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Abstract

Resilient intermodal freight networks are vital for sustaining supply chains amid increasing threats from natural hazards and
cyberattacks. Transportation resilience has been widely studied; understanding how random and targeted disruptions affect
structural connectivity and functional performance remains a key challenge. To address this, this study evaluates the robust-
ness of the US intermodal freight network, which consists of rail and water modes, using a simulation-based framework that
integrates graph-theoretic metrics with flow-weighted centrality measures. Disruption scenarios are examined, including ran-
dom failures as well as targeted node and edge removals based on static and dynamically updated degree and betweenness
centrality. To reflect more realistic conditions, flow-weighted degree centralities (WDC) and partial node degradation are
considered. Two resilience indicators are used: (1) the size of the giant connected component to measure structural connec-
tivity; and (2) flow-weighted network efficiency (NE) to assess freight mobility under disruption. The results show that pro-
gressively degrading nodes ranked by WDC to 60% of their original functionality causes a sharper decline in normalized NE,
for up to approximately 45 affected nodes, than complete failure (100% loss of functionality) applied to nodes targeted by
weighted betweenness centrality or selected at random. This highlights how partial degradation of high-tonnage hubs can
produce disproportionately large functional losses. The findings emphasize the need for resilience strategies that go beyond
network topology to incorporate freight flow dynamics.
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Introduction intermodal logistics across the US and internationally,
driven by public policy and private sector initiatives (4).
However, the growing reliance on intermodal infra-
structure also introduces heightened complexity and vul-
nerability. The interdependencies between distinct modal
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subsystems, such as inland waterways, rail lines, and
highway connectors, can amplify the effect of localized
disruptions, triggering cascading failures across the
broader freight network (5). Disruptions stemming from
extreme weather events, cyberattacks, infrastructure
aging, or targeted attacks can significantly degrade sys-
tem performance (6—9). Therefore, the resilience of inter-
modal networks, defined as their ability to absorb
shocks, maintain functionality, and recover swiftly,
becomes a critical attribute for sustaining economic sta-
bility and supply chain continuity.

Despite sustained attention to transportation resili-
ence (/0—12), critical gaps remain in understanding how
intermodal freight networks, particularly in the US,
respond to disruptions targeting high-effect nodes or
edges, where nodes correspond to system components,
such as terminals, ports, or intersections, and edges rep-
resent the physical or operational links (e.g., rail lines,
waterways, or transfer connections) that enable move-
ment between nodes. Existing robustness assessments
often overlook the interplay between network topology
(13), freight flows, and modal interdependencies, as well
as the more common scenario of partial degradation
rather than complete failure. To address these gaps, this
study applies a network science framework to evaluate
the structural and functional resilience of the US inter-
modal freight transportation system, focusing on rail
and inland waterway components. An intermodal net-
work is constructed using real infrastructure data and
2025 freight demand projections (/4, 15), integrating
topological structure and tonnage flow attributes.

Resilience is assessed using an iterative, scenario-
based network simulation that evaluates system perfor-
mance under progressive disruption. The approach simu-
lates disruption scenarios where nodes are degraded or
removed according to predefined strategies. Two pri-
mary disruption types are considered: (1) random fail-
ures, representing natural hazards (e.g., earthquakes) or
unforeseen breakdowns; and (2) targeted attacks on
structurally or functionally critical nodes, characterized
by high traffic flow, high connectivity, or high centrality,
and whose failure has a disproportionately large effect
on the functionality of the overall network. Unlike tradi-
tional models that assume complete node removal or
failure, this framework also accounts for partial node
failures, offering a more realistic view of operational resi-
lience. The analysis in this study proceeds in three stages:

1. Structural characterization: Identifying topologi-
cal features such as degree distribution and spa-
tial clusters of critical nodes to evaluate network
redundancy.

2. Disruption simulation: Modeling the effect of both
random and targeted node and edge removals on

structural

capacity.
3. Dynamic degradation modeling: Examining how

partial failures affect performance in efficiency.

connectivity and freight-handling

The objectives of this study are as follows: (1) to inves-
tigate the structural characteristics of the US intermodal
freight transportation network; and (2) to evaluate struc-
tural robustness and functional resilience under a range
of disruption scenarios, including full and partial failures.
More broadly, this study attempts to develop a scalable
methodology for evaluating intermodal resilience and to
generate actionable insights for infrastructure planners
and policymakers. By identifying critical nodes and mod-
eling flow disruption, this study contributes to evidence-
based strategies to enhance the robustness, adaptability,
and operational continuity of freight networks.

Literature Review

The concept of resilience in transportation systems has
evolved significantly beyond traditional reliability
metrics, now encompassing the ability of infrastructure
networks to absorb disruptions, maintain critical func-
tions, and recover from adverse events (/6). This
expanded notion of resilience is particularly relevant in
intermodal freight systems, which are increasingly com-
plex, spatially distributed, and interdependent across
multiple transport modes ().

Network science provides a robust analytical frame-
work for studying these systems, allowing researchers to
represent transportation infrastructures as graphs.
Within this graph-theoretic paradigm, centrality mea-
sures quantify the relative importance of nodes or edges
based on their position and role within the network,
reflecting how traffic, connectivity, or information flows
through the system. Several studies have used topologi-
cal measures, such as degree, betweenness, and closeness
centrality, to identify vulnerable nodes and assess sys-
temic robustness (/7—19). These metrics reveal how con-
nectivity patterns shape network vulnerability and
redundancy, enabling the detection of high-effect ele-
ments. In resilience, extensive literature explores the
effect of attacks on nodes with high centrality (20-25).

The foundational work by Albert et al. (/9) intro-
duced the concept of error and attack tolerance in com-
plex networks, showing that while scale-free networks are
resilient to random failures, they are highly susceptible to
targeted attacks on high-degree or high-betweenness
nodes. This dual vulnerability framework has been
widely applied to transportation studies and remains cen-
tral to the analysis of network robustness under disrup-
tion. Extending this idea, Holme et al. (/8) and Bellingeri
et al. (26) emphasized the nonlinear effects of sequential
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node removals, demonstrating that the order and correla-
tion of attacks significantly influence the speed and
extent of fragmentation in synthetic and real-world
networks.

Disruption modeling in the literature is commonly
categorized into random failure simulations and targeted
attack scenarios (21, 27). Random disruptions emulate
stochastic breakdowns or natural hazards; targeted
removals prioritize elements based on static or adaptive
centrality measures. The latter approach has been widely
adopted because of its effectiveness in identifying critical
nodes whose failure can precipitate rapid connectivity
loss. Recalculated centrality strategies further enhance
this approach by dynamically updating node importance
after each removal, offering more realistic assessments of
evolving vulnerability.

Beyond traditional models assuming complete node
removals, researchers have investigated the vulnerability
of weighted networks, where link weights may represent
flow volume, distance, or capacity. Dall’Asta et al. (28)
analyzed how the distribution of weights across links
affects network breakdown, concluding that high-weight
edges are critical conduits for maintaining global effi-
ciency. Their findings are especially pertinent for freight
networks, where tonnage and route capacity vary sub-
stantially across corridors. Similarly, Wang et al. (29)
applied centrality-based vulnerability analysis to China’s
air transport network, integrating topological and flow-
based metrics to identify functionally essential hubs. In
an urban context, Akbarzadeh et al. (30) demonstrated
that travel demand, as a weight representing flow inten-
sity, significantly influences the connectivity and resili-
ence of street networks, with high-demand links being
critical for maintaining system performance under
disruptions.

Multimodal systems add another layer of complexity
because of their inherent interdependencies. Miller-
Hooks et al. (37) and Mattsson and Jenelius (7) high-
lighted that disruptions in one layer (e.g., rail) can pro-
pagate through modal transfer points and amplify
performance loss. This theoretical insight is supported by
empirical evidence; for instance, Aparicio et al. (27)
assessed robustness in Lisbon’s multimodal system,
demonstrating that modal integration improves reach-
ability and increases exposure to cascading disruptions.
In a more recent study (32), a topology-based framework
was proposed to assess vulnerability to cascading failures
in multimodal freight networks under limited data avail-
ability. This approach relies on network topology and
functional attributes, using weighted betweenness cen-
trality (WBC) as a proxy for infrastructure load and
interdependencies, and it is demonstrated through a
regional case study of the Houston, Texas multimodal
freight network.

These studies have advanced the understanding of
multimodal vulnerability and robustness, important gaps
remain in flow-explicit, national-scale resilience analysis
of real-world intermodal freight networks, particularly in
the US. Existing studies primarily emphasize vulnerabil-
ity and cascading failures at regional scales using topolo-
gical proxies, rather than directly modeling freight
demand and functional performance degradation under
disruption.

To address these limitations, this study evaluates the
structural and functional resilience of the US intermodal
freight transportation system by integrating network
topology with tonnage-based flow attributes derived
from 2025 freight demand projections. Focusing on rail
and inland waterway networks at the national scale, the
proposed framework enables the direct assessment of dis-
ruption effects on freight flows and system-level perfor-
mance under partial and full degradation scenarios. The
contribution of this study lies in systematically combin-
ing flow-weighted metrics and progressive degradation
modeling within a unified intermodal framework that
explicitly captures tonnage-based demand, modal inter-
dependencies, and partial degradation effects, providing
actionable insights for resilience planning in US rail and
inland waterway freight systems.

Research Methodology

Data Collection and Processing

The intermodal freight network is modeled as an origin—
destination (OD) system that consists of US rail and water
infrastructure. Railway nodes are selected from Norfolk
Southern and Union Pacific intermodal terminals, with 55
locations identified by their geographic coordinates, while
waterway nodes include 47 major inland and coastal
ports, chosen based on waterborne tonnage data from the
US Army Corps of Engineers and the Freight Analysis
Framework (FAF) (14). All edges, including rail and
water connections, are constructed using the Freight and
Fuel Transportation Optimization Tool (/5), which gener-
ates feasible transportation links based on existing infra-
structure topology, geographic connectivity, and mode
compatibility. Rail edges follow established rail corridors
associated with the Norfolk Southern and Union Pacific
networks, while waterway edges are defined along navig-
able inland rivers and coastal shipping routes. This net-
work captures the backbone infrastructure that carries the
majority of US intermodal freight flow, making it appro-
priate for analyzing system-level resilience and identifying
critical chokepoints. Freight demand is extracted from the
FAF using 113 US cities and states as OD pairs and
includes projected tonnages for 2025. Because the FAF
demand projections primarily reflect truck-based flows, a
proportional scaling approach is applied to estimate
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equivalent rail and water freight volumes. Based on the
2017 national modal share statistics, roads account for
approximately 82% of total freight tonnage, while rail
and water represent 12% and 6%, respectively (33). These
shares, derived from total freight volumes of 11.5 million
(truck), 1.74 million (rail), and 0.77 million (water) mea-
sured in thousands of tons, are used to scale each OD
flow using adjustment factors of 0.124 for rail and 0.055
for water.

Of note, the use of uniform national modal share fac-
tors does not aim to reproduce corridor- or commodity-
specific modal splits, which are known to vary substan-
tially across geography and freight type. Instead, this
proportional scaling serves as a controlled approxima-
tion to generate a demand-weighted network for large-
scale resilience analysis, where the primary interest lies in
relative performance degradation and robustness rank-
ings under disruption rather than precise mode choice
estimation. By preserving the spatial distribution and
relative magnitudes of the FAF demand, this approach
ensures that high-volume corridors and hubs remain
dominant in the analysis, enabling consistent comparison
between network behavior across disruption scenarios.
Similar simplifying assumptions are commonly adopted
in system-level resilience and vulnerability studies when
detailed mode-specific OD data are unavailable (7, 32).
Other modes, such as pipeline, air, and multiple-mode
shipments, were excluded from the normalization to
ensure comparability across surface-based freight modes
and to reflect realistic modal substitution patterns within
the intermodal network scope. This approach preserves
the spatial structure of demand while providing a practi-
cal approximation of nonroad flows in the absence of
detailed mode-specific OD data, assuming uniform
modal substitution across OD pairs. For OD pairs with
missing demand data, a geospatial fallback mechanism
was implemented to identify the nearest intermodal hub
with known demand using Euclidean distance. If no
direct match was available, the search was extended to
the second-nearest hub or a cross-state alternative within
the same region. This approach enabled partial recovery
of otherwise missing demand values and improved the
completeness of the OD matrix for simulation.

Method

This study investigates the structural characteristics and
resilience of the US intermodal freight network using a
combination of graph-theoretic and flow-based
approaches. The analysis is divided into three core com-
ponents: (1) structural characterization and network
topology analysis; (2) simulation of node and edge fail-
ure scenarios to assess structural robustness; and (3)

evaluation of functional resilience using flow-weighted
centrality metrics and partial degradation.

Structural Characterization and Network Topology. First, the
network’s topology was analyzed using degree-based
metrics. The degree of a node i, denoted £;, is defined as
the number of links connected to it. This measure helps
characterize the underlying connectivity pattern and iden-
tify hub structures. A mode-aware version of this analysis
further disaggregates degree by transport type (rail and
waterway), highlighting modal heterogeneity. The cumu-
lative degree distribution (CDD) P(K =k) is then calcu-
lated to represent the probability that a randomly selected
node has a degree greater than or equal to k. This pro-
vides a smoothed perspective on node connectivity, par-
ticularly useful for identifying highly connected hubs.

Structural Robustness Under Disruption Scenarios. To evaluate
network robustness, node and edge removals under five
strategies were simulated: (1) random; (2) initial degree-
based (ID); (3) initial betweenness-based (IB); (4) their
adaptive counterparts, recalculated degree (RD); and (5)
recalculated betweenness (RB). For the random strategy,
a random node order is generated (using a fixed seed for
reproducibility), whereas the targeted strategies use deter-
ministic centrality rankings.

The intermodal freight network is represented as a
graph G = (V,E), where V is the set of nodes (e.g., rail
stations, ports, and terminals), and E is the set of edges
representing direct transport links between nodes. In the
ID strategy, nodes are removed in descending order of
their initial degree centrality. For each node i€V, the
degree centrality k; (34) is defined in Equation 1 as,

ki = ZieVaij (1)

where a; = 1 if there is an edge between nodes i and j,
and zero otherwise.

For IB removal, nodes are removed based on their
betweenness centrality (34), defined in Equation 2 as,

o(s, t]i)

CB(i) - Zs;ét;éieV (r(s, t) (2)

where o(s, ) represents the number of shortest paths
between nodes s and ¢, and o (s, 7]i) represents the num-
ber of those paths that pass through node i. The RD and
RB strategies recalculate the respective centrality mea-
sures after each removal, better representing dynamic
attack scenarios (/8). These strategies are extended to
edge removals to reflect infrastructure vulnerabilities
such as bridge or tunnel failures.
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Functional Resilience Using Flow-Based Centralities. To assess
the functional resilience of the intermodal freight net-
work, demand flow data is incorporated into the central-
ity measures. Two key flow-weighted centrality metrics
are used: (1) WDC; and (2) WBC (35).

The WDC quantifies the total volume of inbound and
outbound tonnage at a node, capturing its local impor-
tance as a freight hub. For a given node i€V, let
Nin(i) = {jeV : (j,i)€E} denote the set of nodes with
edges directed into i, and Now(i) = {j€V : (i,j)€E}
denote the set of nodes with edges directed out of i.
WDC is defined in Equation 3 as,

WD(i) = ZJGN.,, o Ot ZjeNom o O (3)

where 0); represents the inbound freight tonnage from
node j to 7, and 8;; represents the outbound tonnage from
i to node j. This metric reflects the volume of freight a
node processes, regardless of its network position.

To capture the role of a node in facilitating freight
movement across the network, the WBC is used. This
metric extends the traditional betweenness centrality by
incorporating demand weights and is expressed in
Equation 4 as,

. 1 O-St(i)
WB(i) = ——— =02 4
(l) Zs,teV Wy Zs,tEV Oy ! ( )

where oy represents the number of shortest paths
between nodes s and ¢, o(i) represents the number of
those paths that pass through node i, and W, represents
the freight demand (ton) between s and ¢. The expression
is normalized by the total flow ) ., W, ensuring com-
parability across different network sizes and traffic inten-
sities. Under the WDC and WBC removal strategies,
nodes are eliminated in descending order of their central-
ity values.

In addition to complete node removals, partial failures
were considered, which reflect more realistic forms of
infrastructure degradation. Instead of assuming binary
functionality (fully operational or entirely disabled),
reduced capacity was simulated at critical nodes. This
allows us to model disruptions, such as labor slowdowns,
congestion, or partial shutdown scenarios in which the
infrastructure continues to operate but at a diminished
level of service. Under partial failure scenarios, affected
nodes retain their network connections, but the effective
freight throughput on their incident links is proportionally
reduced, enabling the analysis to capture graded perfor-
mance loss rather than abrupt topological disconnection.

Partial degradation is simulated by scaling the freight
flow (tonnage) associated with all edges incident to a
degraded node. For a node operating at a reduced func-
tionality level a€ {0.7,0.4,0.0}, the tonnage carried by
each incoming and outgoing edge connected to that node

is multiplied by «. The same scaling is applied to the cor-
responding OD demand contributions that traverse these
edges. This approach captures reduced processing or
transfer capacity at the node without removing its physi-
cal connections. Degradation is applied sequentially to
selected nodes according to the specified disruption strat-
egy. The network topology and edge travel costs remain
unchanged, and shortest paths are recomputed on the
original distance-weighted network at each simulation
step.

Resilience Metrics. Network resilience is evaluated using
two primary metrics: (1) one that captures structural resi-
lience; and (2) another that evaluates functional resilience
under complete and partial degradation. For structural
resilience, the giant connected component (GCC) that is
monitored as nodes or edges is progressively removed.
The GCC is defined as the largest subset of nodes in
which a path connects every pair of nodes; the largest
maximally connected component (36). It captures the
core structure of the network that remains functionally
cohesive under disruption. Let f denote the fraction of
removed elements, and let GCCy represent the size of the
largest connected component after the removal of frac-
tion f. The resilience curve is computed in Equation 5 as,

GCC,
— ’ |V|f‘ (5)

S(f)

where |V| represents the total number of nodes in the
original network. This normalized measure allows track-
ing how connectivity deteriorates as failures accumulate.

Structural resilience captures the preservation of con-
nectivity under disruptions, and functional resilience
reflects the system’s ability to maintain performance. To
measure functional resilience, the flow-weighted network
efficiency (NE) metric is used (37), which evaluates how
effectively freight demand can be transported across the
network given its current topology and link distances.
This measure quantifies the system’s demand-weighted
functional efficiency, accounting for the volume of
demand and the cost of movement between OD pairs. It
is formally defined in Equation 6 as,

1 Wi
NE\eighted = quelf i) d—UJ (6)
where wy; represents freight demand (ton) between nodes
i and j, and d; represents the shortest-path distance
between them computed on the weighted network. In this
study, the edge weight used to compute dj; corresponds
to the physical link distance (mi) assigned to each rail or
waterway connection. The expression is normalized by
the total number of node pairs |V|(|V]| — 1), ensuring
comparability across networks of varying sizes and
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Figure I. Undirected US intermodal freight network illustrating spatial connectivity by mode. Orange denotes rail-only infrastructure,
blue indicates water-only, and green represents dual-mode nodes and edges that support rail and water transport.

enabling direct assessment of how disruptions degrade
the network’s ability to efficiently move freight. Higher
NE values indicate that large demand flows are being
served via short, efficient routes, while lower values
reflect either demand being transported over longer paths
or the complete loss of connectivity for some OD pairs,
which make no contribution to the summation. Under
this formulation, the NE represents a demand-weighted
measure of mobility efficiency, reflecting how easily
freight can be moved across the network as disruptions
alter connectivity or increase effective travel distances.
Therefore, reductions in the NE indicate a loss of func-
tional performance because of longer routing paths or
disconnected OD pairs, rather than reductions in physi-
cal capacity or throughput.

Results

Structural Characteristics of the Network

The GCC of the undirected intermodal freight network
analyzed in this study (Figure 1) consists of 78 nodes and
179 edges. The fully constructed intermodal network
contains 102 nodes (55 rail terminals and 47 ports), of
which the GCC represents the largest connected compo-
nent. The remaining 24 nodes exist as isolated facilities
or small disconnected components and are excluded from

the resilience analysis. Within this component, the rail
subnetwork contains 55 nodes and 125 edges, while the
waterway subnetwork consists of 47 nodes and 64 edges.
Figure 1 shows single-mode and dual-mode nodes and
edges. A total of 14 nodes are connected by dual-mode
edges. These nodes represent the key intermodal transfer
points where freight can switch between rail and water
modes. These 14 dual-mode nodes are not an additional
set, but rather a subset of the 78 GCC nodes that are
intermodal transfer points with connections to both rail
and waterway edges.

To evaluate the overall connectivity of the network, the
degree distribution of the GCC was analyzed. Figure 2a
shows the distribution of node degrees, representing the
number of direct connections each node has. Figure 2b
shows the CDD, which provides a more integrated view of
the network’s connectivity and helps identify the presence
of hub nodes. The average degree of the combined inter-
modal GCC is 4.59. This value is comparable with that of
other large-scale infrastructure networks, such as the
World Wide Web, which has an average degree of approxi-
mately 4.60 (38). When examining each transport mode
separately, the rail subnetwork shows a similar average
degree of 4.55, and the waterway subnetwork has a notably
lower average degree of 2.72. This lower connectivity
among water-only nodes is expected, given the geographic
constraints of water-based infrastructure. Waterway routes
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Figure 2. Degree distribution of the intermodel modal transportation network consisting of rail and water modes: (a) degree
distribution of the giant connected component (GCC); and (b) cumulative degree distribution of the GCC.

are often confined to coastlines and river systems, and
many water-only nodes are feeder ports or local terminals
rather than regional hubs.

The CDD (Figure 2b) further highlights structural
characteristics of the network. While the network is mod-
erately connected overall, node degree values decline
sharply beyond a degree of five. About 35 nodes, approx-
imately 45% of the 78 nodes in the GCC, have a degree
greater than five, forming a small core that probably sup-
ports intermodal connectivity. Most nodes have four or
more connections, suggesting a degree of robustness to
random failures, where isolated disruptions are unlikely
to fragment the network. However, the distribution also
reveals potential vulnerability to targeted attacks. Only
four nodes have degrees of 10 or higher, and two exceed
12, indicating that a small set of super hubs plays a dis-
proportionately critical role. Removing one of these
nodes could significantly disrupt overall connectivity.
Redundancy appears moderate, with 24 nodes having six
or more connections, which could allow rerouting and
mitigate some risks. The spatial distribution of these
high-degree nodes is particularly important when evalu-
ating the network’s robustness. A concentrated cluster of
critical nodes could amplify the effect of regional disrup-
tions; however, dispersion increases the likelihood of
maintaining alternative pathways. As shown in Figure 3,
these nodes are not spatially clustered but rather spread
across different geographic regions. This dispersion may
enhance the network’s ability to absorb localized disrup-
tions and maintain operational continuity by enabling
flexible rerouting.

Structural Resilience of the Network

To assess the structural resilience of the intermodal
freight network, five disruption strategies were applied
under the node and edge removal scenarios. The effects
were evaluated by tracking changes in the GCC size and
the number of isolated components. Among all
approaches, the RB was the most effective strategy for
disrupting network connectivity. As shown in Figure 4a,
removing just five nodes or edges under the RB strategy
reduces the GCC size to nearly half of its original value.
This strategy continues to identify and remove structu-
rally critical elements throughout the process, making it
the most aggressive strategy for fragmenting the
network.

For node removal (Figure 4a), the ID strategy causes
greater early fragmentation, with a noticeable effect
around 15 node removals. However, the RD becomes
more disruptive, as it continuously adapts to the evolving
network and targets newly critical nodes, leading to
greater fragmentation over time. For edge removal
(Figure 4b), the two strategies diverge in behavior. The
RD maintains a nearly intact GCC until about 60 edge
removals, after which it triggers a sharp decline. In con-
trast, the ID begins fragmenting the network earlier,
around 20 edge removals, but follows a slower and more
gradual decline. Although the ID initially reduces the
GCC more effectively, it is eventually surpassed by RD.
This pattern suggests that static centrality measures are
more effective in the early stages, while adaptive strate-
gies become increasingly disruptive as the network struc-
ture changes. Static rankings primarily identify the most
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Figure 4. Evolution of the giant connected component (GCC) size under different disruption scenarios: (a) node removals; and (b) edge

removals.

important hubs in the intact network; however, adaptive
strategies continuously update node importance to cap-
ture newly emergent bottlenecks as connectivity and
flows are redistributed following successive failures.

The analysis of isolated components offers additional
insight into network fragmentation. An isolated compo-
nent forms when a node loses all its edges. Figure 5, a
and b, shows the evolution of isolated components for

node and edge removal, respectively. All strategies,
except for RD, cause a steady increase in isolated nodes,
reflecting the ongoing fragmentation. The RD stands out
for its sharp tipping point because it requires approxi-
mately 48 node removals (Figure 5a) to fully fragment
the network into isolated components. This makes it the
most efficient strategy for total network disconnection
via node removal. In contrast, the other four strategies
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Figure 5. Evolution of isolated components under different disruption scenarios: (a) node removals; and (b) edge removals.

increase isolation more gradually, suggesting a different
pattern of failure with slower full fragmentation. For
edge removal, the RD and RB strategies exhibit minimal
effect until approximately 80 edges are removed (Figure
5b). This delayed response suggests that these dynami-
cally updated strategies initially fail to target structurally
critical edges, probably because recalculated metrics in
the early stages prioritize peripheral or redundant links.
However, beyond this threshold, both strategies trigger a
rapid fragmentation of the network, indicating a delayed
but abrupt structural breakdown once key connectors
are eventually exposed. In contrast, the ID and IB strate-
gies are far more effective from the outset. By targeting
edges based on their original centrality values, they
immediately disrupt critical shortest-path corridors and
initiate progressive network disintegration. Of note, these
initial strategies continue to outperform both recalcu-
lated variants throughout the edge removal process.
While the ID is more effective in the early stages, the IB
overtakes it after approximately 130 edge removals and
remains the most effective strategy.

In previous robustness analyses (Figures 4 and 95),
edge weights, defined as physical distances between
nodes, were incorporated into centrality calculations to
reflect real-world freight dynamics, where longer links
imply higher transport costs or travel time. To evaluate
whether incorporating distance-based weights improves
the identification of critical nodes, weighted and
unweighted versions of degree- and betweenness-based
node removal are compared, as shown in Figure 6, a and
b. For degree centrality, the unweighted measure simply
counts the number of directly connected edges, while the
weighted variant sums the total distance of those links,

effectively capturing the spatial strength of a node’s con-
nectivity. For betweenness, the difference is even more
pronounced: without weights, shortest paths are based
on hop count alone; however, the weighted version iden-
tifies paths with the lowest cumulative distance, offering
a more realistic view of transit-critical nodes. The results
show that unweighted strategies reduce the size of the
GCC more rapidly than their weighted counterparts.
This indicates that purely topological centrality, which
emphasizes structural connectivity rather than physical
distance, is more effective in identifying critical nodes
whose removal fragments the network. However,
distance-weighted measures prioritize cost-efficient short-
est paths that are less central to maintaining connectivity.

Another key comparative insight is that node
removals are significantly more damaging than edge
removals. Achieving a similar reduction in the GCC size
or an increase in isolated components requires far more
edge removals. This pattern is evident in real-world
freight disruptions: prolonged closures of major ports
because of labor strikes, equipment failures, or opera-
tional shutdowns (node disruptions) typically generate
more severe and widespread supply chain effects than
temporary bridge closures or track maintenance shut-
downs (edge disruptions), even when multiple links are
affected simultaneously (7). This is expected because
removing a node also eliminates all its incident edges;
however, edge removal affects only part of a node’s con-
nectivity. In addition, node removals are more likely to
sever structural backbones, while edge removals often
leave alternative routes intact because of network redun-
dancy. Even when critical edges are removed, many des-
tinations remain reachable via longer paths, making
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Figure 6. Effect of weighted versus unweighted strategies on giant connected component (GCC) size under targeted node removal: (a)

initial degree (ID)-based; and (b) initial betweenness (IB)-based.

edge-based disruptions less immediately effective unless
they occur as part of broader regional or coordinated
failures.

Functional Resilience of the Network

To assess the system’s functional resilience, demand-
weighted flow data are integrated into two flow-sensitive
centrality measures: (1) WDC; and (2) WBC. These
metrics capture a node’s importance in facilitating flow
across the network. Figure 7 shows the degradation (fail-
ure phase) of the normalized weighted NE under differ-
ent node removal strategies. During the failure phase,
WDC-based attacks cause the most rapid decline in the
NE, implying that nodes with high cumulative freight
volumes play an outsized role in maintaining efficient
system-wide flow. Their removal directly eliminates large
portions of traffic, regardless of whether these nodes
serve as connectors between other regions. In contrast,
WBC-based failures, while still targeted, result in a more
gradual degradation curve. Of interest, the WDC and
random failure curves intersect multiple times, indicating
alternating dominance in their effect. The intersections
occur because random failures can occasionally remove
high-throughput or flow-critical nodes earlier than their
position in the weighted degree (WD) ranking, while dif-
ferences in freight volumes among mid-ranked WD
nodes are relatively small, causing stage-dependent rever-
sals in relative effect that depend on which OD flows are
disrupted. For example, WDC-based attacks are more
damaging at 10 and 30 node removals, while random
failures result in greater NE loss at 20 and 40 removed
nodes. Beyond roughly 42 removals, WDC becomes

consistently more destructive. These fluctuations suggest
that although random failures occasionally strike high-
effect nodes by chance, only WDC-based targeting con-
sistently accelerates functional degradation by prioritiz-
ing nodes with the highest cumulative freight load.

Partial Node Disruptions

In contrast to complete node removals, real-world dis-
ruptions often result in partial loss of functionality, such
as degraded performance, congestion, or intermittent
failures. Figure 8 shows the intermodal network’s
response to progressive node degradation at three levels
(100% for complete failure, 60%, and 30%), under three
disruption strategies: (1) random; (2) WD; and weighted
betweenness. Functional performance is measured using
normalized NE. The results show a relationship between
degradation intensity, targeting strategy, and system-
wide performance. Greater degradation leads to a steeper
NE decline, but even partial failures significantly affect
functionality. Under 60% and 30% degradation, the NE
falls below 20% and 60%, respectively. However, the
network retains relatively high performance, with the
NE remaining above 80% when 30 nodes are degraded
at the 30% failure level, particularly under random fail-
ures, indicating resilience to nontargeted disruptions.

A notable finding is that 60% degradation of the WD
nodes causes a sharper NE decline, up to approximately
45 nodes, than the 100% failure of WB or random
nodes. This outcome is driven by structural differences in
how centrality metrics identify critical nodes. High-WD
nodes are structurally characterized by their high connec-
tivity to freight-demand-intensive links, resulting in a
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Figure 8. Effect of partial node functionality on normalized network efficiency under different disruption strategies.

strong concentration of total network flow. Therefore,
partial degradation directly scales down the largest
demand-weighted contributions to the NE. Because the
NE is computed as a demand-weighted sum normalized
by shortest-path distance, reducing flows at these nodes
produces an immediate and disproportionate decline,
although network topology and path distances remain
unchanged. In contrast, high-WB nodes are identified by

their position along shortest paths rather than by the
magnitude of freight they handle; therefore, their
removal initially affects fewer high-tonnage OD pairs.
To further illustrate this structural distinction, Table 1
compares the top-ranked nodes under WDC-based par-
tial degradation and WBC-based full removal. The lim-
ited overlap between the two rankings highlights that
flow-weighted and path-based centrality metrics identify
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Table I. Comparison of Top-Ranked Nodes Under Partial Degradation: Remaining Network Flow Capacity Under Weighted Degree
Centralities (WDC) (60% Degradation) and Weighted Betweenness Centrality (WBC) (100% Degradation)

WDC (60% degradation)

WABC (100% degradation)

Rank Node identity Remaining network capacity (ton) Node identity Remaining network capacity (ton)
I 105 198,464.32 151 213,499.84
2 230 187,900.32 154 208,067.95
3 204 174,745.72 148 204,108.29
4 24| 161,958.11 149 204,108.29
5 205 157,085.66 204 183,685.87
6 217 149,194.15 241 166,678.62
7 140 140,965.30 201 166,215.43
8 138 135,574.49 205 163,513.28
9 137 131,597.52 208 162,249.34
10 212 123,785.83 133 150,367.02

fundamentally different critical structures within the
same network, reinforcing the importance of metric
choice in resilience analysis. The WD-based disruptions
are consistently the most damaging across all failure lev-
els, with the NE dropping below 35% after just 20
degraded nodes at 60% functionality. However, their
effect plateaus after approximately 50 degraded nodes,
indicating that WD-based targeting rapidly degrades the
limited subset of nodes that concentrate the majority of
freight demand, after which further degradations predo-
minantly affect nodes with substantially smaller demand-
weighted contributions to the NE. In contrast, the WB-
based degradation produces a more gradual but sus-
tained decline in the NE, reflecting the more dispersed
structural nature of betweenness centrality, in which
many nodes contribute incrementally to the shortest-
path structure rather than dominating freight demand;
therefore, successive removals progressively reduce NE
through cumulative structural effects. An additional
insight arises from the intertwined NE trajectories of
WB and random disruptions. Multiple crossover points
indicate that neither strategy is consistently more dama-
ging. Their relative effect depends on the number and
identity of affected nodes, as well as the specific OD
flows they support. These overlapping and intersecting
trajectories illustrate the heterogeneous importance of
nodes within each disruption strategy and highlight the
nonlinear, context-dependent nature of functional resili-
ence in intermodal freight networks.

The findings underscore the nonlinear relationship
between node degradation and system-wide perfor-
mance, where even moderate efficiency losses at key
flow-critical nodes can trigger cascading disruptions.
From a resilience planning perspective, these findings
reinforce the need to strengthen or partially protect flow-
critical nodes, particularly those with high flow-WDC.
Prioritizing these nodes can significantly slow the rate of

functional decline, especially in scenarios such as labor
disruptions, cyberattacks, or equipment failures, where
complete node loss is unlikely but partial degradation is
common.

Limitations

This study has several limitations. The freight demand is
based on the FAF projections with national modal scaling;
the efficiency metric does not capture capacity constraints,
congestion, or recovery dynamics, and disruptions are
modeled deterministically. Future research could address
these limitations by incorporating capacity-aware routing,
stochastic failures, and recovery dynamics.

Conclusion

This study evaluated the resilience of the US intermodal
freight transportation network using a combination of
structural and flow-based analyses. The results show that
the network is highly robust to random failures but vul-
nerable to targeted disruptions, particularly those based
on RB centrality. Node removals had a more severe effect
than edge removals, underscoring the critical role of inter-
modal hubs. Flow-weighted metrics revealed that even
partial degradation of high-volume nodes can signifi-
cantly reduce system efficiency. When such flow-critical
nodes are disrupted, freight is often rerouted through lon-
ger or less efficient routes and alternative modes, which
can increase fuel consumption and associated emissions,
directly supporting the Resiliency and Emission Control
Through Optimizing Intermodal Logistics (RECOIL)
objective of quantifying disruption-induced inefficiencies.
From a practical perspective, the results indicate that resi-
lience planning should extend beyond structural connec-
tivity to account for freight flow concentration and
partial disruptions. In addition, widespread or prolonged
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failures at critical hubs may propagate beyond the trans-
portation network, potentially affecting regional supply
chains and local economic activity. The proposed frame-
work enables planners and operators to stress test inter-
modal networks, identify flow-critical hubs, and prioritize
mitigation strategies under realistic degradation scenarios.
The findings highlight the importance of identifying struc-
turally and functionally critical nodes to guide infrastruc-
ture protection planning. The proposed framework offers
a practical tool for enhancing freight system resilience
against diverse and evolving threats.
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