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ABSTRACT1
Ensuring robustness and resilience in intermodal transportation systems is essential for the con-2
tinuity and reliability of global logistics. These systems are vulnerable to various disruptions,3
including natural disasters and technical failures. Despite significant research on freight trans-4
portation resilience, investigating the robustness of the system after targeted and climate-change5
driven disruption remains a crucial challenge. Drawing on network science methodologies, this6
study models the interdependencies within the rail and water transport networks and simulates dif-7
ferent disruption scenarios to evaluate system responses. We use the data from the US Department8
of Energy Volpe Center for network topology and tonnage projections. The proposed framework9
includes a theoretical risk of infrastructure failure and disruption due to climate change using the10
Earth System Model output. The findings highlight the importance of robustness measures, re-11
silience planning and quantifying the potential loss of freight carrying capacity of the disruption.12
We show that the disruptions of a few nodes could have a larger impact on the total tonnage of13
freight transport than on network topology. For example, the removal of targeted 20 nodes can14
bring the total tonnage carrying capacity to 30% with about 75% of the rail freight network in-15
tact. This research advances the theoretical understanding of transportation resilience and provides16
practical applications for infrastructure managers and policymakers. By implementing these strate-17
gies, stakeholders and policymakers can better prepare for and respond to unexpected disruptions,18
ensuring sustained operational efficiency in the transportation networks.19

20
Keywords: Transportation Resilience, Freight Transport System, Climate Change Disruptions, Tar-21
geted Disruptions, Robustness Analysis22
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INTRODUCTION1
In an increasingly interconnected world, the resilience of transportation systems has become a2
critical area of focus for research and development. Intermodal transportation presents unique3
challenges and opportunities in ensuring robustness against various disruptions, including natural4
disasters, technical failures, and security threats (1). Recent studies have sought to address these5
challenges by developing advanced models and frameworks that enhance system resilience’s as-6
sessment and improvement. Resilience in intermodal transportation refers to the system’s ability to7
anticipate, absorb, adapt, and quickly recover from disruptions. It ensures that transportation net-8
works, such as those combining rail and truck services, can maintain functionality and efficiency9
even when faced with unexpected events like natural disasters or man-made attacks (2).10

We synthesize insights from several recent papers that explore resilience in different seg-11
ments of transportation networks, including rail-truck freight networks, maritime supply chains,12
and airport networks. Each study contributes to a multi-dimensional understanding of resilience13
by introducing novel analytical frameworks, optimization models, and strategic management prac-14
tices tailored to these networks’ unique characteristics and vulnerabilities. These multifaceted ap-15
proaches highlight the complexities of maintaining resilience in intermodal transportation systems16
and underscore the need for robust and flexible strategies to manage and mitigate the significant17
negative impacts of disruptions.18

Disruption in transportation systems refers to events that cause significant negative impacts19
on transportation system operations. These disruptions can arise from natural disasters and climate20
extremes (e.g., earthquakes, floods, hurricanes), man-made events (e.g., cyber, terrorist attacks,21
strikes), or other unexpected incidents that compromise the infrastructure, decrease capacity, or22
interrupt the normal flow of goods and services (3). Disruptions challenge the system’s ability to23
function effectively, requiring robust and flexible strategies to manage and mitigate their effects.24

A key aspect of ensuring resilience is the robustness of the intermodal transportation net-25
work, which is critical for maintaining functional performance despite disruptions. Robustness in26
intermodal transportation refers to the ability of the transportation network to retain its functional27
performance despite disruptions or perturbations (4). It measures how well the network can avoid28
direct and indirect economic losses and continue operating when facing disruptions to transport29
elements like infrastructure failures or capacity reduction.30

This study comprehensively analyzes rail and water networks within the United States31
(US), which are critical components of global freight transportation, by evaluating their resilience32
under various disruption scenarios, including climate extreme events and targeted disruptions(e.g.,33
cyberattacks). The study includes a comprehensive literature review of system disruption, robust-34
ness, and resiliency, modeling these networks, simulating disruption scenarios, and evaluating the35
effectiveness of various resilience measures, particularly emphasizing the impact of rising tem-36
peratures crossing critical thresholds. The goal is to provide actionable insights for infrastructure37
managers and policymakers to enhance the resilience of intermodal transportation systems.38

Hereon, the paper is organized as follows. We begin with a literature review that categorizes39
and analyzes studies on resilience in transportation systems. We then explore the robustness and40
resilience of US rail and water networks under various disruption scenarios, including the effects41
of rising temperatures and targeted disruptions. Our analysis includes examining the impact of42
identifying critical network nodes. Finally, we discuss the broader implications for enhancing43
system resilience, offering recommendations for infrastructure managers and policymakers, and44
suggesting future research directions.45
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LITERATURE REVIEW1
In this section, we examine the existing literature on resilience within intermodal transportation2
systems, encompassing road, rail, water, and air components. Our analysis categorizes and dis-3
sects various types of disruptions that impact these modes, focusing on strategies for effectively4
managing and mitigating such disruptions. By synthesizing key insights from recent studies, this5
review highlights the multifaceted approaches necessary to enhance the resilience of intermodal6
transportation networks.7

Resilience in transportation systems has been extensively studied over the years; however,8
the specific resilience of intermodal systems has received comparatively limited attention (5). Re-9
silience in this context is evaluated by the system’s performance in response to unexpected disrup-10
tions. A tentative measure of resilience is proposed as the percentage reduction in performance11
indices of the intermodal transportation system following such disruptions (6). This measure un-12
derscores the importance of not just immediate recovery but also the system’s capacity to adapt13
and sustain functionality under stress.14

A significant focus of this review is on the natural disaster of heat waves, which present15
a critical disruption to transportation networks. With the predicted increase in the number of hot16
days per year, key nodes within intermodal networks are at heightened risk of recurring heat waves.17
This makes the analysis of such disruptions essential for future resilience planning. Previous stud-18
ies, such as Schofer et al. (2), have largely emphasized the immediate response and short-term19
resilience of specific modes, like the rail industry, during crises. However, our analysis extends20
this discussion by highlighting that heat wave disruptions are not merely transient events; they are21
likely to persist and intensify with time. This underscores the necessity for long-term resilience22
strategies, including sustained adaptations and the implementation of permanent infrastructural and23
operational changes to mitigate the ongoing and worsening impacts of climate-related disruptions.24

Transportation Systems Resilience25
The network characteristics vary by mode of transportation and are driven by factors such as nature26
and space for infrastructure. The quantitative analysis of the resilience of airport networks is27
presented by Clark et al. (7), where the authors utilized network science to assess robustness against28
disruptions like natural disasters, technical failures, and man-made threats. The paper investigates29
the US airport network where nodes are airports and edges are bi-directional flights. It highlights30
the importance of network attributes in maintaining critical functions and developing effective31
recovery strategies. Notably, the study finds that disruptions of only 30% of airports can cause32
a complete collapse of the airport network. The paper not only evaluates the cascading impacts33
of disruptions but also identifies optimal recovery strategies. Specifically, the results show that34
betweenness centrality (a measure of the importance of nodes within the network) plays a critical35
role in determining the most effective recovery order for both partial and full recovery phases. This36
insight underscores the value of prioritizing key nodes to enhance recovery efficiency, offering37
valuable guidance for proactive resilience planning and infrastructure design.38

Extending the network science approach to rail networks, Bhatia et al. (8) provide a com-39
prehensive network science-based framework to measure and compare the resilience of the Indian40
Railways Network against various hazards such as human-induced and natural. The authors utilize41
simulations inspired by real-world events, namely the 2004 Indian Ocean Tsunami and the 201242
North Indian blackout, to illustrate the network’s hazard responses and recovery strategies. The43
study employs multiple metrics, including degree, strength, and centrality measures, to generate44
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various recovery sequences. Findings suggest that recovery strategies based on betweenness cen-1
trality are most effective, highlighting the importance of restoring key bridge stations to enhance2
the network’s functionality rapidly. This quantitative framework is generalizable across large-scale3
critical lifeline infrastructure networks and can inform stakeholders on optimal recovery strategies4
for different types of hazards, ensuring improved resilience and preparedness.5

Furthermore, Schofer et al. (2) examine the US rail intermodal freight system’s response6
to the COVID-19 pandemic. Their research builds on existing frameworks that explore the adapt-7
ability of supply chains under stress, emphasizing the critical role of intermodal freight in main-8
taining supply chain continuity during crises. This study integrates insights from both qualitative9
interviews and quantitative data to provide a comprehensive assessment of the rail industry’s per-10
formance during the pandemic. The authors also highlight the complexity of the intermodal freight11
system, involving multiple stakeholders and processes, which aligns with earlier research on the in-12
terconnectedness of global supply chains. By focusing on the pandemic as a unique stress test, this13
study adds to the growing understanding of how transport systems can be restructured to enhance14
resilience against future disruptions.15

In a related context, Yadav et al. (9) present a hypothesis-driven resilience framework for16
urban transport networks, specifically applied to the London Rail Network (LRN). The study17
addresses the compounded vulnerabilities arising from natural disasters like floods and targeted18
cyber-physical attacks, emphasizing the critical inter-dependencies within urban transport net-19
works. Utilizing network science principles, the authors demonstrate that the efficiency-focused20
design of the LRN makes it particularly susceptible to cascading failures during such compound21
disruptions. It concludes that enhancing resilience requires both pre-disruption planning and effec-22
tive post-disruption recovery strategies, with network centrality-based recovery methods proving23
to be efficient. The study underscores the need for resilience-centric designs in urban infrastructure24
to mitigate the risks posed by increasing urbanization and climate change.25

Shifting focus from rail to maritime transportation, Young and Gordon (10) provide an26
extensive overview of the complexities and vulnerabilities associated with intermodal maritime27
supply chains. The authors emphasize the significance of containerized shipping in global trade28
and highlight various security measures implemented post-9/11. Despite these measures, vulnera-29
bilities persist, particularly in the segments of the supply chain before goods reach US shores. The30
paper identifies several key factors that influence supply chain resilience, including the physical31
and informational flows of goods, the roles of various stakeholders, and the potential risks posed32
by cyber threats.33

Following our analysis of general disruption types and mitigation strategies, it is essential34
to delve into specific frameworks that address resilience in intermodal networks under particular35
conditions. For instance, Misra and Padgett (11) focus on enhancing resilience against seismic dis-36
ruptions within intermodal freight networks. It introduces a probabilistic framework that integrates37
publicly available datasets and models to predict damage and manage recovery of network com-38
ponents. This framework is illustrated through a case study in Memphis, Tennessee, assessing the39
network’s ability to maintain functionality and recover post-disruption. Key contributions include40
novel restoration models that directly link physical damage to network functionality, allowing for41
dynamic simulation of network performance and recovery.42

Another approach for evaluating seismic resilience is conducted by Misra and Padgett (12).43
The authors introduce a robust framework for assessing the seismic resilience of rail and truck in-44
termodal networks, critical for long-haul freight transport in the US. They utilize a multi-scale45



Rahimitouranposhti, Sharma, Camur, Omitaomu, and Li 6

modeling approach that considers local and national impacts on freight movement and employ1
Monte Carlo simulations to evaluate network performance under seismic disruptions. Key inno-2
vations include value-weighted connectivity and inverse travel distance metrics to assess network3
recovery and functionality post-disaster. The framework’s application in a case study of the New4
Madrid seismic zone demonstrates its potential to provide detailed insights into economic impacts5
and infrastructure vulnerabilities.6

Enhancing resilience in intermodal transportation networks is crucial for maintaining effi-7
cient and reliable supply chains. Feng et al. (13) explore strategies such as optimizing the use of8
empty containers and coordinating bulk cargo transport. It introduces a model that calculates the9
optimal number of empty containers to lease under uncertain demand, incorporating trip-sharing10
strategies to lower transportation costs and improve supply chain resilience. Complementing this,11
Chen and Miller-Hooks (14) introduce a resilience indicator that quantifies the ability of the freight12
network to recover after various disruptions. The author proposed a mixed-integer program to13
stochastically quantify a freight network’s ability to recover after disruptions. The efficacy of the14
framework is demonstrated through experiments on a double-stack container network under vari-15
ous disaster scenarios, highlighting the critical role of network topology and recovery activities in16
enhancing resilience. The study concludes that network resilience is a multifaceted concept that17
involves both pre-disaster planning and post-disaster actions, providing a comprehensive approach18
to disaster management in intermodal freight transport systems.19

Disruption in Freight Transportation System20
This section examines the disruptions impacting intermodal freight transportation, with a particular21
focus on the effects of extreme heat events, tropical cyclones, and other climate-related challenges.22
We explore the documented increases in global temperatures, as well as projections for future23
climate conditions, and analyze how these changes exacerbate vulnerabilities in transportation in-24
frastructure. Through case studies from various cities, we detail the economic and operational25
impacts of these disruptions and review the resilience strategies proposed in the literature to miti-26
gate their effects. The aim is to provide a comprehensive understanding of the challenges posed by27
climate extremes and the adaptive measures necessary to enhance the resilience of transportation28
systems.29

To begin with heatwave disruption, Kumar et al. (15) address the impact of critical tem-30
peratures and heat waves on transportation infrastructure. It highlights that global mean surface31
temperatures have risen by 0.85◦C since the pre-industrial era, indicating further increases of 0.3-32
0.7◦C short-term (2016-2035) and 1.1-2.6◦C long-term (2081-2100). These rising temperatures33
lead to road buckling and railway track deformation, disrupting transportation systems. The paper34
emphasizes the need for resilient infrastructure to withstand such impacts and proposes a frame-35
work incorporating flexibility, diversity, and industrial ecology to enhance infrastructure resilience.36
This includes strategies to adapt to increased frequency and intensity of heatwaves, ensuring the37
transportation sector can manage and mitigate these climate risks effectively.38

Continuing with the theme of heatwave impacts, Ferranti et al. (16) examine the impact of39
the record-breaking heatwave on July 1, 2015, where temperatures reached 37.5◦C at Heathrow40
Airport. This extreme heat caused rail tracks to expand and buckle, necessitating emergency speed41
restrictions to prevent derailments, while overhead lines sagged, leading to power loss for trains.42
Signaling systems, sensitive to heat, accounted for 57% of heat-related incidents, and telecommu-43
nications equipment overheated in line-side cabinets. Over 220,000 delay minutes were recorded,44
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with significant delays on critical routes like London North Eastern, costing the national economy1
an estimated £16 million. The paper suggests resilience strategies, such as real-time monitoring2
with low-cost sensors and implementing green infrastructure, to adapt to the increasing frequency3
of heat waves projected for the future.4

Expanding on the vulnerabilities of transportation infrastructure under extreme weather5
conditions,Beheshtian et al. (17) address how critical temperatures and heat waves lead to trans-6
portation infrastructure failures. they emphasize the vulnerability of New York City’s motor fuel-7
ing infrastructure during extreme weather events, such as Hurricane Sandy, which left 67-28% of8
gas stations inoperable and disrupted fuel supplies due to damaged refineries and terminals. They9
model the impact of these disruptions on fuel availability and travel behavior, finding that severe10
flooding events could render up to 85% of flood-vulnerable elements inoperable by the 2080s. Ad-11
ditionally, resilience-enhancing strategies like backup generators and fuel reservoirs are discussed12
to mitigate the impacts of extreme weather on transportation.13

Transitioning to the specific impacts of extreme heat events (EHEs) significantly impacts14
transportation infrastructure in Phoenix, AZ, where summer temperatures average around 41◦C15
and can reach up to 50◦C. These conditions cause asphalt roads to soften, leading to pavement16
rutting and reduced lifespan, and induce thermal expansion in steel bridge components, stressing17
joints and compromising structural integrity. High temperatures also result in engine overheating18
and increased tire blowouts in vehicles, while restricting construction activities due to safety con-19
cerns. Public transportation systems face disruptions from expanded steel rails and sagging over-20
head power lines. Notably, a 2011 incident in Mesa, AZ, where temperatures hit 41.7◦C, triggered21
a transformer fire, causing power outages that affected over 100,000 homes and key infrastructure,22
illustrating the cascading failures extreme heat can provoke. Projections indicate a sixfold increase23
in EHE frequency and a doubling of event duration by 2070, necessitating adaptive strategies such24
as improved infrastructure design, increased vegetation, enhanced urban albedo, and comprehen-25
sive emergency response plans to mitigate these impacts and enhance resilience (18).26

Exploring further, Feng et al. (19) investigate the risks of extreme heat events on infras-27
tructure, including transportation, due to compound hazards from tropical cyclones and heatwaves.28
they highlight that heatwaves with a heat index over 40.6◦C significantly disrupt critical services.29
For instance, in Harris County, Texas, tropical cyclones like Hurricane Ike caused power outages30
affecting over 63% of residents for more than five days. Projections under The high-emissions31
scenario show that the probability of experiencing a heatwave lasting over five days following a32
cyclone will increase from 2.7% historically to 20.2% by the late 21st century. This will escalate33
the percentage of residents facing compound hazards from 0.8% to 18.2%. The paper proposes34
resilience strategies such as undergrounding 5% of local power distribution networks, which could35
reduce the impact on residents experiencing extended outages and heatwaves from 18.2% to 11.3%,36
underscoring the critical need for infrastructure adaptation to mitigate disruptions in transportation37
and other sectors.38

In a similar vein, Hatvani-Kovacs et al. (20) discuss the impact of heatwaves on urban in-39
frastructure, particularly focusing on transportation. During the severe heatwave in early 2009 in40
southern Australia, significant transport disruptions occurred in Adelaide and Melbourne. The rail41
systems were particularly affected, with heat-related failures leaving commuters stranded. They42
suggest several measures to mitigate these issues, such as cooling rails with cold water during heat-43
wave alerts, replacing wooden rail sleepers with more heat-resistant concrete ones, and ensuring44
timely communication about non-operational train lines while providing alternative transportation45
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like buses. they also note that in 2009-2010, 2% of South Australia’s annual energy demand ac-1
counted for 65% of the yearly cumulative power generation costs, highlighting the critical need2
to manage peak electricity demand during heatwaves, which also impacts transportation systems3
dependent on reliable power supply.4

Lastly, Bolitho and Miller (21) examine the impact of extreme heat on infrastructure, par-5
ticularly transportation systems, with detailed examples such as the 2009 heatwave in Melbourne.6
This event caused significant transportation disruptions, including train delays and failures due to7
rail track buckling and power supply issues. The study emphasizes the critical temperature thresh-8
old of 35◦C, above which these failures become more frequent, predicting an increase from 9 to9
12 days per year by 2030 and up to 27 days by 2100. It highlights the necessity for coordinated10
policy responses and cross-sectoral integration to mitigate these effects, suggesting improved in-11
frastructure design, early warning systems, and community-based resilience initiatives to handle12
the increasing frequency and intensity of heat waves.13

By synthesizing these studies, it becomes evident that the transportation sector must adopt14
comprehensive resilience strategies to mitigate the impacts of extreme weather events, particularly15
heat waves, on infrastructure.16

METHODOLOGY AND DATASETS17
In this section, we describe the methodology and framework used to analyze the resilience and18
robustness of transportation networks. We begin by outlining the structure and modeling approach19
for the rail and water transportation systems, which form the basis of our analysis. The subse-20
quent subsections delve into the centrality measures employed to assess the criticality of various21
nodes within the network, followed by an exploration of different disruption scenarios designed22
to evaluate the system’s ability to withstand and recover from multiple types of failures. Addi-23
tionally, we describe the methodology used to quantify hot days due to climate change, utilizing24
the Earth System Model to project future temperature scenarios. Finally, we introduce the metrics25
used to quantify the network’s robustness and resilience, including assessments of how disruptions26
affect the network’s operational capacity. This section provides a comprehensive overview of the27
analytical methods and models applied, setting the stage for interpreting the results.28

Rail and Water Networks Data29
The data used in this paper comes from the Freight and Fuel Transportation Optimization Tool30
(FTOT) developed by the US DOT Volpe Center (22) to verify origin to destination for freight31
shipment connection. This tool is designed to optimize the routing and flow of commodities over32
multimodal transportation networks. It provides insights into the optimal cost, emissions, vehi-33
cle distance traveled, and facility utilization by mode and commodity. The FTOT can generate34
summary reports, maps, and visualizations and is equipped to facilitate scenario comparisons, in-35
cluding disruption and resilience analyses, making it highly suitable for studying the resilience of36
transportation systems under various disruptions. We model the US rail and water transportation37
system as an origin-destination network, with nodes represented by train stations and water ports.38

The connectivity of the rail and water networks is illustrated in Figure 1. The rail transport39
network comprises 84 nodes with an average degree of 20.19, and the water transport network40
consists of 47 nodes with an average degree of 6.55. In both subplots, node sizes are proportional41
to the total load (tonnage) transported from/through that respective node. All edges in this transport42
network are bi-directional, i.e., the movement could be back and forth from a node.43
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(a) Rail Transport Network

(b) Water Transport Network

FIGURE 1: US Freight Network Topology Plots of Rail and Water Modes. Top panel (a):
US Rail Freight network. Bottom panel (b): US Water Freight network. Size of the nodes is
proportional to the tonnage transported through them.
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Centrality Measures1
Understanding the significance of nodes, such as rail stations or water ports, within a transporta-2
tion network is crucial for developing robust enterprise-level resilience strategies. Centrality, a key3
metric in network analysis, quantifies the importance of these nodes within the overall network4
structure (23). In this study, we apply centrality measures to quantify the extent of nodes within5
our network. Among the various available centrality measures, those relevant to our analysis in-6
clude closeness and betweenness centrality. These measures are presented in Table 1 and Table 2.7
Closeness centrality quantifies the extent to which a node (i) is ‘central’ based on its proximity to8
all other nodes in the network and it is expressed as in Equation (1).9

cCL(i) =
1

∑ j∈V dist(i, j)
(1)10

where dist(i, j) represents the shortest network distance between nodes i and j in our net-11
work graph. For comparison with other centrality measures, cCL is normalized to a range between12
[0,1].13

Betweenness centrality quantifies the degree to which a node acts as an intermediary be-14
tween other pairs of nodes. Here, the ‘significance’ of a node pertains to its strategic position within15
the network paths, which we represent as rail and water routes for freight movement. Nodes that16
lie on numerous routes are typically more vital to the overall network flow. For our calculations,17
we utilized betweenness centrality as defined in Equation (2).18

cB(i) = ∑
s ̸=t ̸=i∈V

σ(s, t | i)
σ(s, t)

(2)19

where σ(s, t | i) is the total number of shortest paths between nodes s and t that pass through20
node i, and σ(s, t) is the total number of shortest paths between nodes s and t, regardless of whether21
they pass through node i (7).22

Disruption Scenarios23
This study examines five types of disruption scenarios: random node removal, targeted degree24
removal, targeted closeness removal, targeted betweenness removal, and targeted removal based25
on hot days.26

Random node removal is a method where nodes in a network are randomly selected for27
removal. Targeted degree removal involves intentionally removing nodes with the highest degree28
(most connections) in a network to simulate and study the impact of losing critical nodes. Tar-29
geted closeness and targeted betweenness removal involve intentionally removing nodes that have30
the highest closeness or betweenness centrality, respectively. These methods help evaluate the31
network’s efficiency and the role of key transit points or intermediaries. Targeted removal based32
on hot days involves identifying and prioritizing the removal of nodes (e.g., stations and ports)33
that are most affected by extreme heat waves, aiming to enhance the network’s resilience against34
heat-related disruptions.35

Impact of Rising Hot Days36
As discussed in Section 3, one of the significant disruptions for infrastructure is heat waves. Critical37
temperature thresholds are essential in understanding the impact of extreme heat on infrastructure.38
Specific studies, such as (21), identify 35◦C as a critical temperature above which infrastructure39
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failures, such as rail track buckling and road pavement rutting, become more frequent.1
For instance, in Phoenix, AZ, with average summer temperatures around 41◦C and highs2

reaching up to 50◦C, infrastructure components like asphalt roads, steel bridges, and public trans-3
portation systems are significantly stressed. Projections suggest a sixfold increase in extreme heat4
events and a doubling of event duration by 2070. This underscores the necessity of adaptive strate-5
gies for infrastructure resilience to cope with the increasing frequency and intensity of heat waves,6
highlighting the urgency of this issue.7

Based on the literature, we define hot days as the total number of days when temperatures8
exceed 35◦C. To quantify the change in temperature due to climate change, we used the maximum9
daily temperature from the Canadian Earth System Model version 5, CanESM5, (24). The temper-10
ature data is available at a daily frequency and at a spatial resolution of 2.5o. CanESM5 is a global11
model designed to simulate historical climate changes and variability, make centennial-scale pro-12
jections of future climate, and generate initialized seasonal and decadal forecasts. It is an integral13
part of the Intergovernmental Panel on Climate Change assessments (25).14

The coarse resolution of CanESM5 enables faster processing of heatwave analysis. How-15
ever, due to coarse resolution, the cities that are within 300 kilometers or 190 miles may show16
similar statistics. This is one caveat since faster analysis comes at the cost of spatial resolution of17
Earth System Models.18

Robustness and Resilience Metrics19
In the context of a transportation system utilizing both rail and water modes, we conduct a robust-20
ness and resilience analysis. Our analysis assumes the availability of multiple rerouting options21
between node pairs.22

Evaluating the system’s resilience necessitates assessing both the collapse and recovery23
processes. The initial step in this evaluation involves identifying appropriate metrics for critical24
functionality. In this study, we use the concept of the giant connected component (GCC)— the25
largest interconnected group of nodes within a network —to define Total Functionality (TF) as the26
number of nodes in the GCC when the network is fully operational. For our specific network, TF27
is determined to be 84. Fragmented Functionality (FF) is the number of nodes in the GCC at any28
given time after disruptions have caused the collapse of one or more nodes. The State of Critical29
Functionality (SCF) is a measure used to assess the operational state of a network following a30
disruption. We determine SCF for our network by calculating the ratio SCF = FF/TF, representing31
the proportion of the network’s original connectivity that remains after the disruption (7).32

Potential Impact of Disruption on Freight Transportation33
The amount of tonnage transported via nodes can vary based on the location and size of the trans-34
port node and could be very different from the network topology. To investigate how the disrup-35
tions, as shown in the robustness analysis (Figure 3), in an unweighted and bi-directional network36
impact the total freight transported, we computed the total tonnage transportation capacity when37
the nodes were removed in the same order as in the robustness analysis. This allows us to compare38
the impact of disruption of network topology on total freight transportation. We used the tonnage39
projections for the year 2050 from the FTOT dataset for the impact assessment.40
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RESULTS AND DISCUSSION1
Here we present our results, focusing on the robustness and resilience of the transportation system2
under various disruption scenarios. The analysis is divided into several subsections, each address-3
ing different aspects of system performance. First, we assess the system’s resilience by evaluating4
its response to targeted and random disruptions, examining how they impact network connectivity5
and functionality. We then explore the effects of these disruptions on the freight transport capacity,6
providing insights into how the loss of critical nodes can significantly reduce the system’s ability to7
transport resources. Additionally, we investigate the impact of rising temperatures on the network,8
highlighting the long-term implications of climate change on infrastructure. Finally, we rank the9
nodes with highest centrality measurements within the rail and water networks, identifying the10
most critical points that are pivotal in maintaining overall network resilience.11

Quantifying Increase in Hot Days Over Time12
We computed the number of hot days for the historical period (1991–2020) and two future periods13
(2021–2050 and 2051–2080), as shown in (Figure 2). Compared to 1991–2020, we see a significant14
increase in hot days during 2021–2050 (Figure 2(a)), with Austin, TX, and San Antonio, TX,15
experiencing the largest rise, approximately 1,500 additional hot days. Similarly, from 1991–202016
to 2051— 2080 (Figure 2(b)), Corpus Christi, TX, and Laredo, TX, show the highest increase17
of about 2,850 hot days. The difference between the future and historical periods underscores18
the substantial increase in hot days and heat waves, which could severely impact infrastructure19
functionality over time.20

Robustness and Resilience Analysis21
The resilience of the transportation system is assessed by evaluating its response to various disrup-22
tion scenarios. Using the FTOT dataset, we analyzed the robustness of the rail and water networks,23
focusing primarily on visualizing the loss of critical functionality based on closeness, betweenness24
centrality, degree, climate change, and random disruption, as depicted in Figure 3.25

TF was determined to be 84 nodes for the rail network and 47 for the water network.26
We quantified the robustness of our rail and water networks as they react to random and targeted27
disruptions. Our analysis revealed that the SCF, calculated as the ratio FF/TF, varied significantly28
depending on the type and severity of the disruptions. In scenarios where disruptions caused the29
collapse of several nodes, the SCF was notably reduced, indicating a significant impact on network30
connectivity and functionality. The network’s ability to reroute and maintain operations was crucial31
in mitigating the effects of these disruptions.32

We observe that node removal based on degree and dynamic centrality measures can lead to33
a more rapid network collapse. This is demonstrated by the targeted closeness, targeted between-34
ness, and targeted degree plots, which show a faster decline compared to the random and targeted35
hot days scenarios at 3.36

As shown in Figure 3 (a), we assume that a loss of functionality up to 90% constitutes a37
complete collapse for our rail and water networks. As shown in the figure, for the rail network38
with a total of 84 nodes, complete collapse occurs when we lose 46% of nodes under the targeted39
degree scenario, 52% under targeted betweenness degree removal, 56% under targeted closeness40
degree removal, 84% under targeted hot days removal, and 87% under random removal.41

Similarly, for the water network (see Figure 3(b)), a complete collapse happens with the42
loss of 23% of nodes under targeted degree removal, 32% under targeted betweenness degree43
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Change in Number of Hot Days (2021-50  1991-2020) 

0 500 1000 1500 2000 2500 3000
Change in Number of Hot Days

(a) 2021-2050 − 1991-2020Change in Number of Hot Days (2051-80  1991-2020) 

0 500 1000 1500 2000 2500 3000
Change in Number of Hot Days

(b) 2051-2080 − 1991-2020

FIGURE 2: Change in Hot Days over Time. Top panel (a) shows an increase in number of
hot days from 1991-2020 to 2021-2050. Bottom panel (b) shows an increase in number of hot
days from 1991-2020 to 2051-2080. To allow comparison across time, the range of the color
bar is kept the same.
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(a) Rail Transport Robustness Analysis
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(b) Water Transport Robustness Analysis

FIGURE 3: Robustness Analysis of Rail and Water Freight Transport Network. Plots shows
the robustness analysis of freight network for five scenarios, namely as Targeted (Degree),
Targeted (Closeness), Targeted (Betweenness Centrality), Targeted (Hot Days), and Random.
Top panel (a) shows robustness analysis of unweighted and bidirectional rail freight network.
Bottom panel (b): shows robustness analysis of unweighted and bidirectional water freight
network.
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removal, 40% under targeted closeness degree removal, 79% under targeted hot days removal, and1
87% under random removal of nodes.2

Impact on Freight Transport Capacity3
The impact of disruption on the load-carrying capacity of the network under various disruptions4
are shown in Figure 4. To allow a comparison of the robustness of network topology with the total5
tonnage capacity of the network, the nodes in in Figure 4 are removed in the same order as shown6
in Figure 3. Since the distribution of tonnage varies across nodes, the robustness of total tonnage7
capacity (see Figure 4) could be different from the robustness of unweighted network topology8
(see Figure 3). While the robustness analysis indicated that the potential impact of rising hot days9
on the rail network was minimal (Figure 3(a)), the impact on the total tonnage transported via rail10
is very large (Figure 4(a)). The SCF during “Targeted (Hot Days)” is proportional to the remaining11
nodes of the network (Figure 3(a)), i.e. after removal of 50% or 42% of the nodes, the SCF was12
50%. However, after removal of 50% of nodes under “Targeted (Hot Days)” scenario, reduces13
the rail freight transport capacity to about 30% (Figure 4(a)), highlighting that rising hot days are14
likely going to affect nodes that transport large tonnage through them.15

The impact on rail freight transport carrying capacity (Figure 4(a)) under targeted removal16
of nodes - based on degree, closeness, and betweenness centrality - was higher than the SCF under17
the same scenarios (Figure 3(a)). This highlights that targeted disruption of only 10 and 20 nodes18
can hinder the rail freight transport and reduce it to only about 40% and 20% of total tonnage19
potential. The exception to this pattern was the random removal of nodes, where the impact on20
freight-carrying capacity was less than the SCF.21

Similarly, impact on water freight transport carrying capacity (Figure 4(b)) under targeted22
removal of nodes - based on degree, closeness, betweenness centrality, and hot days - was higher23
than the respective SCF under the same scenarios (Figure 3(b)).24

These results highlight the importance of investigating both the network topology and im-25
pact metrics to measure the holistic impact of climate change or targeted disruptions on the sys-26
tem’s robustness. Removal of only a few critical nodes can drastically reduce the ability of the27
total system to fulfill its objective of transporting resources on time.28

Rising Temperature Impact On Network Topology29
The analysis of temperature data from the CanESM5 revealed a substantial increase in the number30
of hot days over the periods of 2021-2050 and 2051-2080 compared to the historical period of31
1991-2020 (see Figure 2).32

During the 2021-2050 period, cities such as Austin, TX, and San Antonio, TX, experienced33
the highest increase in hot days, with about 1500 additional hot days. In the 2051-2080 period,34
Corpus Christi, TX, and Laredo, TX, saw the maximum increase, with about 2850 additional hot35
days. These increases in hot days are expected to have significant adverse effects on transportation36
infrastructure, including road rutting, rail track deformation, and increased incidences of vehicle37
breakdowns.38

Node, Centrality Measurements and Hot Days39
Table 1 and Table 2 highlight the top 10 nodes in the rail and water networks separately, ranked by40
their centrality measures: degree, betweenness, and closeness. These centrality metrics are crucial41
in identifying the most critical nodes significantly influencing overall network connectivity and42
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(a) Rail Transport analysis
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(b) Water Transport analysis

FIGURE 4: Potential Loss of Load Transport Capacity of Rail and Water Modes. Top panel
(a) shows the impact of removal of nodes from the robustness analysis on the total tonnage ca-
pacity of rail freight network. Bottom panel (b): shows the impact on total tonnage capacity
of water freight network.
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TABLE 1: Top 10 Rail Freight Transport Nodes Removed. Border nodes’ names are combi-
nation of city and state name in FTOT dataset.

Rank Degree Betweenness Closeness Increase in Hot Days
1 Houston Houston Chicago IL San Antonio
2 Chicago IL Chicago IL Los Angeles Austin
3 Iowa Iowa Atlanta Corpus Christi
4 Los Angeles Los Angeles Houston Laredo
5 Baton Rouge Atlanta Cleveland Kansas City MO
6 New Orleans LA New Orleans LA New York NY Omaha NE
7 Atlanta Baton Rouge Philadelphia PA Kansas City KS
8 Wyoming Wyoming Iowa New Mexico
9 Detroit Cleveland San Francisco St. Louis MO
10 Fort Wayne San Francisco Minneapolis-St. Paul MN St. Louis IL

TABLE 2: Top 10 Water Freight Transport Nodes Removed. Border nodes’ names are com-
bination of city and state name in FTOT dataset.

Rank Degree Betweenness Closeness Increase in Hot Days
1 New Orleans LA New Orleans LA New Orleans LA Corpus Christi
2 Baton Rouge Houston Houston Kansas City KS
3 Houston Baton Rouge Baton Rouge Kansas City MO
4 Corpus Christi Corpus Christi St. Louis IL Iowa
5 Beaumont St. Louis IL San Francisco Tulsa
6 Chicago IL Cincinnati KY Los Angeles Houston
7 St. Louis IL Philadelphia DE Chicago IL St. Louis IL
8 Pittsburgh PA Pittsburgh PA Memphis TN St. Louis MO
9 Cincinnati KY Seattle St. Louis MO Memphis TN
10 St. Louis MO Beaumont Cincinnati KY Los Angeles

functionality. In the rail network, Houston, TX, and Chicago, IL-IN-WI (IL Part), emerge as the1
most critical nodes across multiple centrality measures. This indicates that these locations are not2
only heavily connected (degree) but also play crucial roles in facilitating the flow of freight across3
the network (betweenness) and are well-positioned relative to other nodes (closeness). The high4
centrality scores of these nodes suggest that disruptions here could have widespread effects, po-5
tentially leading to substantial declines in network efficiency and resilience. Other notable nodes6
include Iowa and Los Angeles, CA, which rank highly in degree and betweenness, further em-7
phasizing their importance in the rail network. For the water network, New Orleans, LA-MS (LA8
Part), stands out as the most critical node across all three centrality measures, underscoring its piv-9
otal role in maintaining the connectivity and flow of goods in the network. Baton Rouge, LA, and10
Houston, TX, also rank highly, particularly in degree and betweenness, suggesting they are crucial11
hubs for water-based freight transport. The prominence of these nodes indicates that they are es-12
sential for ensuring the robustness and resilience of the water network. The “Increase in Hot Days”13
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column also provides valuable insight into how climate change might affect these critical nodes.1
For instance, San Antonio, TX, and Corpus Christi, TX, are expected to experience significant2
increases in hot days, which could exacerbate the vulnerability of these nodes to disruptions. The3
correlation between high centrality and increased hot days suggests that the most critical nodes in4
the network are also at the most significant risk from climate-related stressors, further complicating5
resilience planning.6

CONCLUSION7
We provide an in-depth examination of the robustness and resilience of rail and water transporta-8
tion networks under different disruption scenarios. By examining the dynamic response of the9
transportation system to different types of disruptions, we conduct a thorough evaluation of the10
robustness and resiliency of the rail and water freight transportation system of the US. Measuring11
robustness is a critical initial step toward improving the system’s resilience. This paper extends12
the robustness analysis by investigating the potential impact of climate change on the network13
topology and the total load capacity of the network.14

It is noteworthy that heat wave disruptions predominantly target cities in Texas, which have15
high connectivity (degree). These cities are also likely to face disruptions under targeted degree16
removal scenarios. Stakeholders and policymakers should recognize that increasing temperatures17
could pose significant challenges to the freight transportation system in certain regions and should18
consider this in future resilience planning. Policymakers can use the methods described in this19
paper to help them with quantifying the impact of disruptions under various scenarios.20

The findings emphasize the importance of identifying critical nodes and analyzing temper-21
ature impacts. To address the growing challenges posed by climate change and extreme weather22
events, stakeholders must prioritize resilience planning and invest in infrastructure adaptations.23
Future research should focus on high-resolution models and multi-threaded analyses to further24
refine resilience strategies and ensure the sustained operational efficiency of transportation net-25
works. Future analysis could use high-resolution earth system models and multi-thread and/or26
multi-processor analysis to use the latest climate data to quantify potential extreme events.27

In future studies, we plan to incorporate the road mode into our model, measuring the re-28
siliency and robustness of road nodes in the same manner as we did for the rail and water networks.29
Additionally, we aim to integrate intermodality in transportation by including road, rail, and wa-30
ter modes within our transportation system to evaluate the benefits and challenges of intermodal31
transportation. Future studies could include other climate extremes and compound extremes that32
are likely to increase over time, such as floods and hurricanes, and have a larger impact on stressed33
systems. Furthermore, we will investigate various recovery strategies to identify the most effective34
methods for restoring normal functionality following disruptive events. This will help us develop35
comprehensive resilience plans that ensure the transportation system can quickly recover and main-36
tain operational stability.37
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