individual probability 

distributions. The probability distributions of each parameter are provided in Table B1 of 

Appendix B. Further details on the fragility parameters, model training, testing and 

comparison are available in Misra and Padgett (2019c). Given the findings of this study, 

that highway bridge fragility models are not sufficient proxies for railway bridge damage, 

particularly at the higher damage states where functionality is impaired, the proposed 

railway bridge fragility models herein are used to estimate the probability of damage to 

railway bridge components in the intermodal network resilience assessment. 

4.2. Fragility models of other intermodal network components 

Fragility models of additional intermodal network components, specifically those 

of highway bridges, roadways, railway tracks and intermodal terminal components and 

subcomponents were adopted from literature. Unlike railway bridge fragilities, each of 

these fragility models are expressed as univariate lognormal functions with a median and 

dispersion IM parameter. The highway bridge fragility models based on the work of 

Nielson and DesRoches (2007) are discussed in Section 4.2.1. Roadway and railway track 

fragility functions adapted from HAZUS-MH (FEMA 2015) and Argyroudis and Kaynia 



(2015), and are discussed in Section 4.2.2. Finally, fragility functions of intermodal 

terminal components and subcomponents are discussed in Section 4.2.3. 

4.2.1. Highway bridge fragility models 

Highway bridge fragility models used in this study are based on the models 

comprehensive list of fragility functions were proposed for nine different bridge classes, 

both at a component and a system level. These fragility models were posed as univariate 

lognormal functions in the form of Equation 3.2, with a median and a dispersion  

parameter for each damage state as listed in Table 4.3.  

Table 4.3 - Highway bridge system level fragility parameters (Nielson and 

DesRoches 2007) 

Bridge class 
Median PGA values (g) 

Dispersion 
Slight Moderate Extensive Complete 

MSSS Concrete 0.2 0.63 0.91 1.28 0.7 
MSSS Steel 0.24 0.45 0.58 0.85 0.5 

MSC Concrete 0.16 0.53 0.75 1.01 0.7 
MSC Steel 0.19 0.32 0.41 0.51 0.5 
MSSS Slab 0.17 0.51 0.91 1.87 0.8 
MSC Slab 0.17 0.49 0.86 2.39 0.7 

SS Concrete 0.35 1.33 1.83 2.5 0.9 
SS Steel 0.64 1.19 1.59 2.59 0.6 

MSSS Concrete Box 0.22 0.69 1.31 3.39 0.8 
 

Table 4.3 lists the highway bridge system level fragility model parameters for each 

of the nine bridge classes for four different damage states, namely Slight, Moderate, 

Extensive and Complete. As in case of the railway bridges, the definitions of each of these 

damage states is in accordance with HAZUS-MH (FEMA 2015). Although Nielson and 



DesRoches (2007) proposed fragility functions both in terms of PGA as well as spectral 

acceleration parameters, PGA-based fragility functions were selected for this study, owing 

to the suitability of this  in regional level risk and resilience applications, as pointed out 

in Section 4.1.2. The highway bridge component level fragility models were derived from 

the tables provided in Appendix G of Nielson (2005). These tables provide lognormal 

fragility parameters separately for two different ground motion suites  the Rix and 

Fernandez-Leon suite (Rix and Fernandez-Leon 2004) and the Wen and Wu suite (Wen 

and Wu 2001). The fragility parameters from these separate ground motion suites were 

combined using the methodology suggested in Nielson (2005), and the final tables of 

highway bridge component fragility models thus obtained are compiled in tables C1 

through C6 of Appendix C of this thesis. 

4.2.2. Roadway and railway track fragility models 

Seismic fragility models for roadways and railway tracks were abstracted from the 

expert judgement-based functions originally proposed in HAZUS-MH (FEMA 2015), and 

subsequently modified by Argyroudis and Kaynia (2014). These fragility functions were 

proposed as univariate lognormal functions using permanent ground deformation (PGD) 

as the IM, since roadways are susceptible to ground failure hazard. Roadways are 

categorized into major and urban roads based on the number of traffic lanes available. The 

roadway fragility model parameters for major and urban roads are listed in Table 4.4. 

  



Table 4.4 - Roadway and railway track fragility parameters (Argyroudis and 

Kaynia 2014) 

Bridge class 
Median PGD values (m) 

Dispersion 
Slight Moderate Extensive/Complete 

Urban roads (2 traffic 
lanes) 

0.15 0.30 0.60 0.7 

Major roads (  4 
traffic lanes) 

0.30 0.60 1.50 0.7 

Railway track 0.03 0.08 0.20 0.7 
 

HAZUS-MH recommends using the fragility functions for major roads as a proxy 

for railways. However, given that railway tracks have lower damage tolerance due to the 

necessity to maintain exact alignment, new fragility model parameters for railway tracks 

were proposed by Argyroudis and Kaynia (2014) based on expert judgement. These 

parameters, also conditioned upon PGD, are listed in Table 4.4. It is evident from Table 

4.4 that the damage limit states for railway tracks are more stringent as compared to 

roadways, owing to the serviceability requirements in railway tracks. 

4.2.3. Fragility models for components and subcomponents of intermodal 

terminals 

Intermodal terminals consist of a variety of components and subcomponents, each 

of which have varying seismic hazard susceptibility. A list of the key components that 

constitute the intermodal terminals was provided earlier in Table 3.1. Although HAZUS-

MH (FEMA 2015) originally lists these components as subcomponents either under 

railway system components or port components, engineering judgement was applied to 

identify them based on their relevance to intermodal terminal operations. In summary, 



cranes, power facilities, fuel facilities, warehouses, and dispatch facilities were identified 

as the key components of the intermodal terminal. Each of these components have one or 

more subcomponents on which its functionality depends. The functional dependencies 

between these subcomponents expressed in terms of a proposed engineering judgement-

based fault tree model is discussed subsequently in Chapter 5. The fragility function 

parameters for each subcomponent of the four intermodal terminal components are listed 

in Tables 4.5 through 4.8. 

Table 4.5 - Fragility model parameters for cranes (FEMA 2015) 

Type IM 
Slight 

damage 
Moderate 
damage 

Extensive/Complete 
damage 

      
Anchored/ 
Stationary 

PGA (g) 0.30 0.60 0.50 0.60 1.00 0.70 

Unanchored/ 
Rail mounted 

PGA (g) 0.15 0.60 0.35 0.60 0.80 0.70 

Anchored/ 
Stationary 

PGD (m) 0.08 0.60 0.15 0.60 0.30 0.70 

Unanchored/ 
Rail mounted 

PGD (m) 0.05 0.60 0.10 0.60 0.25 0.70 

Table 4.6 - Fragility model parameters for power facilities (FEMA 2015) 

Subcomponent IM 
Slight damage Moderate damage 

    
Electric power 

(backup)  anchored 
PGA (g) 0.80 0.60 1.0 0.80 

Electric power 
(offsite)  anchored 

PGA (g) 0.15 0.6 0.25 0.50 

Electric power 
(backup)  
unanchored 

PGA (g) 0.20 0.60 0.4 0.80 

Electric power 
(offsite)  unanchored 

PGA (g) 0.15 0.6 0.25 0.50 



 

Table 4.7 - Fragility model parameters for fuel facilities (FEMA 2015) 

Subcomponent IM 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        

Pump building 
PGA 
(g) 

0.15 0.80 0.40 0.80 0.80 0.80 1.50 0.80 

Tanks - 
anchored 

PGA 
(g) 

0.30 0.60 0.70 0.60 1.25 0.60 1.60 0.60 

Tanks - 
unanchored 

PGA 
(g) 

0.15 0.70 0.35 0.70 0.68 0.75 0.95 0.75 

Equipment - 
anchored 

PGA 
(g) 

- - 1.0 0.60 - - - - 

Equipment - 
unanchored 

PGA 
(g) 

- - 0.60 0.60 - - - - 

Table 4.8 - Fragility model parameters for dispatch facilities (FEMA 2015) 

Subcomponent IM 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        

Building 
PGA 
(g) 

0.15 0.80 0.40 0.80 0.80 0.80 1.50 0.80 

Equipment - 
anchored 

PGA 
(g) 

- - 0.60 0.60 - - - - 

Equipment - 
unanchored 

PGA 
(g) 

- - 0.60 0.60 - - - - 

 

Table 4.5 lists the fragility models for different types of container cranes, required 

for loading and unloading of freight containers, which may be stationary (e.g. tower cranes) 

or rail-mounted (e.g. gantry cranes). Table 4.6 lists fragility models for subcomponents of 

the power facility, which constitutes an essential subcomponent of the intermodal 

terminals. Power is typically drawn either from backup power facilities located onsite or 

from offsite sources, and for each, the power generator may be anchored (i.e. engineered 



to meet adequate seismic criteria) or unanchored. Fuel facilities listed in Table 4.7 consist 

of buildings that house the fuel pump, above ground storage tanks that may be anchored or 

unanchored, and fuel equipment. Dispatch facilities, listed in Table 4.8, consist of dispatch 

buildings, backup power obtained from onsite or offsite power facilities, and electrical 

equipment, which may either be anchored or unanchored. It is evident from Tables 4.5 

through 4.8 that the individual fragility models for components of the intermodal terminal 

often differ among each other in terms of the number of damage states and the  with 

respect to which the damage state thresholds are defined. For example, fragility models for 

fuel and dispatch equipment are only defined with respect to moderate damage states, 

whereas the same for power facilities are defined with respect to slight and moderate 

damage states only. Similarly, fragility functions for cranes are defined in terms of both 

PGA or PGD, given that cranes are susceptible to both ground shaking and ground failure 

hazards. Ground failure hazards are primarily caused by liquefaction, a phenomenon that 

occurs when strong ground shaking causes the soil loses its bearing capacity (Kramer 

1996). In case of intermodal network components such as cranes which are susceptible to 

multiple hazards caused by the same scenario earthquake event, the probability of damage 

is evaluated as follows. Let the probability of liquefaction for a given level of ground 

shaking be estimated to be . Let the probability of exceeding  damage state due to 

ground shaking and ground failure be denoted by  and  

respectively. The probability of exceeding  damage state either due to ground shaking 

or ground failure will hence be evaluated as 

                            (4.4) 



where the left-hand side of the equation denotes the union of the two failure events, due to 

ground shaking and ground failure. The probability of liquefaction  is calculated based 

on the PGA of ground shaking, the depth of groundwater table and the liquefaction 

susceptibility index using the methodology suggested in HAZUS-MH (FEMA 2015). 

Details on this methodology are provided in Appendix F. 

4.3. Closure 

Chapter 4 contains a detailed description of fragility models used as input models 

in the framework for estimating resilience of rail-truck intermodal freight transportation 

network. Of the various components of the intermodal network, new seismic fragility 

models for typical railway bridge classes proposed as a part of this study are described in 

Section 4.1. For all other components and subcomponents of the intermodal network, 

fragility models were adopted from a variety of existing sources. Section 4.2 contains an 

overview of the various fragility models with some essential insights on their application. 

The damage states obtained as an output of these fragility models are inputs to restoration 

models which relate damage to functionality. Chapter 5 contains a detailed discussion on 

the various intermodal network component restoration models that provide estimates of 

closure decision and closure durations for given network component damage states. 



 

Restoration models for network components based on damage incurred from a 

hazard event provide estimates of both the immediate post-event functionality state as well 

as the time to recovery of functionality. The utility of restoration models as a key input tool 

in the framework for intermodal network resilience estimation was established in Chapter 

3. New restoration models for highway and railway network components developed in this 

study provide estimates of decisions and durations for complete closure and various levels 

of partial closure, based on data collected from an expert opinion survey (Misra et al. 2020). 

In addition, a fault tree model is posed for estimating the functionality level of intermodal 

terminals, leveraging existing restoration models for terminal components. This chapter is 

divided into three major sections. Section 5.1 contains a detailed discussion on the expert 

opinion survey study conducted to collect the data required to build lacking restoration 

models. Section 5.2 contains the restoration models developed leveraging data from these 

surveys along with empirical data where available. Finally, Section 5.3 contains additional 

information on methods and models required for arriving at estimates of functionality from 



the outputs of these restoration models, including a proposed fault tree operations model 

representing the functionality of intermodal terminals. 

5.1. Expert opinion survey on post hazard restoration of network 

components 

An online survey of experts in the field of post-hazard inspection and repair of roads 

and bridges was carried out to collect the data required to train the required damage-

functionality restoration models serving as inputs to the intermodal resilience 

quantification framework. The focus of this survey was to harvest data relating typical 

earthquake, hurricane and flood-related damages on roadways and bridge components to 

repair decisions, traffic closure decisions and closure durations. The complete survey 

instrument along with the published dataset is available on DesignSafe-CI (Misra et al. 

2019) and can be publicly accessed and downloaded using the following DOI: 

10.17603/ds2-c53f-4338. Details on the survey methodology and preliminary insights form 

the data are available in Misra et al. (2020). A similar but separate survey focused 

exclusively on restoration of railway tracks and railway bridges was also carried out, for 

which the details can be found in Misra and Padgett (2017). For both surveys, the required 

Institutional Review Board (IRB) training and certification to carry out experiments 

involving human subjects were duly completed. Furthermore, the survey instrument was 

Colorado, Boulder to ensure compliance with IRB regulations and best practices in 

administering web-based surveys. 



5.1.1. Survey methodology 

The two expert-opinion surveys, one focusing on railway network components and 

the other on highway network components, were both prepared and distributed on an online 

platform. In the preparatory stage, the questionnaires were reviewed and edited through 

mock surveys carried out among several members of the National Institute of Standards 

and Technology (NIST) Center for Risk-Based Community Resilience Planning. At this 

stage, the priority was to ensure that: 

1. Maximum information desired is extracted from the collected responses. 

2. Respondents have sufficient background information to provide a well-informed 

response. 

3. Respondents provide information in the desired format, with additional scope 

for subjectivity. 

4. The survey length is within reasonable limits. 

 The design and distribution of the surveys was carried out using Survey Monkey 

(SurveyMonkey 2012), a platform for creating and distributing online surveys. These were 

sent out as web links via e-mail to representatives from various state DOTs and others with 

expertise in maintenance, repair and recovery projects. Respondents were asked to rate 

themselves on their experience in maintenance, repair and retrofit programs, to have an 

estimate of the reliability of the responses.  

The surveys were designed to elicit information not only for various network 

components, but for a range of hazards, specifically earthquakes, hurricanes, tsunamis and 



flood-induced scour. Separate sections of the survey were dedicated to each hazard, and 

respondents were allowed to access only those sections that matched their expertise. A list 

of relevant assumptions was provided to the respondents beforehand. The key assumptions 

that highlight the context of this survey and the ensuing restoration models built using this 

survey data are 

1. Bridges, roadways and railway tracks are fully in service prior to the hazard event. 

2. Sufficient funds, repair crew and other relevant resources are available for the 

restoration. 

3. The durations of closure are estimated from the beginning of restoration activity, 

and not necessarily from the time of the hazard event. 

The second assumption essentially means that the obtained durations of repair and 

traffic closure are applicable given that the required crew and resources are available, 

providing respondents with a practical baseline for their answers. Application of these 

models should incorporate appropriate scaling factors to modify these durations in case 

typical conditions are not satisfied and resources are insufficient. The third assumption is 

particularly relevant to the application of the restoration models, since initial delays due to 

resource constraints have to be added to the predicted durations of closure.  A typical set 

of questions from the survey is shown in Figure 5.1. 



 

Figure 5.1 - Example of a typical set of questions on bridge closure 

The general format of the questionnaires used in both surveys was similar to the 

sample format in Figure 5.1. Respondents were shown images and provided descriptions 

of various types and levels of damage, following which they were queried on the suggested 

repair decision (no action, repair component, repair bridge) and repair times and, the related 

closure decisions and durations. Specifically for bridges, the repair decisions and times 

were queried for various levels of damage to individual bridge components (e.g. abutments, 



bearings and columns), following which scenario combinations of various components 

damages were presented to elicit the resulting closure decisions and durations. Closure 

decisions were classified as complete and partial closure, with the latter including 

lane/track restriction, speed restriction and load restriction. In case of roadways and railway 

tracks, the respondents were asked the same set of questions for a given damage scenario. 

Comment boxes were provided at regular intervals to elicit more nuanced responses 

enabling greater insights into the process of restoration. A detailed discussion on the survey 

responses are available in Misra et al. (2020). 

5.1.2. Survey responses 

The primary respondents targeted for this study were various DOT representatives, 

railroad company representatives and practicing engineers experienced in post hazard 

inspection, maintenance and repair of roadways, bridges and railway tracks. In total, 17 

complete responses were received for the railway track and bridge restoration survey, 

whereas 29 complete responses were received for the roadway and bridge restoration 

survey. Given that each complete survey response generates a number of data points, each 

providing closure decision and duration estimates for a given damage scenario, 97 and 116 

data points respectively were obtained for training restoration models. These data points 

were combined with empirical data from past events (e.g. Yashinsky 1989, McDonough 

2002, Moehle et al. 1995) to construct restoration models, as discussed subsequently in 

Section 5.2. Given that responses were received from 17 different US states, the response 

rate was estimated at 34% of the total number of state DOTs. However, since not all states 

are equally likely to face the hazards queried in these surveys, the corresponding DOTs 

may not have the personnel with the necessary experience to respond to these surveys. 50% 



of the survey respondents reported to have over 100 hours of experience in post hazard 

inspection and maintenance. Although the surveys covered a range of hazard events, the 

focus in this thesis will be on earthquake induced damages only. 

 The data elicited from these surveys was used to build restoration models that 

relate damage to estimates of network component functionality. The following section 

focuses on the restoration models for various network components, many of which leverage 

the survey data along with empirical data from past events, if available. 

5.2. Restoration models for intermodal network components 

Restoration models for various intermodal network components that are either 

proposed as part of this study or adopted from literature are presented in this section. 

Specifically, new restoration models are proposed leveraging decision trees and clustered 

random forest modeling to characterize closure decisions and durations for railway and 

highway bridges by combining the survey data with empirical data from past events. Tree 

based models are suitable for this application due the categorical nature of the predictors, 

and the decent predictive accuracy afforded by these models compared to other models. 

Section 5.2.1 discusses the methodology for the decision tree and clustered random forest 

modeling approaches. For roadways and railway tracks, restoration decision tree based 

restoration models predicting closure decisions and durations were developed combining 

insights from the survey with those available from Argyroudis and Kaynia (2014), whereas 

corresponding closure durations were obtained by using the survey data to update estimates 

provided in HAZUS-MH (FEMA 2015). Section 5.2.2 contains details of these restoration 

models that constitute unique contributions of this study. Finally, Section 5.2.3 contains 



details on the restoration models for components of the intermodal terminals, which were 

adopted from HAZUS-MH (FEMA 2015) but used in a newly proposed fault tree model 

herein. 

5.2.1. Restoration modeling using decision trees and clustered random forests 

Decision trees (Breiman et al. 1984) were used in this study to model traffic closure 

decisions, model inputs being bridge component damage states. Decision trees perform 

classification by creating sequential axis aligned splits in the variables at each root node, 

with a criterion of minimizing the cost or prediction error caused due to the split. Decision 

trees have emerged as a popular tool for classification and data visualization owing to their 

simplicity, interpretability, and reasonable predictive capabilities. Typically, the damage 

state of a bridge component is classified into one of the five categories: no damage, slight, 

moderate, extensive and complete damage represented by values 0, 1, 2, 3, and 4 

respectively are used as the predictors. On the other hand, the output of these decision tree 

models is a binary variable indicating the presence or absence of closure. Decision trees 

trained to predict complete and partial closures, expressed in terms of discrete variables, 

are categorized under classification trees, since they essentially classify the parameter 

space into two or more decision classes. Given the categorical nature of the predictors, tree-

based models are more suitable for this application. Some important hyperparameters for 

the training of decision trees are the minimum leaf size, denoting the minimum number of 

observations required at a node to qualify it for a split, and choice of cost function for 

deciding splits. Overfitting, a common problem with decision trees used for predictive 

modeling, was controlled by performing five-fold cross validation to select the best model. 

Moreover, due to limited data availability, there is no guarantee that the best model selected 



by cross validation would be the same if the experiment were to be repeated, as the model 

form is highly sensitive to the data split across the five folds. In order to tackle this problem, 

the five-fold cross validation step was repeated several times, each time creating different 

folds, and the best model was selected out of all the repetitions. A convergence study 

carried out to estimate the number of repetitions of the five-fold cross validation required 

to achieve a stable model form revealed that 500 repetitions were sufficient for the purpose. 

Details on the decision tree models for estimating complete and partial closure decisions 

are available in Kameshwar et al. (2020). 

Although decision trees proved useful for modeling closure decisions, it was 

observed in Kameshwar et al. (2020) that regression trees used to model closure durations 

were associated with high variances in the predictions, motivating the need to develop a 

new generation of restoration models for predicting closure durations. In the past, 

ensembles of decision trees, popularly known as Random Forests (RFs) introduced by 

Breiman (2001), have shown superior performance to single decision trees for the same 

given dataset. This has motivated the new generation of models for predicting durations of 

complete and partial closure leveraging clustered RF models. In the clustered RF modeling 

approach, the training dataset was first divided into a suitable number of clusters using an 

unsupervised clustering technique such as k-nearest neighbors. Subsequently, a separate 

RF regression model was fitted to the data in each cluster. The number of clusters and the 

location of the cluster centers are additional parameters of the new restoration models.  

The choice of models for predicting both closure decisions and durations was based 

on comparison with alternate modeling strategies. For example, decision trees emerged as 

a better alternative for predicting closure decisions compared to naïve Bayes classifiers and 



logistic regression models. RF models offered minor improvements in predictive accuracy 

for closure decisions compared to decision trees. However, RF model predictions are 

deterministic whereas in case of decision trees, the class densities at each leaf node can be 

interpreted as probabilities associated with the corresponding class. On the other hand, 

clustered RF models outperformed decision trees for predicting closure durations. As a 

result, decision trees were used for modeling closure decisions and clustered RF models 

for predicting closure durations. 

5.2.2. Restoration models for highway and railway bridges 

The decision tree modeling strategy enables a new data-driven approach to 

determine functionality of transportation network components based on realistic estimates 

of complete and partial traffic closure instead of abstract estimates of percentage 

functionality, leveraging an interpretable and computationally efficient model. In order to 

model restoration of railway bridges, decision tree models were trained using the 97 data 

points obtained from the exert opinion survey on railway bridge restoration. On the other 

hand, highway bridge restoration models were trained using a total of 177 data points, 

including 116 data points from the survey data and 61 from empirical datasets. Decision 

trees modeling complete closure of railway and highway bridges are shown in Figure 5.2(a) 

and Figure 5.2(b) respectively. 



(a) 

 

(b) 
 

 

Figure 5.2 - Decision tree models for prediciting complete closure decisions for (a) 

railway bridges and (b) highway bridges. 

The classification tree for predicting complete closure decision in railway bridges, 

illustrated in Figure 5.2(a), was trained with a minimum leaf size of 20 and using gini index 

as a cost function. Gini index provides an estimate of node impurity due to a split at the 



node by assigning a penalty for misclassification; hence the split causing the least gini 

index is selected. The best model selected based on these criteria gave a misclassification 

error of 19.6% on the entire dataset. On the other hand, for the highway bridge case 

illustrated in Figure 5.2(b), the classification tree for predicting complete closure decision 

was trained using a minimum leaf size of 10 and using gini index as a cost function. The 

best model selected through 5-fold cross validation repeated 500 times gave a 

misclassification error of 15% on the entire dataset. Similar decision tree models were also 

trained to predict track/lane restriction, speed restriction and load restriction decisions and 

durations. These restoration models are illustrated in Appendix D. Further information on 

the decision tree modeling approach and insights are available in Kameshwar et al. (2019). 

The clustered random forest-based restoration models predicting durations of 

closure for railway and highway bridges cannot be expressed in a closed form due to the 

inherent nature of the model. However, insights into the performance of these models can 

be obtained from Table 5.1, which provided estimates of the model Relative Mean 

Absolute Error (RMAE) using the clustered RF modeling approach. 

Table 5.1 - Performance of regression models for closure duration 

Component Quantity predicted RMAE on test data 

Railway Bridge 
Complete closure duration 0.78 

Speed restriction duration 1.02 

Highway Bridge 

Complete closure duration 0.78 

Lane restriction duration 1.18 

Speed restriction duration 1.02 



The RMAE values on the test data reported in Table 5.1 provide estimates of the model 

prediction error in comparison to the model variance, with lower RMAE indicating 

superior performance. For each of the instances above, the dataset was divided into two 

clusters, which is suitable given the size of the training dataset. A random error term was 

added to the estimated closure duration, with a zero mean and a standard deviation 

calculated based on the model least squared errors. Uncertainties in the restoration models 

were propagated using the probability associated with closure decisions and the uncertainty 

associated with the closure durations. 

5.2.3. Restoration models for roadways and railway tracks 

Restoration models for both roadways and railway tracks are provided in HAZUS-

MH (FEMA 2015) in terms of a mean and standard deviation of closure duration for each 

of the relevant damage states. Unlike the restoration models for highway and railway 

bridges, the HAZUS-MH (FEMA 2015) models do not provide any information on when 

complete or partial traffic closures are imposed. However, these HAZUS-MH (FEMA 

2015) models provide estimates of the time to restoration of functionality, which can be 

leveraged to model closure durations. The total number of data points available from the 

survey on roadway restoration is on an average 10 per damage state, and that for railway 

track restoration is only 14 per damage state. Moreover, due to lack of empirical data on 

railway track and roadway closure durations, the total number of data points is too small 

to obtain statistical inferences from the dataset. The expert-opinion based restoration 

models in HAZUS-MH only provide the overall statistics and not individual data points. 

As a result, datasets from the previously mentioned surveys were used only to estimate 

probabilities of traffic closure decisions. Subsequently, complete closure duration data 



from surveys was used to update existing knowledge of restoration time estimates from the 

literature using a Bayesian updating approach. Unlike the bridge case, these models use 

only a single predictor for complete closure, which is the damage state of the roadway or 

railway track. The complete closure decisions are provided in terms of a probability of 

closure for each damage state with an associated closure duration, based on the data 

collected from the expert opinion surveys (Misra et al. 2020). Similarly, the partial closure 

decisions are conditioned upon damage state and closure status  at time  immediately 

after the hazard event.  The restoration model parameters for roadways and railway tracks 

are provided in Table 5.2. 

Table 5.2 - Restoration model parameters for roadways and railway tracks 

Facility 
Damage 

state 

Probability 
of complete 

closure  

Duration of 
complete 

closure (days) 

Probability of 
partial closure  

Duration of 
partial 
closure 
(days) 

      

Roadway 

Slight 0.36 0.3 0.6 0.5 0 0.6 1.4 

Moderate 0.78 18.1 31.6 0.86 1 24.5 29.7 
Extensive 
/Complete 

0.78 26.3 33.3 0.71 0 28.7 32 

Railway 
track 

Slight - - - 1 1 0.9 0.07 
Moderate 1 3.3 3.0 0 0 - - 
Extensive 
/Complete 

1 15.0 13.0 0 0 - - 

 

The probabilities of complete and partial closure of roadways listed in Table 5.2 

are based on the survey data from Misra et al. (2020). For roadways, lane restriction is 

assumed to be the only form of partial closure, in accordance with Argyroudis and Kaynia 

(2014). The mean and standard deviation parameters,  and  respectively, of the complete 



closure durations were inferred by updating the values reported in HAZUS-MH with data 

 from the survey using Bayesian updating in Equation 5.1.  

                                                                                                   (5.1) 

where  denotes the number of new data points. The railway track restoration models 

were abstracted directly from Argyroudis and Kaynia (2014), which leverages the HAZUS-

MH model and adds the new insight that the partial closure (speed restriction) is imposed 

for slight damage and complete closure otherwise. The data from the expert opinion survey 

was not included in the railway track restoration models because of the insufficiency of 

data points for statistical modeling or inferencing.  

5.2.4. Restoration models for intermodal terminal components 

The restoration models for the components of the intermodal terminal were adopted 

from HAZUS-MH (FEMA 2015). These restoration models, similar to the roadway and 

railway track restoration models, are characterized by two parameters, the mean  and 

standard deviation  of restoration time in days corresponding to each damage state. Using 

the damage state descriptions provided in HAZUS-MH, the assumed damage threshold 

causing loss of functionality in each subcomponent of the intermodal terminal was settled 

in this study based on engineering judgement. These assumed damage state thresholds for 

functionality loss of each intermodal network subcomponent and their restoration model 

parameters are provided in Table 5.3 and Table 5.4 respectively. 

  



Table 5.3 - Damage state thersholds loss of functionality in intermodal terminal 

subcomponents 

Component Subcomponent 
Number of 

damage states 

Assumed  
threshold for loss of 

functionality 

Cranes 
Cranes (anchored) 3 Extensive 

Cranes (unanchored) 3 Moderate 

Fuel facilities 

Pump building 4 Extensive 
Tank 4 Extensive 

Fuel equipment 2 Moderate 

Power facilities 
Backup power 2 Moderate 

Offsite power 2 Moderate 

Dispatch facilities 
Dispatch equipment 2 Moderate 
Dispatch building 4 Extensive 

Cranes 
Cranes (anchored) 3 Extensive 

Cranes (unanchored) 3 Moderate 

Table 5.4 - Restoration model parameters in days for intermodal terminal 

components (FEMA 2015) 

Subcomponent 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Cranes 0.4 0.35 6 6 30 30 75 55 

Fuel facilities 0.9 0.05 1.5 1.5 15 15 65 50 
Power facilities 1 0.5 3 1.5 7 3.5 30 15 

Dispatch 
facilities 

0.9 0.05 1.5 1.5 15 15 65 50 

 

The implications of restoration of various components on the functionality of the 

intermodal terminal as a whole is, however, not explicitly described in HAZUS-MH 

(FEMA 2015). For simplicity, each component of the intermodal terminal is assumed to 

have binary functionality. These components and their subcomponents are mutually 



dependent for functionality. The implications of damage and restoration on functionality 

of intermodal terminals is discussed in Section 5.3.  

5.3. Estimating functionality of intermodal network components 

The proposed restoration modeling approach for intermodal network components 

allows the formation of explicit relationships between functionality and practical estimates 

of closure. Complete or partial closure in the various intermodal network links is 

manifested through a reduction in link capacity and modification of other link attributes, 

such as link travel times. The link capacity of a highway network link or a railway network 

link typically indicates the average annual daily traffic (AADT) in terms of number of 

vehicles, trucks or trains. On the other hand, capacity of intermodal terminals, which are 

also modeled as links in the intermodal network model, is given in terms of the number of 

containers it can store or transfer in a day. The capacity of roadways, railway tracks, 

highway bridges and railway bridges is influenced by factors such as speed limits and 

number of available lanes, while the capacity of intermodal terminals is influenced by the 

number of cranes and side lifts operating in intermodal terminals. The capacity  of an 

intermodal network link, irrespective of whether the link represents a highway link, a 

railway link or an intermodal terminal link, was expressed in terms of the number of 

Twenty-foot Equivalent Units (TEUs), a standard size of freight containers, that can pass 

through it per day. For simplicity, it was assumed that each truck can carry 1 TEU, and 

each intermodal train can carry 100 TEUs. Some of the key assumptions in estimating 

reduced functionality of damaged components are 



1. Complete closure of railway and highway bridges, railway tracks and roadways 

indicate that the capacity of the corresponding network link is zero. The 

corresponding network link is removed in the time-evolving adjacency matrix by 

setting  of the damaged link  to zero. 

2. Lane restriction implies that half the number of available lanes are closed to traffic 

in each direction. For example, if a four-lane two-way road is lane restricted, it is 

assumed to be functioning as a two-lane two-way road. Reduction in the number of 

available lanes reduces the free flow speed  of the link and increases travel 

time along the corresponding network link, leading to a fractional reduction in link 

capacity . 

3. Speed restriction implies that the posted speed limit on the roadway, railway track 

or bridge is reduced to half. Reduction in speed limit also reduces the free-flow 

speed, thus increasing the corresponding link travel time and resulting in a 

fractional reduction in capacity. 

4. The intermodal terminal capacity at any time is a function of the number of 

available cranes and side lifts. 

The assumptions stated above were applied to complement the restoration models used in 

this study. It is acknowledged that with more refined data available such as number of lanes 

closed or reduced speed limits, the reduction in functionality and capacity at each 

individual network link can be estimated more accurately. 

The capacity of roadways and highway bridges expressed in terms of Average 

Annual Daily Truck Traffic (AADTT) as a function of free flow speed and number of 



available lanes was available from the FAF4 highway network database (Federal Highway 

Administration 2018). In general, the relationship between, highway network capacity, 

number of lanes and free flow speeds was obtained from the empirical formula provided 

in the Highway Capacity Manual (Margiotta and Washburn 2017) shown in Equation 5.2. 

                                  (5.2) 

where  denotes free flow speed in miles per hour,  denotes the percentage of 

heavy vehicles,  denotes the number of available traffic lanes and  denotes the set 

of all highway links where . The free flow speed is estimated using the formula 

provided in NCHRP Report 387 (Dowling 1997), which is expressed in Equation 5.3.  

     if  

                          if                                   (5.3) 

where  is the posted speed limit in miles per hour on link  containing a roadway 

or highway bridge. It is evident from Equation 5.2 that imposing lane restriction reduces 

the capacity of a roadway or bridge to 50% of its original capacity. On the other hand, 

imposing a speed restriction decreases the  by a certain amount, which in turn reduces 

the capacity in a nonlinear manner. Moreover, in cases where multiple types of closure are 

applied simultaneously, it was assumed that complete closure is followed by lane 

restriction, followed by speed restriction before complete restoration of functionality.  

In case of railway links , where  denotes the set of all railway links and 

 , speed restriction was assumed to be the only form of closure. Given the lack of 



explicit equations for capacity and free flow speed as in case of highway links, it was 

assumed for the purpose of this study that the  for railway links is equal to the 

corresponding speed limit , as shown in Equation 5.4.  

                                                                             (5.4) 

Consequently, speed restriction in a railway link reduces the link free flow speed  to 

half, thus increasing the link travel time to twice the original. The capacity  of railway 

links in terms of Average Annual Daily Traffic (AADT) was obtained from the railway 

network data was obtained from the FRA railroad network database. The capacity in terms 

of number of trains was interpreted in terms of TEUs by dividing the AADT by 100 and 

rounding up the quotient to the nearest integer. After speed restriction, the capacity of 

railway links was assumed to be reduced to 50% of its original capacity.  

The functionality of intermodal terminals in terms of the functionality of its 

components and subcomponents was estimated using a schematic fault tree model, 

proposed in Misra and Padgett (in review) based on engineering judgement. The structure 

of this fault-tree model is as shown in . 



 

Figure 5.3 - Fault-tree model describing functionality of intermodal terminals. 

Figure 5.3 clearly illustrates the dependencies between the various subcomponents of the 

intermodal terminals for performing the two key functions of intermodal terminals  

storage and transfer of freight. The fault tree diagram should be read as follows; any 

subcomponent is functional if those immediately below it are functional, their mutual 

dependencies being represented by AND/OR gates. An AND gate indicates that the 

subcomponent above fails if all the subcomponents under the AND gate fails; whereas an 

OR gate indicates that a subcomponent fails if any of the subcomponents under the OR 

gate fails. Specifically from the perspective of freight transfer, functionality is lost if either 

the dispatch facility or each of the lifting devices, specifically cranes and side lifts, loses 



functionality. The dispatch facility loses functionality if either the power facility, the 

dispatch equipment or the dispatch building loses functionality. The power facility in turn 

loses functionality only if both onsite power (if available) and offsite power lose 

functionality simultaneously. Given that the dispatch facility is functional, the capacity  

of intermodal terminal links  as a function of the number of available cranes and side lifts 

was adopted from the empirical formula from Huelsz Prince (2015) as expressed in 

Equation 5.5. 

                                                                   (5.5) 

where  denotes the number of side lifts in link ,  denotes the number of cranes 

in link ,  denotes the set of all intermodal terminal links and . The formula 

originally expressing number of container lifts per year was converted into number TEUs 

transferred through the terminal per day by dividing by 365, and consequently rounding up 

the quotient to the nearest integer. The number of functional cranes and side lifts at any 

instant of time during the intermodal network recovery, inferred from the fragility and 

restoration models of the terminal subcomponents coupled with the fault-tree model in 

Figure 5.3, provides an estimate of intermodal terminal capacity. 

 As mentioned previously in Chapter 3, the restoration models proposed or adopted 

in this study provide estimates of closure durations from the beginning of restoration 

activity. Appropriate initial delays must be appended to these closure durations based on 

resource availability and allocation. The rate of restoration and consequently duration of 

closure of a bridge, roadway or railway track segment depends on the size of repair crew 

assigned to it. The required crew size was related to the damage states based on reported 



estimates provided in the Pennsylvania DOT Manual for Bridge Maintenance (PennDOT 

2019) and were abstracted in this study using engineering judgement. The assumed repair 

crew requirements are summarized in Table 5.5. 

Table 5.5 - Assumptions on required repair crew for various intermodal network 

components and damage states 

Component Subcomponent 
Slight 

Damage 
Moderate 
Damage 

Extensive 
Damage 

Complete 
Damage 

Highway/railway 
bridge 

Abutment 5 5 5 10 

Bearing 5 5 10 10 
Column 5 5 5 10 

Roadway/railway 
track 

- 5 5 10 10 

 

Table 5.5 illustrates the required repair crew size for various intermodal terminal 

components. Assuming a case where a bridge experiences slight damage to abutment, 

moderate damage to bearing and extensive damage to column, the total crew size required 

to restore the bridge, adding the corresponding table elements, is 20. In order to implement 

the assumption in Table 5.5, a realistic repair crew size available to the repairing authority 

has to be assumed. Given that separate personnel are involved in structural repairs and in 

roadway and track repairs, the available crew sizes are assumed to be separate for roads, 

highway bridges, railway tracks and railway bridges. Furthermore, since individual 

railroad companies perform repair and maintenance on their own tracks, each railroad is 

assumed to have a fixed number of available crew members restricted to serve within their 

individual railroads. The number of available crew members are assigned heuristically, and 

these numbers can be easily modified with more specific details available. For simplicity, 



the present study assumes that restoration activity on a network link can only commence if 

the required number of crew is available. For intermodal terminal components, it was 

assumed that sufficient crew members were available for carrying out restoration, hence 

no initial delay times were added to their estimated restoration times. 

5.4. Closure 

Chapter 5 contains a detailed description of the restoration models used as inputs 

in the framework for estimating resilience of rail-truck intermodal freight transportation 

networks. New restoration models for railway and highway bridges were proposed 

leveraging decision trees and clustered random forests using data from an online survey of 

experts along with empirical data where available, enabling links between practical 

estimates of bridge closure and bridge functionality. Moreover, data from these surveys 

was used to update existing restoration models of railway tracks and roadways, enabling 

similar linkages between closure and functionality. For intermodal terminals, a fault tree 

model was proposed to estimate post-earthquake functionality and capacity leveraging 

input restoration models of the intermodal terminal components and subcomponents. The 

outputs from these models include firstly an estimate of immediate post-event functionality 

along with the durations of complete or partial closure, measured from the time of 

commencement of restoration actions. The restoration models posed in this chapter can be 

used to evaluate the resilience of the intermodal transportation network under alternative 

scheduling or deployment of resources and repair crews. As an example, Chapter 6 

introduces an optimal restoration scheduling model, which uses the restoration model 



outputs of each intermodal network component to make network-level decisions on optimal 

scheduling of restoration activities under limited resources.  



 

This chapter introduces a restoration scheduling model that evaluates the optimal 

resource allocation and network flow strategy to minimize the costs from the perspectives 

of multiple stakeholders as well as losses incurred over the duration of the recovery, given 

limited resources. The fragility and restoration models of intermodal network components 

introduced in Chapters 4 and 5 respectively enable the estimation of immediate post event 

network component functionality and closure durations. At the network level, practical 

constraints in resource availability necessitate resource allocation strategies such as 

random scheduling or scheduling based on heuristic ranking metrics. Leveraging bi-

objective linear optimization, the proposed model serves as a key network level input tool 

in the framework for estimating resilience of intermodal networks by providing the optimal 

scheduling strategy, offering insight on post-event strategies, particularly surrounding 

resource deployment, and supporting enhanced functionality and resilience of intermodal 

networks. Section 6.1 contains a discussion on the background and assumptions behind 

this model, whereas Section 6.2 presents the detailed mathematical formulation for this 

model. 



6.1. Background

An optimization model leveraging Mixed Integer Programming (MIP) is proposed 

that determines the best recovery strategy for a damaged multimodal multicommodity 

transportation system  incorporating realistic constraints associated with limited access to 

resources, loss of demand and excess of supply, and interdependency dynamics, among 

others (Gonzalez et al. 2016, Gonzalez et al. 2017, Gomez et al. 2019). The proposed model 

has been developed as part of an ongoing collaboration with Dr. Andres Gonzalez, 

Assistant Professor, University of Oklahoma. A review of literature on existing models for 

evaluating optimal restoration scheduling under limited budget revealed several gaps in the 

existing approach, particularly in the context of intermodal transportation networks, as 

discussed in Section 2.4. These gaps are addressed in this study by introducing the 

following methodological advancements. 

1. The intermodal network is modeled as a multi-scale network, with a highly granular 

regional network inside the region of interest and a simplified national network 

outside the region of interest, as described in Chapter 3. This ensures that the 

optimization model accounts for both local disruptions as well as its global impacts, 

without using a computationally expensive full-scale network model. 

2. Due to the above modeling approach, bridges, roadways, railway tracks and 

intermodal terminals are all modeled as part of the highly granular regional network 

model. As a result, the damage to links is modeled in terms of the damage to its 

constituent bridges, roadways, tracks etc., unlike previous studies. 



3. The damage and consequent closures, restoration times, and functionality states as 

function of time are modeled using relevant fragility and restoration models. The 

proposed optimization model uses the immediate post-event status of intermodal 

network links as well their predicted closure durations as inputs.  

4. The perspective of multiple stakeholders involved in the operation of freight along 

intermodal networks following a disruption event, such as the railroad owners, the 

regional highway authority and the freight shippers is modeled explicitly using a 

bi-objective model. 

The key assumptions that outline the application of the proposed optimization model are 

1. The railroad companies or highway authorities bear the cost of railway and highway 

bridge repairs respectively, whereas the freight shipper bears the cost of transport 

and the losses incurred due to disruption of shipment routes. 

2. For each damaged network link, the number of repair crews required is a function 

of the extent of damage and the bridge component in question. It is further assumed 

for simplicity that bridge repair can only take place if all the required crew members 

are available. However, the constraints of the proposed optimization can be suitably 

adapted to model restoration under any available crew size, by normalizing the 

restoration time of the component accordingly. 

6.2. Mathematical model 

The network restoration scheduling model for intermodal networks proposed in this 

study is developed based on previous models proposed by Gonzalez et al. (2017) and 



Gomez et al. (2019) for interdependent networks. The model is adapted for specific 

application to intermodal freight networks carrying multiple commodities subjected to a 

regional disruption, under a limited restoration crew. The list of sets, parameters and 

decision variables used in the optimization model are detailed in Tables 6.1, 6.2 and 6.3. 

Table 6.1 - List of sets 

Set Definition 

 The set of all links in the network 

 The set of all nodes in the network 

 The set of all network components  

 
The set of all network components in a state of complete closure immediately 
after the earthquake 

 The set of all shipments 

 

Table 6.2 - List of model parameters 

Set Definition Source 

 Cost of repairing network component  at time  FHWA (2018) 

 Cost of excess supply of shipment  from node  at time  Bureau of 
Transportation 
Statistics (2017) 

 Cost of unmet demand of shipment  from node  at time  

 Demand of shipment  from node  at time  

 Duration of complete closure from beginning of repair 
action on network component  

Restoration 
model outputs 

  if link  contains network component ; 

 otherwise 

Network 
topological data 

 Number of network components functional in link  at 
time  

 Total number of network components on link  

 Capacity of link  in terms of number of TEUs 

 Lower limit of number of TEUs on link   

 Number of repair crew members working on network 
component  at time  

Table 5.5 

 Maximum number of available crew members at time  Table 7.2 



 

Table 6.3 - List of decision variables 

Set Definition 

 Number of TEUs on link  at time  

 Closure status of network component  at time ;  if network 
component  is functional at time ,  otherwise 

 Indicator variable;  if repair crew is working on network component 
 at time t,  otherwise 

 Closure status of link  at time ;  if link  is functional at 

time ,  otherwise 

 Excess supply (TEUs) of shipment  from node  at time  

 Unmet demand (TEUs) of shipment  from node  at time  

 

The various parameters that are essential inputs to the optimization model were 

obtained from other key input models and datasets discussed in previous chapters, as stated 

in Table 6.2.  The intermodal network was modeled such that network components like 

bridges were assigned to nearby network links, as discussed in Chapter 3. As a result, a 

link can potentially carry one or multiple network components. The indicator variable 

denoting the presence of network component  in link  was obtained from the 

intermodal network modeling when network components are assigned to nearby links. The 

parameter  denoting demand of shipment  at node  was obtained from the input data 

on freight O-D demands obtained from the Commodity Flow Survey (Bureau of 

Transportation Statistics 2017), as discussed in Chapter 3. The closure durations of network 

links  is an output of the network component restoration models discussed in Chapter 5. 

The capacity of network links  was estimated using the methodology discussed in 

Section 5.3 of Chapter 5. The number of repair crew required to work on a component at a 



given time  was obtained from Table 5.5, whereas the maximum crew sizes available 

are assumed using heuristic estimates.  

The key decision variable in the optimization model is , which indicates the 

assignment of restoration crews on bridges, roadways and railway tracks at any given time. 

The functionality of network components and consequently that of the network links at a 

given time, denoted by  and  respectively, follow directly from the assignment of 

crews. The network link flow   at a given time depends on the functionality of the links 

at that instant, as well as the objectives of the optimization problem. The last two decision 

variables in Table 6.3 apply a penalty to the non-assignment of link flows, leading to 

unsatisfied commodity demands, balancing the cost of transport which results from link 

flows. 

The objective function in the proposed optimization model seeks to minimize the 

total cost of various stakeholders. These costs include the cost of repair of components of 

the of the intermodal transportation network , cost of freight transport along the 

intermodal network links , the cost of unsatisfied demands  and the cost of excess 

supply of commodities .  ce repair is usually 

carried out by the owning railroad or the federal highway authority, whereas ,  and 

 is expressed as 

follows. 

Minimize 

                                                              (6.1) 



where 

                                                                                    (6.2) 

                                                                            (6.3) 

                                                                         (6.4) 

                                                                         (6.5) 

Subject to 

,            (6.6) 

                                                     (6.7) 

                                                 (6.8) 

                                               (6.9) 

                                                                 (6.10) 

                                                                                              (6.11) 

                                            (6.12) 

                                                                                    (6.13) 

                                                  (6.14) 

The domains of the decision variables are given as follows. 

                                                                                      (6.15) 



(6.16)

,                                                                                             (6.17) 

,                                                                                             (6.18) 

                                                                                         (6.19) 

                                                                                         (6.20) 

The parameter  in the objective function controls the relative weight of these two 

perspectives, where . Selecting  sets the objective function as the cost from 

the own  sets the objective function as the cost 

 

Equation 6.6 represents the flow conservation constraint, Equations 6.7 through 

6.11 represent the constraints that relate functionality with repair actions, Equations 6.12 

and 6.13 represent the network capacity constraints relating functionality with network 

flows, and Equation 14 represents the resource availability constraint. The constraint in 

Equation 6.11, which ensures that damaged network components are in a state of closure 

at time  immediately after the earthquake event, is also obtained directly as an output of 

the restoration models discussed in Chapter 5. 

 The mathematical basis for a new MIP model for optimal post-earthquake 

restoration scheduling of intermodal network components was proposed in this section. An 

application of this optimization model to a case study is presented later in Chapter 7, 

highlighting key features of the model and the advantages it affords over other restoration 

scheduling strategies, such as a scheduling strategy informed by network component 



ranking. This model is being developed as part of an ongoing collaborative research effort, 

as part of which several challenges associated with this modeling need to be examined 

more closely in future. The integrated multi-scale modeling approach of intermodal 

networks discussed in Chapter 3 allows this model to be feasibly implemented at the 

nationwide scale. Even so, there are existing computational challenges with optimizing 

multi-shipment flows, which will be addressed in the future.    

6.3. Closure 

This chapter presents a bi-objective MIP model to evaluate the optimal restoration 

schedule of intermodal network components along with optimal network flows under 

limited crew availability. The proposed model accounts for the perspectives of multiple 

stakeholders, and includes parameters and constraints that utilize fragility and restoration 

models of each network component, thereby offering a key input model in estimating 

resilience of intermodal freight transportation networks. The proposed model is a result of 

an ongoing research collaboration, building upon previous work by Gonzalez et al. (2017) 

and Gomez et al. (2019) by introducing parameters, variables and constraints unique to the 

consideration of intermodal freight transport under disruptions. Chapter 7 contains a 

detailed case study example for application of the framework and the input models 

discussed in Chapters 3 through 6, providing estimates of functionality and resilience for a 

case study intermodal network subjected to a scenario seismic hazard. 

 

 



 

The framework and input models proposed in this thesis for estimating seismic 

resilience of intermodal freight transportation networks are demonstrated for the rail-truck 

intermodal network of Memphis, TN subjected to a scenario earthquake event originating 

in the nearby New Madrid Seismic Zone (NMSZ). This case study network is a part of a 

broader testbed for the NIST Center of Excellence (CoE) in Community Resilience. The 

resulting models and datasets will be incorporated into INCORE (Lee et al. 2019), an open 

source tool for community resilience modeling. The input models and datasets discussed 

in Chapters 3 to 6 are invoked to support the estimation of damage, functionality and 

resilience of the components and overall intermodal network. Network functionality is 

estimated using a proposed metric that incorporates the cost of freight transport to and from 

the testbed region and the value of goods transported, considering multiple commodities 

of freight. The optimal restoration scheduling model is demonstrated for a deterministic 

earthquake scenario and the results are compared against a ranking-based scheduling 

approach to highlight its potential as a promising post-event decision support tool. 

Moreover, the proposed optimal restoration scheduling model is posed as a potential input 



model for resilience estimation in the future. The case study is discussed in three sections. 

Section 7.1 contains a description of the case study intermodal network and the scenario 

seismic hazard simulation. Section 7.2 contains resulting estimates of intermodal network 

throughput, functionality and resilience based on random restoration scheduling. Section 

7.3 showcases the utility of the optimal restoration scheduling approach by showing a 

comparison between the random scheduling and the optimal scheduling model. 

7.1. Description of testbed and case study 

The intermodal network of Memphis, TN is chosen as a testbed for this study due 

to its importance as a freight transportation hub in the Central and Southeastern United 

States (CSUS) region coupled with its location in a region of moderate to high seismicity. 

Section 7.1.1 focuses on characteristics of the intermodal network, whereas Section 7.1.2 

focuses on the seismic hazard scenario for the testbed region. 

7.1.1.   Characteristics of the testbed intermodal network 

Memphis, TN is located at the southwestern corner of the state of Tennessee. The 

entire municipal region that constitutes the Memphis Municipal Statistical Area (MMSA) 

comprises nine counties, of which Shelby County, located at the center, is the most 

populous. The intermodal network of MMSA along with its key components is illustrated 

in Figure 7.1. 



 

Figure 7.1  Case study intermodal network of Memphis, TN  

A majority of the intermodal network components in Memphis are concentrated within 

Shelby County, as shown in Figure 7.1. In all, the region has 202 railway bridges and 153 

highway bridges. Five different railroads, namely BNSF, CN, CSXT, NS and UP operate 

within the MMSA region. There are six intermodal terminals in the region, with each 

railroad having at least one terminal and CN having two. In addition to this, the region has 

13 truck terminals. Freight shipments are typically distributed locally by trucks and over 

long distances by rail. Using this as a guideline, it is assumed that shipments originating 

from Memphis start their trip from one of the truck terminals shown in Figure 7.1. The 
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transfer of freight from truck to rail can occur either at one of the designated intermodal 

terminals in the region, or in any other city outside the testbed location where the highway 

network and the corresponding railroad network meet. The plot in Figure 7.1 was generated 

in ArcGIS using shapefiles created from network data, bridge inventory data, and terminal 

data obtained from the sources discussed in Chapter 3. The same datasets can be leveraged 

to create similar regional intermodal databases for any other case study region in the US. 

 

Figure 7.2 - US national intermodal network 

The nationwide rail-truck intermodal network, also plotted in ArcGIS using 

network data from the sources discussed in Chapter 3, is illustrated in Figure 7.2. It may 

be observed from Figure 7.2 that the railway network is composed of smaller networks 

each individually owned and operated by a separate railroad company. In this study, only 

the railroad tracks belonging to the major Class-I railroad companies, namely BNSF, CN, 

CSXT, KCS, NS and UP, were considered in the network model. Except for CN and KCS 

networks, which are concentrated within a relatively smaller region, the other networks 

each have over 10,000 nodes and are spread out over a large area. The topological 

properties of these networks may be understood by studying the average node degree of 



the nodes within the testbed region. Each of the railroad networks have an average node 

degree of around 2.2 indicating that they have a highly sparse topology. The highway 

network, consisting only of links relevant to freight transport, have an even lower average 

node degree of slightly more than 2, indicating an even sparser network structure compared 

to the railroad networks. Although railway networks are typically sparser than highway 

networks, this observation is attributed to the fact that only a subset of the highway network 

is used in this study. 

7.1.2. Scenario seismic hazard 

The scenario seismic hazard adopted for the testbed region was simulated by 

assuming an earthquake with a point source at , within the New Madrid 

Seismic Zone (NMSZ), having a magnitude of 7.7. The chosen magnitude of the scenario 

event is intended to be consistent with previous work done as part of the NIST Center of 

Excellence (CoE) in Community Resilience Planning. The intensity measures ( s) of 

interest sought from the scenario hazard models are peak ground acceleration (PGA) and 

permanent ground deformation (PGD), given the fragility models available for damage 

prediction of intermodal network components described in Chapter 4.  

As a first step, the scenario PGA values are simulated for a uniform grid of points 

across the region by using a weighted average of multiple GMPE functions, as described 

in Chapter 3. Each of these GMPE functions take as input two essential parameters, the 

magnitude  of the scenario earthquake and the distance  from the source to the site of 

interest. Depending on the specific GMPE being used, the distance parameter  may be 

variously interpreted as the distance to site from the plane of rupture (i.e. rupture distance 



), distance to site from the vertical projection of fault rupture on the surface (i.e. Joyner-

Boore distance ), as well as other distance metrics (FEMA 2015). In addition to these 

essential input parameters, certain models require a range of other input parameters  

that characterize site-specific conditions. The GMPE functions and their corresponding 

weights are chosen based on the recommendations provided for NMSZ applications in 

HAZUS-MH (FEMA 2015). 1,000 realizations of the scenario seismic event described 

above were simulated for generating MCS realizations, and propagating uncertainties 

associated with each GMPE function. In addition to the model uncertainties, spatial 

correlation in the simulated s at each site was considered using the forumalation 

proposed by Jayaram and Baker (2009). Some key details on the GMPE functions used in 

this study and their corresponding weights are tabulated in Table 7.1. 

Table 7.1 - List of GMPE functions for simulating PGA 

Reference 
Input parameters 

Weight Essential 
parameters 

Additional 
parameters 

Toro et al. (1997) ,  - 0.2 

Frankel et al. (1996) ,  - 0.1 

Campbell (2003) ,  - 0.1 

Atkinson and Boore (2006) ,  
Fault stress parameter, 
Shear wave velocity 

 
0.2 

Tavakoli and Pezeshk (2005) ,  - 0.1 

Silva et al. (2002) ,  - 0.1 

Sommerville et al. (2001) ,  Depth  0.2 

 

For uniformity, a vertical fault rupture is assumed for the earthquake scenarios, with 

a depth to the top of rupture assumed to be  km. The distance metrics  and 



used in the GMPE functions are related by Equation 7.1, consistent with the assumption 

of a vertical fault (FEMA 2015). 

                                                                                        (7.1) 

The fault stress parameter used in the Atkinson and Boore (2006) GMPE function 

was 140 bars, which is the typical value for normal faults (Atkinson and Boore 2006). Also, 

the shear wave velocities at 30 meter depth ( ) was assumed to be  m/s uniformly 

throughout the region. In addition to the input parameters discussed above, a covariance 

matrix  is used to quantify the GMPE model coupled with the spatial correlation of hazard 

intensity measure (Jayaram and Baker 2009) at the sites of interest. A plot showing the 

density of simulated PGA values in the Memphis region for a single realization of a 

scenario Magnitude 7.7 earthquake is shown in Figure 7.3. 



 

Figure 7.3  PGA (g) estimates for a single realization of a scenario magnitude 7.7 

earthquake in Memphis, TN 

The bright yellow zones in the PGA density plot of Figure 7.3 mark the regions of high 

PGA values of 1.2g or greater, which are concentrated around the earthquake epicenter as 

expected. The appearance of another PGA hotspot southwest of the epicenter is a result of 

the inherent uncertainty associated with the GMPE functions. Regions of high and low 

PGA can be observed to be clustered together as a result of the spatial correlation of the 

simulated PGA values. 

 The permanent ground deformation (PGD) values at the grid locations are 

estimated from the PGA at the corresponding locations, the degree of liquefaction 

susceptibility and the depth of groundwater table using a methodology outlined in HAZUS-



MH (FEMA 2015). The detailed methodology, including a sample calculation, is illustrated 

in Appendix F. Using this methodology, the outputs at a given location for a given PGA 

value and a degree of liquefaction susceptibility are the probability of liquefaction  and 

an expected value of permanent ground deformation . At each grid location, the 

probability of liquefaction  is first used to simulate occurrence of a liquefaction event. 

If liquefaction occurs, the PGD at the location is the estimated value of , otherwise 

it is zero. For uniformity, the depth of groundwater table is assumed to be 4.57 m for the 

throughout. It is acknowledged herein that the assumed groundwater table depth and 

liquefaction susceptibility index are used as placeholders for demonstrating the models; 

more accurate values may be obtained from regional geological maps. A plot of the 

simulated PGD values corresponding to the same earthquake realization as in Figure 7.3 is 

shown in Figure 7.4. 



 

Figure 7.4  PGD (m) estimates for a single realization of a scenario magnitude 7.7 

earthquake in Memphis, TN 

The PGD hotspots locations in Figure 7.4 are correlated with the PGA hotspot locations in 

Figure 7.3 because they correspond to the same scenario realization, for which the PGD is 

estimated as a function of the PGA. 

The PGA and PGD values estimated across a grid of points in and around the 

Memphis, TN testbed provide the inputs for the fragility models of the intermodal network 

components. As an alternative to the GMPEs used in this study, fully physics-based models 

(e.g. Graves and Pitarka 2010, Smerzini and Pitalikis 2018) that incorporate site specific 

conditions to provide estimates of the intensity measures may also be used. The intermodal 

freight network resilience analysis is adaptable to any such hazard simulation approach. 



7.2. Estimating functionality and resilience of the case study 

intermodal freight transportation network 

Seismic resilience of the testbed rail-truck intermodal freight network is evaluated 

using the framework illustrated in Figure 3.1, invoking fragility and restoration models for 

network components to simulate damage and functionality loss. In order to illustrate the 

resilience analysis framework for any given restoration scheduling, a preliminary 

assumption of a randomly assigned ranking scheme is used, under the assumption that there 

is no initial knowledge of a restoration schedule. Similarly, other approaches such as 

network component ranking measures may also be used to obtain the sequence of 

restoration. Functionality and resilience are estimated using Monte Carlo Simulations 

(MCS) following the pseudocode illustrated in Figure 3.2. The use of MCS facilitates 

propagation of uncertainties in the ground motion intensity measure, damage state and 

closure status at any given instant of time. This results in a unique plot of functionality 

recovery with time corresponding to each realization, which when integrated in time yields 

a unique estimate of resilience for each realization. The results are expressed herein both 

in the form of a functionality recovery profile similar to Figure 1.1, showing the evolution 

of network functionality over time through the duration of recovery, and in the form of a 

histogram of network resilience indices computed as 

. The number of MCS samples sufficient for stable 

estimates of resilience was determined based on a study of convergence of the first and 

second moments of the estimated resilience metrics. The resulting convergence plot, shown 

in Appendix G, shows that 1,000 simulations are sufficient and hence this number of 



samples are adopted for all results presented herein. The probability of bridge closures 

computed over 1,000 simulations at different instants of time are plotted in Figure 7.5. 

 

Figure 7.5 - Map of probability of bridge closures computed over 1,000 MCS 

simulations 

The probability of complete closure of a bridge following an earthquake event, 

which may be calculated using the expression provided in Equation 3.5 as 

, is estimated herein 



using MCS. In Figure 7.5, the probabilities of closure at different instants of time during 

the recovery duration are plotted in different shades of grey, with darker colors indicating 

lower probability. Figure 7.6 shows the histogram of closure probabilities at these instants 

of time, with the probability of closure as the abscissa and the number of bridges having a 

given probability of closure as the ordinate. 

 

Figure 7.6 - Histogram of bridge closure probabilities calculated using MCS at 

different instants of time 

At  days, the probabilities of closure ranged between moderate and high values, as 

also indicated by the proliferation of red and yellow dots in Figure 7.5. Bridges undergoing 

complete closure typically have long closure durations, hence no discernible changes were 



observed in the histograms as well as in the map up to  days. At  days, the 

probabilities of complete closure were observed to be lower, as indicated by the large 

number of green dots in the map and a discernible shift in the histogram towards lower 

probabilities of closure. It is also interesting to note the lack of discernible change between 

 days and  days, indicating that very few bridges were restored in this 

period, owing to some bridges having significantly higher closure durations than others. At 

 days, most bridges were observed to be back to full functionality. 

 

Figure 7.7 - Map of probability of bridge closures computed over 1,000 MCS 

simulations 



 

Figure 7.8 - Map showing probabality of closure of intermodal terminals computed 

over 1,000 MCS simulations 

In addition to bridges, damage to railway tracks, roadways and intermodal terminals 

were also considered in this case study. Figure 7.7 shows a map highlighting the 

probabilities of roadway and railway track closure at different instants of time. Figure 7.8 

shows a map of average intermodal terminal functionality, measured as the fraction of total 



container handling capacity given by Equation 5.4, at different instants of time during the 

recovery duration. Figure 7.7 reveals that, although some roadway and railway tracks, 

particularly those located near the epicenter of the scenario earthquake, experienced low to 

moderate probabilities of closure immediately after the earthquake, the probability of 

closure is low and functionality is regained very quickly. Unlike bridges, however, most of 

the roadways and railway tracks were likely to be fully functional at  days. It can be 

observed from Figure 7.8 that intermodal terminals are highly vulnerable to seismic 

damage, resulting in almost all terminals having high probabilities of closure immediately 

after the earthquake. Although most intermodal terminals were likely to be fully functional 

by  days, one of the terminals located west of Shelby County, TN was likely to be 

closed even after  days, owing to its relative proximity to the earthquake epicenter. 

It is evident from Figure 7.5 through Figure 7.8 that at the early stage, damage to intermodal 

terminals is critical to determining intermodal network functionality. However, after 180 

days, the intermodal network functionality is dictated by the functionality of bridges, as 

other components are likely to be restored. It should be noted that both fragility and 

restoration models of intermodal terminals are obtained from the limited expert-opinion 

driven models in HAZUS-MH, and more sophisticated fragility and restoration models are 

sought in future. 

The results discussed above highlight the effects of the scenario earthquake on a 

regional scale. On a national scale, however, the key impact of the earthquake is estimated 

in terms of the effect on freight shipments to and from Memphis, TN. Due to the initial 

damage and disruption, several shipment routes are completely disrupted while many 

others require extensive rerouting, thereby increasing the cost of transportation and the 



value of goods that cannot be transported. The metric adopted for estimating functionality 

of the intermodal network is based on the formulation originally proposed by Miller-Hooks 

et al. (2012), adapted in this study as shown in Equations 3.8 and 3.9. As per Equation 3.9, 

the network throughput for a given shipment  from its intended origin to its destination is 

evaluated as , i.e. the network efficiency weighted by the value of the 

shipment. Following from the discussion in Chapter 3 regarding the choice of the travel 

impedance function , two different travel impedance functions were selected for the 

case study demonstration  private cost of transport  and travel time . The 

private cost of freight transport (Forkenbrock 2001) is the cost paid by the freight shipper 

for using railroad and highway links for transporting freight. The private costs of transport 

were evaluated using unit costs per ton-mile on railroad and highway links obtained from 

Forkenbrock (2001), adjusted for inflation to reflect present day costs. The private costs 

 and travel times  were evaluated with respect to the paths of least 

transportation cost between origins and destinations. With respect to these two specific 

travel impedance functions, Equation 3.9 showing the network throughput can be 

expressed as 

                                                                                            (7.2) 

                                                                                            (7.3) 

The value of shipment  is used as a weighting factor for calculating the total throughput, 

thereby providing higher importance to valuable shipments. Although the throughput term 

in Equation 7.2 is non-dimensional, the throughput metric in Equation 7.3 has the unit of 



$/hr. However, due to the normalization by pre-event throughput, the ultimate estimated 

functionality and resilience are dimensionless. The definition of network functionality in 

Equation 3.8 based on Miller-Hooks (2012) can hence be extended to include network 

functionality based on private cost  and network functionality based on travel time 

 as 

                                                               (7.4) 

                                                               (7.5) 

where  and  are the pre-event private cost and travel time for shipment  under 

pre-event network conditions. Figure 7.9(a) and Figure 7.9(b) shows the time evolution of 

network functionality  and  computed for 1,000 MCS realizations of a 

scenario magnitude 7.7 earthquake. 

 

 

 

 

 

 

 



 

 

Figure 7.9 - Intermodal network functionality recovery profiles showing evolution of 

(a) network functionality based on private cost  and (b) network 

functionality based on travel time  assuming random sequence of restoration 

The functionality recovery profiles plotted in Figure 7.9 (a) and Figure 7.9 (b) show the 

evolution of intermodal network throughput with time after the scenario magnitude 7.7 

earthquake event. It is evident from both plots that most of the restoration work is 



accomplished within the first two months after the earthquake. Following this, the network 

continues to operate with reduced functionality with some of its components still 

completely or partially closed. In some cases, it takes between six months to a year for 

components of the intermodal network to be fully restored. In all, it takes over a year to 

fully restore functionality in the intermodal network. It can also be observed from Figure 

7.9 (b) that for some of the simulations, the estimated network functionality  

exceeds the pre-event functionality, resulting in the overshoots in Figure 7.9 (b). This can 

be interpreted as the network functionality improving after the earthquake. These represent 

instances when the shortest path between origins and destinations, i.e. the path of least 

transportation cost for various shipments results in lower travel times on an average than 

before, despite higher costs than normal. For example, highway freight transport on trucks 

is typically less time consuming but more expensive than railway freight transport.  

The distribution of the functionality metrics about the mean functionality can be 

seen to vary with time. Specifically, there is higher variance in functionality the first few 

days of restoration, and subsequently the variance reduces as network components are 

restored. In order to understand this phenomenon more closely, histograms of  at 

various snapshots in time during the recovery duration are plotted in Figure 7.10. 



 

Figure 7.10 - Histogram of intermodal network functionality with respect to private 

cost,  at various snapshots in time after the earthquake 

It can be observed from Figure 7.10 that the distribution of  gradually shifts towards 

the right with time, as network components are restored. Immediately after the earthquake, 

the various simulations reveal three distinct levels of network functionality  high with a 

 nearly equal to one, moderate with  around 0.6 and low with  around 

zero. Further examination of the results reveals that the low functionalities caused in the 

initial few days is due to loss of functionality in the intermodal terminal components, which 

are mostly restored after about 30 days. As a result, the plots in Figure 7.10 reveal a marked 

reduction in realizations with low network functionality. From 60 days onwards, there are 

very few realizations of low or moderate network functionality, as most of the network 



components start operating at full functionality by this stage. Although Figure 7.9 (a) 

reveals some realizations of moderate network functionality up to six months after the 

earthquake, it is evident from Figure 7.10 that these represent a very small proportion of 

the 1,000 realizations. 

Intermodal network resilience is computed by integrating functionality over time 

through the duration of recovery, as shown in Equation 3.8. Following the two estimates 

of network functionality in terms of private cost and travel time, the resilience with respect 

to private cost  and the resilience with respect to travel time  can be expressed as 

                                                                       (7.6) 

                                                                      (7.7) 

The histograms of network resilience indices  and  respectively computed 

over 1,000 simulations are show in Figure 7.11 (a) and Figure 7.11 (b) respectively. 

 

 
 

Figure 7.11 - Histograms of (a) intermodal network resilience index based private 

cost  and (b) intermodal network resilience index based private cost  



The histograms in Figure 7.11 (a) and Figure 7.11 (b) show the probability distributions of 

 and  respectively, calculated over a year. The mean values of both  and  

over 1,000 simulations is 0.72 with a standard deviation of 0.02, considering a duration of 

 days. Since the resilience index compute herein is scaled to lie between 0 and 1, 

a resilience index of 0.72 means that the intermodal network on average operates at 72% 

functionality over a year following the earthquake. 

This section presents the estimated functionality and resilience for a case study 

intermodal network of Memphis, TN, subjected to a scenario magnitude 7.7 earthquake 

originating in the nearby NMSZ region. The analysis follows the framework proposed in 

Figure 3.1, invoking input fragility and restoration models of the intermodal network 

components, assuming a random restoration sequence for the network components. Maps 

of time evolving probabilities of closure of intermodal network components reveal that at 

the early stage of restoration, functionality to intermodal terminals dictate network 

performance, whereas in the long term, functionality of bridges dictates network 

performance. In the next section, the optimal restoration scheduling model presented in 

Chapter 6 is tested for a selected deterministic realization of a scenario earthquake, 

demonstrating the benefit of the optimal restoration scheduling model in enhancing 

network resilience. 



7.3. Optimal restoration scheduling of damaged intermodal network 

components 

The optimal recovery scheduling model proposed in Chapter 6 is illustrated using 

a case study application on the testbed intermodal network of Memphis, TN subjected to a 

single realization of a magnitude 7.7 earthquake. Specifically, the scenario earthquake 

realization illustrated in Figure 7.3 and 7.4 are used for this case study. For illustration 

purpose, as well as efficiency, the analysis is carried out for a single shipment of farm 

product raw materials, classified under the NAICS code 4236, from Los Angeles, CA to 

Memphis, TN. The key decision variables from the optimization models that are of interest 

in this analysis are the allocation of restoration crew , the evolution of closure status 

of network components  and the cost of freight transport obtained from the network 

flow variable . These results are compared with network component ranking based 

scheme define the schedule of restoration. The assumptions for the case study of optimal 

post-event resource allocation, as well as in the comparison simulation, include the 

following:  

1. Damage to network components is restricted to bridges, assuming the other 

network components to be undamaged. Although the optimization model can 

account for damage to all network components, only bridge damages are 

selected for simplicity of demonstration. 

2. Only complete closures are considered. Partial closures will be incorporated in 

future applications and extensions of the optimization model. 



In addition to these assumptions the number of repair crew available to each owner is 

heuristically assigned. Given that railway networks are independently managed by the 

owning railroad company and highway networks by the Federal Highway Administration, 

the size of available repair crew  is assigned per owner. Varying number of available 

crew members are assumed as listed in Table 7.2 to study the sensitivity of network 

functionality to resource constraints.  

Table 7.2  Maximum number of restoration crew available to each owner ( ) 

Owner Case 1 Case 2 Case 3 Case 4 
BNSF 150 100 50 25 

CN 150 100 50 25 
CSXT 50 50 25 25 

NS 50 50 25 25 
UP 150 100 50 25 

FHWA 300 200 100  50 

The optimization program solves for the optimal bridge recovery schedule for up 

to 500 days after the scenario earthquake event, once every five days. The optimal route 

between the specified origin and destination is evaluated as the path of minimum cost of 

transport. The optimization problem is solved using the Gurobi (Gurobi 2014) optimizer in 

Matlab. The evolution of bridge closure status  at different instants of time after the 

scenario earthquake event is illustrated in . 



 

Figure 7.12 - Optimal restoration of damaged bridges in Memphis, TN due to a 

scenario magnitude 7.7 earthquake to enable shipment of freight between Memphis, 

TN and Los Angeles, CA 

Figure 7.12 shows the optimal restoration of bridges in Memphis, TN for the 

scenario earthquake realization to enable transport of a single shipment as stated above. 

The red dots mark bridges that are closed at a given instant of time, whereas green dots 

mark the bridges that are open. The number of bridges closed reduces with time, and the 



pre-event conditions on the optimal shipment route are restored after 365 days. Since the 

case study example consists of only a single shipment, the optimization algorithm focuses 

on restoring only those bridges that are essential to restore functionality of the concerned 

shipment. As a result, some bridges marked as closed even after 365 days are not selected 

for restoration for this focused case study illustration. 

The optimal restoration scheduling strategy is compared to a scheduling strategy 

based on bridge rankings, leveraging PageRank and multiplying it by the probability of 

initial bridge closure. PageRank (Brin and Page 1998), commonly used to rank webpages 

based on the importance of nodes as well as that of its neighbors, is typically computed for 

network nodes. Herein, since bridges are components of a network link, each bridge is 

scored by the arithmetic mean of the PageRank score at its two end nodes. The 

multiplication by probability of closure ensures that the ranking metric is not purely 

topological, and accounts for the inherent vulnerability of the components. The constraints 

on available repair crew, as well as all other factors are assumed to be the same for a fair 

comparison. In addition, both examples for comparison assume that only bridges undergo 

damage Figure 7.13 presents a comparison of the network functionality with respect to 

private cost  for the ranking-based scheduling approach and the optimal scheduling 

approach. 



 

Figure 7.13- Comparison of  for the ranking-based scheduling approach vs 

optimal scheduling approach 

Figure 7.13 reveals that for the first two cases, when the available restoration crew 

is large i.e. sufficient resources are available, there is very little difference between the 

ranking based schedule and the optimal schedule. However, as the resource availability 

becomes more restrictive, the optimal scheduling strategy slightly outperforms the ranking-

based scheduling strategy. For Cases 2 and 3, although the ranking based scheduling 

strategy achieves full recovery before the optimal restoration strategy, the latter performs 

better throughout the duration of recovery. In quantitative terms, the resilience computed 

over the recovery duration is 2.8 % higher for the optimal scheduling strategy compared to 



the ranking-based strategy. Although this comparison is illustrated for only a given damage 

scenario and for a single shipment, preliminary insights obtained reveal that the optimal 

restoration scheduling model poses a promising alternative approach to better post-event 

decision making. 

Finally, the multi-scale outputs of the proposed model are demonstrated by 

illustrating the optimal paths of freight shipment around Memphis, TN. Figure 7.14 through 

7.16. For each of these plots, the paths correspond to Cases 3 and 4 of . 

 

Figure 7.14 - Optimal path of of the freight shipmemt in MMSA, TN at t = 10 days 

after the scenario earthquake 



 

Figure 7.15- Optimal path of of the freight shipmemt in MMSA, TN between t = 30 

days and t = 350 days after the scenario earthquake 

 

Figure 7.16- Optimal path of of the freight shipmemt in MMSA, TN at t = 365 days 

after the scenario earthquake 



Three distinct stages of rerouting are evident from the above figures, in which the 

route taken by the shipment is highlighted using a bold red line. In the first stage shown in 

Figure 7.14, highlighting the initial part of the recovery duration, the shipment reroutes 

along the NS track to enter Memphis from the east, even though Los Angeles, the source 

of the shipment lies to the west of Memphis. In the second phase that starts around 30 days 

from the earthquake and lasts till about a year, the shipment is rerouted through the BNSF 

track entering from the southeast, as illustrated in Figure 7.15. Finally, when full 

functionality is restored after about a year, the shipment enters Memphis from the west 

using the UP track, as illustrated in Figure 7.16. The freight routes outside Memphis 

selected based on the point of entry or exit used by the corresponding shipment, given that 

all disruptions are restricted within the highlighted area.    

7.4. Closure 

This chapter presents the results from a case study implementation of the resilience 

assessment framework using the intermodal network of Memphis, TN as a testbed 

subjected to a scenario hazard event. The functionality and resilience estimates were 

evaluated for a scenario magnitude 7.7 earthquake in terms of private cost to the freight 

shipper as well as in terms of travel time. The uncertainties stemming from hazard, damage 

and restoration were propagated using Monte Carlo simulations, and a random scheduling 

model was assumed to model network component restoration. The results reveal that over 

a recovery duration of a year after the scenario earthquake event, the network on an average 

operates at about 72% functionality, and approximately 99% of pre-event functionality on 

an average in the intermodal network was achieved in 60 days. Given the operational 



resilience model for intermodal freight networks, interventions can be explored for 

improving resilience. While pre-event interventions may also be probed leveraging the new 

framework (e.g. testing retrofit or alternative design of intermodal components), 

opportunities exist to support improved recovery of intermodal networks. Thus, the final 

stage of the case study demonstrates the potential for coupling the optimal restoration 

scheduling model with the intermodal resilience framework. While the illustration was 

limited to a single scenario earthquake realization and freight shipment, the results reveal 

the optimal recovery profile of bridges following the scenario hazard event. A comparison 

of the network functionality and resilience following the optimal restoration schedule with 

a component ranking-based restoration schedule for the same damage scenario reveals that 

the optimal strategy overall outperforms the alternative, particularly when resource 

constraints are more restrictive. Although more tests on the optimal scheduling model are 

warranted, preliminary insights reveal this to be a promising strategy for enhancing 

intermodal network resilience, and guiding resource deployment following hazard events 

like earthquakes.

 



 

8.1. Summary and Conclusions 

Intermodal transport is defined as any trip where a person or commodity uses more 

than one mode of transport to move from origin to destination. Recently, intermodal 

transportation systems have gained prominence in freight transportation, particularly in the 

US, owing to the relatively cheaper and more flexible alternatives afforded by these 

systems in comparison to single mode transport. Rail and truck transport constitute the two 

leading inland freight transportation systems in the US, and the national rail-truck 

intermodal network accounts for an estimated $460 billion of freight transport annually. 

The components of the rail-truck intermodal network include railway bridges, railway 

tracks, roadways, highway bridges and intermodal terminals. In the past, each of these 

components have displayed vulnerability to damaging earthquake events, leading to 

disruptions in freight flow and significant economic losses. Natural hazard resilience of 

infrastructure systems generally refers to the ability of the system to both withstand the 

effects of the hazard and recover in a timely and efficient manner. Despite the obvious 

importance of intermodal networks and their vulnerability to seismic hazards, a framework 

for assessing vulnerability and resilience of both the intermodal network components and 



the system as a whole was lacking in literature. This study addressed the stated gap by 

introducing a framework for estimating functionality and resilience of intermodal 

networks, with key input models that characterize damage, loss of functionality and 

recovery at the component level as well as optimal recovery scheduling at the network 

level, accounting for the effects of disruption on multiple resolutions and scales. The 

proposed framework was applied to a testbed network subjected to a scenario seismic event 

to estimate the post-earthquake restoration of functionality, quantify resilience and pave 

the way for alternative decision strategies to improve resilience. 

This thesis proposed an integrated multi-scale network model for intermodal 

systems, combining the highway network, the railway networks operated by different 

railroad companies and intermodal terminals where transshipment of freight between 

railway and highway modes take place. The multi-scale modeling approach considers a 

high-resolution local network model in the region of interest and a lower resolution global 

network model elsewhere. Components of the intermodal network were modeled as parts 

of the network link at the local scale, where disruptions caused by a local hazard event are 

concentrated. At the global scale, each node was represented by a city or town. This 

proposed multi-scale modeling approach allows explicit modeling of the effects of regional 

disruption events on estimates of throughput and functionality of the region with respect to 

the national intermodal network. This is particularly relevant in the context of the study of 

intermodal networks under hazard disruptions, where a regional disruption event can affect 

movement of freight to distant locations. 

 As a first key input tool in the framework for resilience assessment, fragility models 

of each network component providing the probability of exceeding various levels of 



damage given the intensity of the hazard and other key parameters, are required to estimate 

the immediate post-event physical damage. The role of the input fragility models in the 

intermodal network resilience analysis framework is to take as input the intensity measure 

of the simulated hazard event and simulate physical damage states. A review of literature 

revealed existing gaps in fragility models for typical railway bridge classes in the US, with 

state-of-the-art practices recommending highway bridge fragility models to be used as 

proxy. To address this gap, new parameterized fragility models were developed for two 

predominant bridge classes leveraging a newly proposed fragility formulation method 

founded on elastic nets regularization and logistic regression. The use of elastic nets as a 

preliminary screening of predictors for training seismic response and fragility models 

offers a useful practical tool for predictor selection while enabling more accurate 

predictions. The resulting fragility models were posed as interpretable closed form 

mathematical expressions. Fragility models for other intermodal network components, 

namely highway bridges, roadways, railway tracks and intermodal terminal components 

are adopted from relevant sources in literature. Opportunities may exist in the future to 

further improve these component fragility models as well, including adopting or extending 

the newly proposed fragility modeling method.  

 The next category of key input models in the framework for estimating seismic 

resilience of intermodal networks is restoration models, which provide estimates of closure 

decisions and durations given the damage states of the intermodal network components. 

Existing restoration models in literature were based on opinions of a limited number of 

experts (e.g. on the order of three to four people), and the resulting models fail to establish 

linkages between functionality and practical estimates of closure in terms of complete and 



partial restriction in traffic. To fill this gap, online surveys of experts were carried out to 

harvest data on repair actions, closure decisions and durations for different levels of 

damage to railway bridges, highway bridges, railway tracks and roadways subjected to 

various hazards. The data obtained from these surveys in conjunction with empirical data 

form past events was used to train restoration models for railway and highway bridges for 

predicting closure decisions and durations leveraging decision trees and clustered random 

forests.  The use of tree-based models enables linking the damage states of individual 

bridge components (e.g. abutments, bearings, and columns) to decisions of complete 

closure, partial closures such as lane and speed restriction and their durations. For railway 

tracks and bridges, due to lack of sufficient data from surveys, the collected data is used to 

update closure durations of existing restoration models in the literature. Restoration models 

of various components and subcomponents of intermodal terminals (e.g. cranes, dispatch 

facilities, power facilities and fuel facilities) were adopted from literature. In addition to 

this, a fault tree model was proposed to model the functional linkages between these 

components and subcomponents for estimating intermodal terminal functionality. These 

restoration models take the intermodal network component damage states as input and 

estimate the immediate post event closure status and the duration of closure from the time 

of commencement of restoration activity. These models do not, however, account for initial 

delays due to resource availability and allocation, which is a major practical constraint for 

scheduling post-event restoration. However, the proposed restoration models facilitate 

linkages between functionality and practical estimates of partial or complete closure. 

 Given the opportunity to leverage the newly proposed framework to support 

decision-making by owners or other stakeholders, this thesis further pursues understanding 



of the impact of alternative restoration scheduling models and poses a new input model for 

optimal restoration scheduling of damaged intermodal network components. The goal of 

this model is to allocate available restoration crew in a manner that ensures efficient 

restoration of functionality, minimizing costs of transport and losses due to disruption of 

freight shipments. As a preliminary approach and basis of comparison, network 

components were randomly assigned ranks and the restoration crew were allocated based 

on the ranking sequence. This approach does not guarantee that the resulting schedule is 

optimal to meet the desired objectives. A new MIP model was proposed in this study that 

identifies the optimal assignment of restoration crew and assignment of freight traffic to 

models for scheduling restoration in intermodal networks under disruption do not include 

variables that explicitly account for damage and restoration of individual network 

components and the relationship between crew availability and functionality of network 

links. These gaps were addressed in this study by using a multi-scale network model as 

described above, accounting for crew allocation and functionality recovery at a regional 

scale and network flows at a national scale.  

The new framework for intermodal resilience analysis was tested using a case 

study, by simulating various scenario earthquake events on the testbed intermodal network 

of Memphis, TN, and studying the time evolving estimates of network throughput and 

functionality considering shipments to and from the testbed region. Intermodal network 

resilience was estimated using Monte Carlo Simulation, propagating uncertainties in 

ground motion intensity measures, physical damage to network components, partial and 

complete closure and restoration schedule. This case study inherently assumed restoration 



crew allocation based on a pre-defined ranking metric, which was assigned at random to 

each network component. The simulations revealed functionality recovery profiles and 

estimated resilience computed over the duration of recovery for each simulation, resulting 

in a histogram of resilience indices. It was observed that on an average, 99% of intermodal 

network functionality was recovered in the first 60 days by which time damaged intermodal 

terminal components regain functionality, whereas pre-event conditions are restored in 

about a year. The optimal restoration scheduling model was then tested for transporting a 

single shipment from Los Angeles, CA to Memphis, TN considering a single scenario 

realization, assuming damage to be restricted to bridges only. This case study revealed the 

optimal bridge restoration schedule for enabling transport of the shipment in question. 

Moreover, a comparison with the random ranking based scheduling approach revealed that 

the optimal restoration scheduling model can be a powerful tool for post event decision 

making to improve resilience. 

8.2. Key contributions 

Overall, this thesis provides a framework for estimating resilience of intermodal 

networks subjected to regional hazard events, such as earthquakes, leveraging damage and 

restoration models of network components as well as a scheduling model for the network 

as key input tools, identifying and addressing existing gaps in various steps along the 

process. Specifically the key contributions of this thesis include: 

1.  New seismic fragility models for typical railway bridge classes previously lacking 

in literature were derived in this study based on a proposed methodology that 

leverages elastic net regularized logistic regression. The use of elastic nets 



regularization helps in selecting the best set of predictors from a correlated 

predictor space, while ensuring reasonable predictive performance. Inspection of 

the resulting fragility models revealed that the existing practice of adopting 

highway bridge fragility models as proxies for railway bridges results in highly 

conservative estimates. 

2. New methods and models were proposed for repair and restoration modeling of 

intermodal network components that leverage hybrid empirical and expert opinion 

data to formulate lacking probabilistic models linking component damage to 

network level performance over time. The resulting models leveraging decision 

trees and logistic regression allow observed post-event damage to practical 

estimates of functionality in terms of complete and partial closures.  

3. The intermodal network was formulated as an integrated multilayered network with 

all network components appearing as network links, allowing explicit modeling of 

intermodal terminals in estimating intermodal network functionality and resilience. 

A new fault tree model was proposed to model the functional linkages between the 

components and subcomponents of the intermodal terminal for estimating 

functionality.  

4. This thesis provides a new perspective on resilience modeling of intermodal 

networks leveraging a multi-scale modeling approach, enabling the simultaneous 

study of local disruptions and its effects on a global scale bypassing the need for a 

computationally expensive full-scale network model. 



5. A new model was proposed that adapts a MIP to the intermodal freight 

transportation problem, and introduces for the first time a multiscale network model 

functionality.  This model helps to identify the optimal assignment of restoration 

crew to damaged network components and freight traffic to network links by 

serves not only as key input for estimating resilience of intermodal networks by 

accounting for restoration schedule, but also serves as a promising tool for 

supporting or informing post-event decisions such as resource allocations that can 

improve intermodal network resilience.  

8.3. Future work 

While this thesis addressed some significant research gaps and offered major 

contributions, additional work is required in the future for better estimation of resilience of 

intermodal networks, address of assumptions or model limitations, and test the framework 

for additional cases. The major areas of future work are highlighted as follows. 

1. Opportunities exist to extend the proposed fragility modeling method to other 

structures and system, particularly those where correlated predictors exist, that may 

benefit from the use of elastic net regularization. For example, the fragility models 

for railway tracks and roadways adopted from literature are based on expert 

opinions. Improved fragility models for railway tracks and roadways, leveraging 3-

D nonlinear dynamic analysis of these systems subjected to earthquake induced 

ground failure, are required for more accurate estimation of resilience. Furthermore, 



additional validation exercises are also warranted, requiring systematic collection 

of statistically significant empirical data which is currently lacking for most 

components of intermodal transportation systems. 

2. While the methods proposed in this thesis offer a viable approach for synthesizing 

diverse data on closure and repair of network components, the quality of the 

restoration models derived with the posed methods is limited by data availability. 

Given the high variance in closure duration estimates obtained from the survey data 

and the empirical data used to develop restoration models, more data is required for 

generating more robust restoration models. Ideally, leveraging recent 

advancements in post hazard inspection and data acquisition techniques, empirical 

data on damage, repair, closure and restoration would enrich the present restoration 

models. In absence of empirical data, more surveys similar to the one carried out in 

this study may be carried out to elicit information from a wider base of experts. 

Richer datasets used for training restoration models not only enable more reliable 

predictions, but also allow better characterization of the probability distributions of 

closure durations for a given damage scenario. 

3. The proposed optimal restoration scheduling model should be expanded and 

applied to characterize recovery of other network components beyond bridges, 

enable flow of multiple shipments, and consider partial closures such as lane 

restriction and speed restriction that result in partial functionality. Preliminary 

advances have been made to address these needs leveraging a hypothetical small-

scale network. However, the problem of scalability when applied to a real scale 

intermodal network for a multi-shipment flow problem is a key point of focus for 



the immediate future work. Potential strategies include removing some model 

redundancies to alleviate the computational burden required to apply this extended 

model to realistic intermodal networks of the scale of the testbed described in this 

thesis. 

4. The framework and input models proposed herein can be leveraged to have broader 

impacts on community resilience modeling and planning. For example, the models 

posed in this thesis are formulated such that they can provide essential inputs for 

economic computable general equilibrium (CGE) models (e.g. Cutler et al. 2016) 

that estimate the economic impacts of freight flow disruptions over time. The 

proposed framework enables the estimation of value of goods flowing in and out of 

the affected region at various instants of time, providing key inputs for CGE models 

to estimate long term economic impacts on the community. Future multi-

disciplinary endeavors should pursue a fully integrated decision model 

incorporating physical, economic, and social systems when quantifying diverse 

resilience metrics and probing resilience enhancement strategies. 

5. This intermodal resilience modeling framework has been developed as a part of the 

multi-disciplinary efforts supported by the NIST Center of Excellence in 

Community Resilience (NIST Financial Assistance Award Number: 

70NANB15H044). The framework and input models presented here will be 

integrated within Interdependent Networked Community Resilience Environment 

(INCORE) (Lee et al. 2019), an open source tool for community resilience 

modeling. Future work may therefore leverage these tools and the open source 

community resilience modeling framework to evaluate the resilience of other 



interdependent infrastructure, beyond the intermodal systems of interest in this 

thesis, and incorporate other modes of transportation such as maritime ports or air. 

Beyond coupling with other systems, future work may also leverage the INCORE 

platform to evaluate issues of scaling and resolution or computational efficiency 

needed to enable decision-making frameworks derived as a part of the broader 

NIST COE efforts.     
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The benefits of elastic nets regularization as a parameter screening technique prior 

to fitting surrogate seismic demand metamodels and the procedure for model selection is 

discussed in this Appendix. Following Equation 4.1, elastic nets regularization adds a linear 

combination of the  norm  (ridge regression term) and a  norm  (lasso 

regression term) of the coefficient vectors to the traditional sum of squared error term. The 

hyperparameters of the model are  and .  controls the weight of the overall 

regularization terms, whereas  controls the relative weights between the  and   

norms. Setting  is equivalent to performing lasso regression, whereas setting 

 is equivalent to performing ridge regression. The advantage of lasso regression is 

that it sets some parameter coefficients to zero, ensuring a sparse model. On the other hand, 

the advantage of ridge regression is that correlated predictors are equally shrunk or 

enhanced, thus ensuring models robust to parameter collinearity. Elastic nets regularization 

combines both of these benefits. The optimal hyperparameters are selected using 10-fold 

cross validation. 



The procedure for 10-fold cross validation is as follows. The dataset for training 

the surrogate seismic response metamodels are first divided into a training dataset and a 

testing dataset. The testing dataset, taken as a randomly selected 10% subsample of the 

overall data, is not used in the training and validation stage. For 10-fold cross validation, 

the training dataset is firstly divided into 10 partitions.  Keeping one partition as the 

validation set, the regression model is trained using the remaining nine partitions, and this 

is process is repeated 10 times, each time taking a different partition as validation set. The 

model that fits the validation set the best is selected as the best cross validated model, 

ensuring that the model overfitting is controlled. The optimal values of  and  

obtained from cross validation are reported in Table A1 for the MSSS Steel girder railway 

bridge. 

Table A1: Optimal elastic net hyperparameters obtained from 10-fold cross 

validation (MSSS Steel girder railway bridge) 

Component   

Abutment Active (AbA) 0.0097 0.3 
Abutment Passive (AbP) 0.02 0.4 

Abutment Transverse (AbT) 0.0044 0.4 
Column (Col) 0.0202 0.5 

Expansion Bearing Longitudinal (EBL) 0.009 0.6 
Expansion Bearing Transverse (EBT) 0.0157 0.7 

Fixed Bearing Longitudinal (FBL) 0.0081 0.9 
Fixed Bearing Transverse (FBT) 0.0311 0.5 
 

The optimal values of  listed in Table A1, selected by performing a parameter 

sweep between 0 and 1, show that the best cross-validated models combine the lasso and 



ridge penalties, instead of picking one. The parameters selected by the initial screening 

leveraging elastic nets penalty are subsequently used to train a ridge regression model, 

using the optimal values of  listed in Table A1. A potential alternative to elastic nets as 

a preliminary parameter screening tool is lasso regression. The logic for selecting elastic 

nets is established using a comparison of four different cases in Table A2. Case uses only 

ridge regression directly, whereas Case 2 and Case 3 use ridge regression preceded by 

preliminary parameter screening using lasso and elastic nets regression respectively. 

Table A2: Comparison of surrogte seismic demand metamodel using ridge 

regrission, lasso with ridge regression and elastic nets with ridge regression (MSSS 

Steel railway bridge) 

Component 

Test  

Ridge 
Lasso + 

ridge 
Elastic nets + 

ridge 

Abutment Active (ABA) 0.85 0.87 0.88 
Abutment Passive (ABP) 0.82 0.84 0.80 

Abutment Transverse (ABT) 0.88 0.92 0.93 
Column (COL) 0.86 0.87 0.88 

Expansion Bearing Longitudinal 
(EBL) 

0.84 0.87 0.90 

Expansion Bearing Transverse 
(EBT) 

0.78 0.82 0.82 

Fixed Bearing Longitudinal 
(FBL) 

0.87 0.90 0.91 

Fixed Bearing Transverse (FBT) 0.86 0.83 0.87 
  

Table A2 shows that using elastic nets for parameter screening followed by ridge regression 

generally results in the best metamodels. Lasso regression may alternatively used for 



preliminary parameter screening, resulting in sparser models despite providing almost 

comparable model performance on the test dataset. On the other hand, using ridge 

regression to learn the model parameters directly results in comparatively poorer 

metamodel performances on the test dataset. It must be noted herein that in Case 1, all 

model parameters are used to train the model, which possibly explains why the model tends 

to overfit the training data more than the next two cases. This highlights the benefit of using 

ridge regression to train the final model after lasso/elastic nets has been used to gain 

sparsity. 

 The key difference between using lasso and elastic nets regularization for 

preliminary parameter screening is in the sparsity of the final model form. Moreover, for a 

given size of the training dataset, retraining models using many parameters may lead to 

inconsistencies in the model form. In the example discussed herein, there are 916 data 

points altogether, of which 160 are used as test set. On the other hand, the 19 parameters, 

combining the ground motion  and the bridge parameters , when 

expanded quadratically leads to 19 linear terms (e.g. ), 19 square terms (e.g. ), and 

 i.e. 171 interaction terms (e.g. ). Using a preliminary screening reduces the 209 

potential predictors to the order of typically 20 to 40 predictors. Table A3 shows the 

number of parameters selected by elastic nets and lasso respectively and examines if any 

important predictors are left out by the elastic nets screening. 

 



Table A3: Number of model predictors screened by lasso regression v/s elastic nets 

regression 

Component 

Number of predictors 

Ridge 
Lasso + 

ridge 
Elastic nets + 

ridge 

Abutment Active (ABA) 209 51 80 
Abutment Passive (ABP) 209 32 46 

Abutment Transverse (ABT) 209 50 66 
Column (COL) 209 24 33 

Expansion Bearing Longitudinal 
(EBL) 

209 11 37 

Expansion Bearing Transverse 
(EBT) 

209 21 30 

Fixed Bearing Longitudinal 
(FBL) 

209 36 45 

Fixed Bearing Transverse (FBT) 209 22 41 
 

 It is evident from Table A3 that screening using lasso regression leads to the most sparse 

models. In order to ensure stability in the selected predictors, the model training using 10-

fold cross validation is repeated 100 times, with the dataset being reshuffled each time to 

ensure that the splits between training and testing data are random, and selecting those 

predictors which appeared in at least 50 % of the final models. The number of predictors 

listed under lasso regression in Table A3 is based on this screening technique. The number 

of predictors selected by elastic nets regularization is observed to be higher. However, for 

each bridge component, the important predictors selected by lasso regression were 

observed to be a subset of those selected by elastic nets. Owing the superior predictive 

performance of the elastic nets regularized models on the test data, this was selected for 

preliminary screening of predictors.  



Appendix B 

Seismic fragility model parameters of typical 

railway bridge classes 

This appendix presents the parameters of the component and system level fragility 

models of typical railway bridge classes based on Misra and Padgett (2019). 

Table B1: Definition and distribution of railway bridge seismic fragility model 

parameters  

Bridge Modelling 
parameters 

Abbreviation
s 

Units Distribution Parameters 

Concrete Strength Conc_str MPa Normal 
 

 

Steel Strength Steel_str MPa Lognormal 
 
 

Coefficient of Friction in 
Expansion Bearing 

(Longitudinal Direction) 
COF_exp_ln - Lognormal 

 
 

Coefficient of Friction in 
Expansion Bearing 

(Transverse Direction) 
COF_exp_ln - Lognormal 

 
 

Coefficient of Friction in 
Fixed Bearing (Longitudinal 

Direction) 
COF_fxd_ln - Lognormal 

 
 



Coefficient of Friction in 
Fixed Bearing (Transverse 

Direction) 
COF_fxd_tn - Lognormal 

 
 

Abutment Passive Stiffness Pass_stf 
N/mm/

mm 
Uniform 

 
 

Abutment Active Stiffness Act_stf kN/pile Uniform 
 

 

Abutment Rotational Stiffness Rot_stf N/m/pile Uniform 
 
 

Abutment Transverse 
Stiffness 

Trns_stf kN/pile Uniform 
 

 

Mass Magnification Factor M - Uniform 
 
 

Damping Ratio Damp - Normal 
 
 

Left Abutment Gap Abt_gp_L1 mm Normal 
 

 

Right Abutment Gap Abt_gp_L2 mm Normal 
 

 

Left Hinge Gap Hng_gp_L1 mm Normal 
 

 

Right Hinge Gap Hng_gp_L2 mm Normal 
 

 

Earthquake Direction Dir degrees Uniform 
 

 
 

 

 

 

 

 

 



Table B2: System fragility parameter coefficients for MSSS Steel railway bridge  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -4.700 -7.648 -8.807 -8.748 

log(PGA) - 4.899 5.695 5.424 5.017 

Conc_str MPa 0.217 0.438 0.370 -0.304 

Steel_str MPa -0.007 -0.053 -0.046 -0.102 

log(COF_exp_ln) - -0.014 0.039 -0.070 -0.223 

log(COF_exp_tn) - 0.349 0.275 0.220 0.087 

log(COF_fxd_ln) - -0.741 -0.568 -0.413 -0.143 

log(COF_fxd_tn) - -0.192 -0.279 -0.283 -0.093 

Pass_stf N/mm/mm 0.393 1.050 1.358 1.186 

Act_stf N/pile -0.540 -29.522 -32.581 -12.116 

Rot_stf N/mm/pile 0.005 0.044 0.053 0.069 

Trns_stf N/pile -23.756 -19.150 -11.570 4.207 

Damp - -0.005 0.771 -0.463 0.000 

Abt_gp_L1 mm 3.711 12.827 15.892 16.849 

Abt_gp_L2 mm 21.372 25.800 26.410 23.191 

Hng_gp_L1 mm 5.316 9.743 11.092 9.871 

Hng_gp_L2 mm -12.838 -9.865 -3.671 11.562 

Span_ln mm 0.165 0.181 0.158 0.128 

Col_ht mm 0.536 0.464 0.394 0.326 

Width mm 0.021 0.031 0.032 0.029 

 

 

 

 

 

 

 

 



Table B3: Component fragility parameter coefficients for MSSS Steel railway 

bridge - Abutment active  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -7.779 -7.756 -10.046 - 

log(PGA) - 2.745 2.401 2.740 - 

Conc_str MPa -0.024 -0.005 0.000 - 

Steel_str MPa -0.002 -0.001 0.000 - 

log(COF_exp_ln) - 0.000 0.001 0.031 - 

log(COF_exp_tn) - 0.242 0.097 0.000 - 

log(COF_fxd_ln) - 0.000 0.000 0.000 - 

log(COF_fxd_tn) - -0.242 -0.106 -0.124 - 

Pass_stf N/mm/mm 0.000 0.000 0.000 - 

Act_stf N/pile 0.000 0.000 0.000 - 

Rot_stf N/mm/pile 0.000 0.000 0.000 - 

Trns_stf N/pile 0.000 0.000 0.000 - 

Damp - -0.424 0.000 0.000 - 

Abt_gp_L1 mm 0.014 0.012 0.009 - 

Abt_gp_L2 mm -0.005 0.000 0.000 - 

Hng_gp_L1 mm -0.013 0.000 0.000 - 

Hng_gp_L2 mm 0.000 0.000 0.000 - 

Span_ln mm 0.000 0.000 0.000 - 

Col_ht mm 0.002 0.001 0.002 - 

Width mm 0.000 0.000 0.000 - 

 

 

 

 

 

 

 



Table B4: Component fragility parameter coefficients for MSSS Steel railway 

bridge - Abutment passive  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -6.674 -0.561 - - 

log(PGA) - 2.054 0.000 - - 

Conc_str MPa 0.000 0.000 - - 

Steel_str MPa 0.000 0.000 - - 

log(COF_exp_ln) - -0.161 0.000 - - 

log(COF_exp_tn) - -0.001 0.000 - - 

log(COF_fxd_ln) - 0.000 0.000 - - 

log(COF_fxd_tn) - 0.000 0.000 - - 

Pass_stf N/mm/mm -0.023 0.000 - - 

Act_stf N/pile 0.000 0.000 - - 

Rot_stf N/mm/pile 0.000 0.000 - - 

Trns_stf N/pile 0.000 0.000 - - 

Damp - 0.000 0.000 - - 

Abt_gp_L1 mm 0.005 0.000 - - 

Abt_gp_L2 mm 0.000 0.000 - - 

Hng_gp_L1 mm 0.000 0.000 - - 

Hng_gp_L2 mm 0.000 0.000 - - 

Span_ln mm 0.000 0.000 - - 

Col_ht mm 0.000 0.000 - - 

Width mm 0.000 0.000 - - 

 

 

 

 

 

 



Table B5: Component fragility parameter coefficients for MSSS Steel railway 

bridge - Abutment transverse 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 0.855 0.359 1.717 - 

log(PGA) - 2.357 2.096 1.223 - 

Conc_str MPa 0.000 0.000 -0.003 - 

Steel_str MPa 0.000 0.000 0.000 - 

log(COF_exp_ln) - -0.021 -0.013 0.000 - 

log(COF_exp_tn) - 0.008 0.000 0.000 - 

log(COF_fxd_ln) - 0.000 0.000 0.000 - 

log(COF_fxd_tn) - 0.000 0.000 0.000 - 

Pass_stf N/mm/mm 0.000 0.000 0.001 - 

Act_stf N/pile 0.000 0.000 0.000 - 

Rot_stf N/mm/pile 0.000 0.000 0.000 - 

Trns_stf N/pile 0.000 0.000 0.000 - 

Damp - 0.000 0.000 0.000 - 

Abt_gp_L1 mm 0.000 0.000 0.000 - 

Abt_gp_L2 mm 0.043 0.031 0.015 - 

Hng_gp_L1 mm 0.000 0.000 -0.008 - 

Hng_gp_L2 mm -0.008 0.000 0.000 - 

Span_ln mm 0.000 0.000 0.000 - 

Col_ht mm 0.000 0.000 0.000 - 

Width mm 0.000 0.000 0.000 - 

 

 

 

 

 

 



Table B6: Component fragility parameter coefficients for MSSS Steel railway 

bridge - Column 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 0.942 0.098 -0.261 -0.808 

log(PGA) - 4.372 5.213 4.233 4.305 

Conc_str MPa -0.025 -0.041 -0.036 -0.033 

Steel_str MPa -0.007 -0.009 -0.007 -0.007 

log(COF_exp_ln) - -0.086 -0.085 0.000 0.000 

log(COF_exp_tn) - 0.000 0.000 0.000 0.000 

log(COF_fxd_ln) - 0.014 0.000 0.000 0.000 

log(COF_fxd_tn) - 0.026 0.000 0.000 0.000 

Pass_stf N/mm/mm 0.000 0.012 0.005 0.004 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - 0.000 -0.107 0.000 0.000 

Abt_gp_L1 mm 0.013 0.016 0.009 0.012 

Abt_gp_L2 mm 0.010 0.016 0.013 0.011 

Hng_gp_L1 mm 0.008 0.012 0.003 0.000 

Hng_gp_L2 mm 0.026 0.034 0.029 0.030 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 



Table B7: Component fragility parameter coefficients for MSSS Steel railway 

bridge  Expansion bearing longitudinal 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -4.796 -7.808 -7.976 -7.194 

log(PGA) - 3.868 4.417 4.345 3.707 

Conc_str MPa 0.006 0.001 0.000 0.000 

Steel_str MPa 0.000 0.000 0.000 0.000 

log(COF_exp_ln) - -0.130 -0.212 -0.235 -0.230 

log(COF_exp_tn) - 0.141 0.122 0.121 0.049 

log(COF_fxd_ln) - -0.030 -0.142 -0.142 -0.088 

log(COF_fxd_tn) - 0.125 0.171 0.110 0.035 

Pass_stf N/mm/mm 0.000 0.000 0.000 0.000 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - 0.000 0.000 0.000 0.000 

Abt_gp_L1 mm 0.004 0.014 0.013 0.010 

Abt_gp_L2 mm 0.032 0.037 0.036 0.032 

Hng_gp_L1 mm 0.010 0.015 0.016 0.016 

Hng_gp_L2 mm 0.008 0.007 0.005 0.007 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.001 0.001 0.000 

Width mm 0.000 0.000 0.000 0.000 



Table B8: Component fragility parameter coefficients for MSSS Steel railway 

bridge  Fixed bearing longitudinal 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -5.385 -7.839 -8.114 -10.750 

log(PGA) - 6.086 6.214 4.813 4.914 

Conc_str MPa 0.033 0.033 0.039 0.053 

Steel_str MPa 0.000 0.000 0.000 0.000 

log(COF_exp_ln) - 0.000 0.050 0.035 0.116 

log(COF_exp_tn) - 0.303 0.315 0.213 0.129 

log(COF_fxd_ln) - -1.316 -0.774 -0.514 -0.398 

log(COF_fxd_tn) - 0.604 0.534 0.377 0.136 

Pass_stf N/mm/mm 0.000 0.014 0.012 0.025 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - 0.000 0.000 0.000 0.000 

Abt_gp_L1 mm 0.016 0.027 0.026 0.036 

Abt_gp_L2 mm 0.037 0.044 0.036 0.040 

Hng_gp_L1 mm 0.020 0.025 0.016 0.011 

Hng_gp_L2 mm -0.051 -0.023 -0.006 0.001 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.001 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 

 

 

 

 

 

 

 



Table B9: Component fragility parameter coefficients for MSSS Steel railway 

bridge  Fixed bearing transverse 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -6.992 -14.211 -13.058 - 
log(PGA) - 6.786 8.035 6.210 - 
Conc_str MPa 0.009 0.007 0.004 - 
Steel_str MPa 0.002 0.008 0.008 - 

log(COF_exp_ln) - -0.008 -0.024 -0.057 - 
log(COF_exp_tn) - -0.188 -0.216 -0.062 - 
log(COF_fxd_ln) - 0.126 0.114 0.079 - 
log(COF_fxd_tn) - -6.345 -6.859 -5.526 - 

Pass_stf N/mm/mm -0.011 0.000 0.000 - 
Act_stf N/pile 0.000 0.000 0.000 - 
Rot_stf N/mm/pile 0.000 0.000 0.000 - 
Trns_stf N/pile 0.000 0.000 0.000 - 
Damp - -0.934 0.000 -2.132 - 

Abt_gp_L1 mm 0.012 0.014 0.000 - 
Abt_gp_L2 mm 0.031 0.032 0.031 - 

Hng_gp_L1 mm 0.015 0.009 0.003 - 
Hng_gp_L2 mm 0.000 -0.007 -0.005 - 

Span_ln mm 0.000 0.000 0.000 - 
Col_ht mm 0.000 0.000 0.000 - 
Width mm 0.000 0.000 0.000 - 



Table B10: System fragility parameter coefficients for MSSS TPG railway bridge  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 3.892 1.110 -0.124 -3.963 

log(PGA) - 1.708 2.338 2.679 2.988 

Conc_str MPa 0.000 0.000 0.002 0.004 

Steel_str MPa 0.000 0.000 0.000 0.000 

log(COF_exp_ln) - 0.204 0.020 0.000 -0.181 

log(COF_exp_tn) - -0.014 -0.173 -0.335 -0.514 

log(COF_fxd_ln) - 0.014 -0.138 -0.201 -0.301 

log(COF_fxd_tn) - -0.102 -0.045 -0.133 -0.080 

Pass_stf N/mm/mm 0.000 0.002 0.000 -0.012 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - -3.757 -6.763 -8.631 -5.455 

Abt_gp_L1 mm 0.002 0.000 0.000 -0.008 

Abt_gp_L2 mm 0.000 -0.007 -0.012 -0.016 

Hng_gp_L1 mm 0.001 0.000 0.000 0.003 

Hng_gp_L2 mm 0.000 0.000 0.000 0.014 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 

 

 

 

 

 

 

 

 



Table B11: Component fragility parameter coefficients for MSSS TPG railway 

bridge - Abutment active  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -0.525 -1.343 1.401 -14.538 

log(PGA) - 2.081 1.594 1.662 3.677 

Conc_str MPa 0.000 0.003 0.023 0.135 

Steel_str MPa 0.000 0.000 0.000 0.004 

log(COF_exp_ln) - 0.000 0.000 0.000 0.000 

log(COF_exp_tn) - -0.197 -0.237 -0.294 -1.198 

log(COF_fxd_ln) - 0.000 -0.030 -0.181 -0.838 

log(COF_fxd_tn) - -0.002 -0.023 0.000 -0.518 

Pass_stf N/mm/mm 0.000 0.000 0.000 -0.055 

Act_stf N/pile -0.004 -0.003 -0.004 -0.008 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 -0.001 

Damp - 0.000 -46.100 -139.012 -76.024 

Abt_gp_L1 mm 0.000 -0.162 -0.150 -1.637 

Abt_gp_L2 mm 0.000 0.000 0.000 0.084 

Hng_gp_L1 mm 0.000 1.223 1.359 3.367 

Hng_gp_L2 mm -0.366 0.000 0.000 -0.201 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 -0.004 

Width mm 0.000 0.000 0.000 0.000 



Table B12: Component fragility parameter coefficients for MSSS TPG railway 

bridge - Abutment passive  

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 4.243 -13.649 -69.202 - 
log(PGA) - 4.454 5.271 7.933 - 

Conc_str MPa 0.030 0.062 0.043 - 

Steel_str MPa 0.000 0.001 0.003 - 

log(COF_exp_ln) - 0.073 0.000 0.000 - 

log(COF_exp_tn) - -0.614 -0.978 -1.578 - 

log(COF_fxd_ln) - -1.063 -1.546 -2.355 - 
log(COF_fxd_tn) - -0.303 -0.292 -0.361 - 

Pass_stf N/mm/mm -0.748 -0.844 -1.347 - 

Act_stf N/pile -0.001 -0.002 -0.002 - 

Rot_stf N/mm/pile 0.000 0.000 0.000 - 

Trns_stf N/pile -0.001 -0.001 -0.002 - 

Damp - -343.805 -135.565 713.168 - 
Abt_gp_L1 mm -0.147 0.000 0.000 - 

Abt_gp_L2 mm 0.000 0.000 -0.101 - 

Hng_gp_L1 mm 0.636 1.851 4.360 - 

Hng_gp_L2 mm 1.749 2.102 4.646 - 

Span_ln mm 0.000 0.000 0.000 - 

Col_ht mm -0.002 0.000 0.000 - 
Width mm 0.000 0.000 0.000 - 

 

 

 

 

 

 

 



Table B13: Component fragility parameter coefficients for MSSS TPG railway 

bridge - Abutment transverse 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 11.483 7.071 9.499 5.159 

log(PGA) - 2.826 2.733 3.156 8.743 

Conc_str MPa 0.000 0.067 0.089 0.572 

Steel_str MPa 0.001 0.001 0.001 0.003 

log(COF_exp_ln) - 0.000 0.000 -0.069 -0.384 

log(COF_exp_tn) - 0.264 0.158 0.188 0.612 

log(COF_fxd_ln) - -0.086 -0.008 -0.080 -0.309 

log(COF_fxd_tn) - 0.919 1.037 1.139 2.686 

Pass_stf N/mm/mm 0.050 0.000 0.000 0.163 

Act_stf N/pile -0.007 -0.008 -0.010 -0.029 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 -0.001 

Damp - -236.782 -190.519 -275.365 -680.767 

Abt_gp_L1 mm -0.284 0.000 -0.174 -0.741 

Abt_gp_L2 mm -0.518 -0.291 -0.362 -0.339 

Hng_gp_L1 mm 0.000 0.000 0.000 1.162 

Hng_gp_L2 mm 0.000 0.146 0.836 3.923 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 -0.004 -0.011 

Width mm 0.000 0.000 0.000 0.000 

 

 

 

 

 

 

 



Table B14: Component fragility parameter coefficients for MSSS TPG railway 

bridge - Column 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 22.012 19.823 16.328 17.345 

log(PGA) - 2.217 2.390 2.160 2.014 

Conc_str MPa 0.000 0.000 0.000 0.000 

Steel_str MPa -0.001 -0.001 0.000 -0.001 

log(COF_exp_ln) - -0.090 -0.175 -0.173 -0.138 

log(COF_exp_tn) - -0.280 -0.407 -0.473 -0.437 

log(COF_fxd_ln) - -0.354 -0.406 -0.377 -0.510 

log(COF_fxd_tn) - -0.111 -0.125 -0.132 -0.103 

Pass_stf N/mm/mm -0.026 -0.014 -0.011 -0.004 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - -559.789 -557.510 -497.711 -527.280 

Abt_gp_L1 mm -0.001 -0.001 -0.001 -0.002 

Abt_gp_L2 mm 0.000 0.000 0.000 0.000 

Hng_gp_L1 mm 0.029 0.049 0.041 0.042 

Hng_gp_L2 mm 0.015 0.010 0.014 0.000 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 



Table B15: Component fragility parameter coefficients for MSSS TPG railway 

bridge  Expansion bearing longitudinal 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -4.964 -10.979 -13.792 -12.600 

log(PGA) - 2.681 2.576 2.473 2.272 

Conc_str MPa 0.020 0.000 0.000 0.000 

Steel_str MPa 0.000 0.001 0.001 0.001 

log(COF_exp_ln) - -0.267 -0.381 -0.516 -0.467 

log(COF_exp_tn) - -0.024 -0.146 -0.260 -0.243 

log(COF_fxd_ln) - -0.206 -0.656 -0.681 -0.631 

log(COF_fxd_tn) - 0.000 0.000 0.000 0.000 

Pass_stf N/mm/mm 0.000 0.000 0.000 0.000 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - 0.000 0.000 0.000 0.000 

Abt_gp_L1 mm 0.000 0.000 0.000 0.000 

Abt_gp_L2 mm 0.000 0.000 0.000 0.000 

Hng_gp_L1 mm 0.248 2.534 3.050 2.802 

Hng_gp_L2 mm 0.000 0.000 0.133 0.000 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 



Table B16: Component fragility parameter coefficients for MSSS TPG railway 

bridge  Expansion bearing transverse 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -4.964 -10.979 -13.792 -12.600 

log(PGA) - 2.681 2.576 2.473 2.272 

Conc_str MPa 0.020 0.000 0.000 0.000 

Steel_str MPa 0.000 0.001 0.001 0.001 

log(COF_exp_ln) - -0.267 -0.381 -0.516 -0.467 

log(COF_exp_tn) - -0.024 -0.146 -0.260 -0.243 

log(COF_fxd_ln) - -0.206 -0.656 -0.681 -0.631 

log(COF_fxd_tn) - 0.000 0.000 0.000 0.000 

Pass_stf N/mm/mm 0.000 0.000 0.000 0.000 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - 0.000 0.000 0.000 0.000 

Abt_gp_L1 mm 0.000 0.000 0.000 0.000 

Abt_gp_L2 mm 0.000 0.000 0.000 0.000 

Hng_gp_L1 mm 0.248 2.534 3.050 2.802 

Hng_gp_L2 mm 0.000 0.000 0.133 0.000 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 



Table B17: Component fragility parameter coefficients for MSSS TPG railway 

bridge  Fixed bearing longitudinal 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - -1.355 -13.853 -15.223 -15.307 

log(PGA) - 2.499 1.720 1.210 1.052 

Conc_str MPa 0.000 -0.074 -0.039 -0.051 

Steel_str MPa 0.000 0.000 0.000 0.000 

log(COF_exp_ln) - 0.000 -0.412 -0.523 -0.598 

log(COF_exp_tn) - 0.000 -0.487 -0.422 -0.302 

log(COF_fxd_ln) - -0.751 -1.534 -1.301 -1.071 

log(COF_fxd_tn) - 0.000 -0.274 -0.123 0.000 

Pass_stf N/mm/mm 0.000 0.000 0.000 -0.027 

Act_stf N/pile 0.000 0.003 0.002 0.003 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile -0.001 -0.003 -0.003 -0.001 

Damp - 0.000 0.000 0.000 -7.531 

Abt_gp_L1 mm 0.000 1.674 1.646 1.664 

Abt_gp_L2 mm 0.000 0.512 0.539 0.000 

Hng_gp_L1 mm 0.000 2.956 3.404 4.027 

Hng_gp_L2 mm 0.000 0.000 0.000 0.000 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 -0.005 -0.004 -0.001 

Width mm 0.000 0.000 0.000 0.000 

 

 

 

 

 

 

 



Table B18: Component fragility parameter coefficients for MSSS TPG railway 

bridge  Fixed bearing transverse 

Parameter Unit 
Parameter coefficients 

Slight Moderate Extensive Complete 

Intercept - 13.501 1.468 -2.521 -7.720 

log(PGA) - 3.123 3.514 3.412 3.204 

Conc_str MPa -0.061 -0.059 -0.053 -0.036 

Steel_str MPa 0.000 0.000 0.000 0.000 

log(COF_exp_ln) - 0.000 -0.227 -0.183 -0.123 

log(COF_exp_tn) - 0.000 0.000 0.000 0.000 

log(COF_fxd_ln) - -0.318 -0.532 -0.561 -0.445 

log(COF_fxd_tn) - -1.850 -2.049 -1.790 -1.663 

Pass_stf N/mm/mm -0.057 -0.034 -0.007 -0.019 

Act_stf N/pile 0.000 0.000 0.000 0.000 

Rot_stf N/mm/pile 0.000 0.000 0.000 0.000 

Trns_stf N/pile 0.000 0.000 0.000 0.000 

Damp - -212.995 -94.121 -52.698 0.000 

Abt_gp_L1 mm 0.006 0.028 0.033 0.025 

Abt_gp_L2 mm -0.162 -0.171 -0.158 -0.128 

Hng_gp_L1 mm 0.043 0.070 0.072 0.089 

Hng_gp_L2 mm 0.117 0.157 0.155 0.147 

Span_ln mm 0.000 0.000 0.000 0.000 

Col_ht mm 0.000 0.000 0.000 0.000 

Width mm 0.000 0.000 0.000 0.000 



Appendix C 

Seismic fragility model parameters of typical 

highway bridge classes 

This appendix presents the lognormal fragility parameters of the component and 

system level fragility models of typical highway bridge classes based on Nielson and 

DesRoches (2007). 

Table C1: Component fragility parameter coefficients for MSSS Concrete highway 

bridge (Nielson and DesRoches 2007)  

Bridge class 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Column 0.582 0.747 0.913 0.693 1.486 0.781 2.164 0.787 

Fixed bearing 
longitudinal 

0.525 0.807 1.613 0.773 2.040 0.797 2.689 0.837 

Fixed bearing 
transverse 

- - - - - - - - 

Expansion bearing 
longitudinal 

0.320 0.780 1.125 0.735 1.465 0.765 1.994 0.815 

Expansion bearing 
transverse 

- - - - - - - - 

Abutment passive 2.245 0.704 - - - - - - 
Abutment active 0.479 1.062 2.329 1.260 - - - - 

Abutment transverse 0.884 0.958 - - - - - - 



Table C2: Component fragility parameter coefficients for MSSS Steel highway 

bridge (Nielson and DesRoches 2007)  

Bridge class 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Column 0.456 0.530 0.642 0.484 0.916 0.550 1.203 0.560 

Fixed bearing 
longitudinal 

0.301 0.444 0.526 0.444 0.724 0.480 1.471 0.525 

Fixed bearing 
transverse 

0.430 0.480 0.762 0.480 1.059 0.520 2.233 0.560 

Expansion bearing 
longitudinal 

0.320 0.613 0.695 0.583 0.861 0.609 1.093 0.644 

Expansion bearing 
transverse 

0.589 0.479 1.391 0.479 2.289 0.559 - - 

Abutment passive 2.192 0.669 - - - - - - 
Abutment active 0.981 1.049 - - - - - - 

Abutment transverse 1.622 0.938 - - - - - - 

Table C3: Component fragility parameter coefficients for MSC Concrete highway 

bridge (Nielson and DesRoches 2007)  

Bridge class 
Slight damage 

Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Column 0.505 0.700 0.750 0.660 1.141 0.730 1.567 0.730 

Fixed bearing 
longitudinal 

0.320 0.717 0.938 0.686 1.179 0.710 1.528 0.751 

Fixed bearing 
transverse 

1.714 1.516 - - - - - - 

Expansion bearing 
longitudinal 

0.310 0.784 1.107 0.744 1.443 0.774 1.968 0.818 

Expansion bearing 
transverse 

1.823 1.505 - - - - - - 

Abutment passive 1.300 0.788 - - - - - - 
Abutment active 0.466 1.766 - - - - - - 

Abutment 
transverse 

0.505 1.029 2.164 1.202 - - - - 



Table C4: Component fragility parameter coefficients for MSC Steel highway 

bridge (Nielson and DesRoches 2007)  

Bridge class 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Column 0.271 0.504 0.352 0.479 0.473 0.520 0.585 0.530 

Fixed bearing 
longitudinal 

0.794 0.639 1.639 0.639 2.475 0.680 - - 

Fixed bearing 
transverse 

0.623 0.705 1.292 0.705 1.956 0.749 - - 

Expansion bearing 
longitudinal 

0.225 0.579 0.443 0.559 0.531 0.574 0.660 0.604 

Expansion bearing 
transverse 

0.284 0.574 0.562 0.574 0.827 0.620 1.963 0.665 

Abutment passive 0.864 0.734 1.508 0.734 
99.00

0 
0.000 

99.00
0 

0.000 

Abutment active - - - - - - - - 
Abutment transverse 0.793 0.982 - - - - - - 

Table C5: Component fragility parameter coefficients for SS Concrete highway 

bridge (Nielson and DesRoches 2007)  

Bridge class 
Slight damage 

Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Fixed bearing longitudinal - - - - - - - - 
Fixed bearing transverse - - - - - - - - 

Expansion bearing longitudinal - - - - - - - - 
Expansion bearing transverse - - - - - - - - 

Abutment passive - - - - - - - - 
Abutment active 2.160 1.100 - - - - - - 

Abutment transverse 2.450 1.060 - - - - - - 



Table C6: Component fragility parameter coefficients for SS Steel highway bridge 

(Nielson and DesRoches 2007)  

Bridge class 
Slight 

damage 
Moderate 
damage 

Extensive 
damage 

Complete 
damage 

        
Fixed bearing 
longitudinal 

0.756 0.584 1.344 0.584 1.871 0.614 - - 

Fixed bearing 
transverse 

1.690 0.848 3.484 0.848 - - - - 

Expansion bearing 
longitudinal 

1.411 0.576 2.305 0.566 2.626 0.576 3.056 0.586 

Expansion bearing 
transverse 

0.759 0.682 1.459 0.682 2.113 0.716 99.00 0.000 

Abutment passive - - - - - - - - 
Abutment active 1.742 0.834 - - - - - - 

Abutment transverse 3.084 1.176 - - - - - - 



Appendix D 

Restoration models for partial closures of 

railway and highway bridges 

Decision tree models for predicting partial closure decisions in railway and 

highway bridges are presented here. Partial closure for for highway bridges include lane 

and speed restriction whereas partial closure for railway bridge includes speed restriction 

only. 

 

Figure D1: Decision tree to model lane restriction in highway bridges (1  closure, 0 

 no closure) 

 



 
 

Figure D2: Decision tree to model speed restriction in highway bridges (1  closure, 

0  no closure) 

 
 

Figure D3: Decision tree to model speed restriction in railway bridges (1  closure, 0 

 no closure) 



Appendix E 

Comparative restoration model performance 

for predicting durations of bridge closure 

A comparative study between various modeling strategies used for predicting 

durations of bridge closure. As an illustrative example, the case of complete closure to 

highway bridges is selected in this Appendix, but similar conclusions follow for other 

components and closure states. First, decision trees for regression are compared to 

regularized regression following the methodology outlined in Chapter 4, and then to 

random forests. In each of these cases, the model parameters are tuned using 5-fold cross 

validation, and the experiment is repeated 500 times to obtain the best model, ensuring as 

far as possible that the limited dataset is utilized as far as possible. The model 

performance is reported in terms of the relative mean absolute error (RMAE) on the 

entire dataset, which is calculated as  

                                                                                     (E1) 



Where  denotes the  instance of the quantity to be predicted out of  data points,  

is the corresponding model prediction and  is the standard deviation in the predicted 

quantity. 

Table E1  Comparison between various regression models 

Model RMAE 

Elastic nets regularization followed by 
ridge regression 

0.726 

Decision trees 0.683 
Random forests 0.664 

Clustered random forests 0.583 

 

The comparison between the various modeling techniques reveals that, firstly, tree-based 

models provide better predictive accuracy given the nature of the dataset s discussed in 

Chapter 5. Secondly, random forests outperform decision trees, owing to its selection 

above decision trees for regression used in Kameshwar et al. (2020). Thirdly, clustered 

random forests outperformed single random forest models. The dataset was divided into 

two clusters using the predictors only, and any new data point is assigned to a cluster 

based on its distance from the cluster centers.  



Appendix F 

Estimating permanent ground deformation 

(PGD) from PGA 

The methodology for estimating permanent ground deformations (PGD) from PGA 

and liquefaction potential as outlined in FEMA (2015) is shown here.  

For a given category of liquefaction susceptibility, the probability of liquefaction is 

estimated as per Equation F1 (Youd and Perkins 1978) 

                                                                         (F1) 

where  is the proportion of the map subjected to liquefaction, 

 is the conditional probability of liquefaction for a given category of liquefaction 

susceptibility at a specified PGA level,   and  are correction factors for moment 

magnitude and groundwater table depth. Both  as well as  

are obtained based on the degree of liquefaction susceptibility from Table E1 (FEMA 

2015). 

 



Table F1: Input parameters required for estimating PGD as a function of 

liquefaction susceptibility (FEMA 2015) 

Liquefaction 

susceptibility 
 

 
 

Very high 0.25  0.09g 

High 0.2  0.12g 

Moderate 0.1  0.15g 

Low 0.05  0.21g 

Very Low 0.02  0.26g 

None 0.0  N/A 

 

The correction factors  and  are obtained from Equations F2 and F3 respectively. 

                                       (F2) 

                                                                                         (F3) 

where  represents the magnitude of the earthquake and  represents the groundwater 

table depth in feet.  

The expected value of PGD caused due to liquefaction-induced lateral spreading is given 

by Equation F4. 

                                                                                             (F4) 

where  is the expected permanent ground displacement in inches for a given 

liquefaction susceptibility category under a specified level of normalized ground shaking 



,  represents the threshold PGA values corresponding to zero probability 

of liquefaction for different levels of liquefaction susceptibility (Table F1) and  is the 

displacement correction factor which is calculated based on Equation F5 (Seed and Idriss 

1982). 

                                      (F5) 

 is calculated based on the on the normalized ground acceleration  as per 

Equation D6 (Youd and Perkins 1978, Sadigh et al. 1986). 

                           for    

                            for    

                         for                                   (F6) 

The expected value of PGD is evaluated using Equation D4 with the values of  and  

evaluated using Equations F4 and F5 respectively. 

The probability of liquefaction  obtained from Equation F1 and the expected PGD value 

 obtained using Equation F4 are the two key outputs of the methodology illustrated 

above. A liquefaction event is simulated using the probability of liquefaction , and the 

corresponding value of PGD is evaluated only if liquefaction occurs, as shown in Equation 

F7. 

                          if liquefaction occurs 



                                      if no liquefaction occurs                                (F7) 

A sample calculation of PGD using this methodology is illustrated as follows. Let the 

estimated value of PGA at a site be 0.2g for an earthquake of magnitude 7.7. The depth of 

groundwater table is assumed to be  i.e.  The degree of liquefaction 

 

of 0.2g is calculated based on Table F1 as 

  

The correction factors  and  are 

  

  

Using  bility of 

liquefaction is calcilated as 

  

As per Table EF1, g. Hence, . Using this value of  in 

Equation F6,  is calculated as 

  

The displacement correction factor  is calculated from Equation F5 as 



.  

Using Equation F4, the expected value of PGD if liquefaction occurs is 

 in.  m. 

Hence, the estimated probability liquefaction is 0.099 and the corresponding permanent 

ground deformation if liquefaction occurs is  m. 



Appendix G 

Convergence plot to estimate number of MCS 

samples required to estimate resilience 

The number of MCS samples sufficient to estimate resilience was tested using a 

convergence study. Herein, functionality  and  were estimated for varying 

number of samples and resilience was consequently estimated by integrating over the time 

domain for each sample and then taking the mean across all samples. The number of 

samples were increased progressively as 10, 50, 100, 200, 300, 400, 500, 600, 700, 800, 

900 and 1,000. Both the first and second moment of resilience estimated from the samples 

was calculated and plotted against the number of samples. The results for resilience indices 

 and  respectively each calculated over a one year duration are plotted in Figure G1 

and G2 respectively. 

For both  and , the mean and the standard deviation are observed to 

converge in 1,000 simulations. As a result, 1,000 MCS samples is deemed sufficient to 

estimate resilience in the case study example presented in Chapter 7. 



 

Figure G1  Convergence of mean and standard deviations resilience index  

 

Figure G1  Convergence of mean and standard deviations resilience index  


