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Abstract: Container shipping networks are vulnerable to cascading failures due to seaport
disruptions, underscoring the need for resilient multimodal transport systems. This study
proposes a cascading failure model for the seaport—dry-port network in container transport,
incorporating a multi-stage load redistribution strategy (CM-SDNCT-MLRS) to enhance
network resilience. Extending the Motter—Lai framework, the model introduces multiple
port state transitions and accounts for uncertainties in load redistribution, tailoring it
to the cascading failure dynamics of SDNCT. Using empirical data from China’s coastal
port system, the proposed MLRS dynamically reallocates loads through dry-port buffering,
neighboring seaport sharing, and port skipping. This strategy effectively contains cascading
failures, mitigates network efficiency losses, and protects major seaports while reducing
mutual disruptions. Resilience analysis demonstrates that the network exhibits scale-free
properties, with its resilience being highly sensitive to random port failures and critical
port vulnerabilities. The experimental results highlight the pivotal role of dry ports, where
operational numbers influence resilience more significantly than capacity. In addition, the
study identifies the optimal port-skipping probability that mitigates cascading disruptions.
These findings provide valuable insights for port management and logistics planning,
contributing to the development of more resilient container transport networks.

Keywords: seaport-dry-port network; container transport; cascade failure; resilience
analysis; Motter-Lai model

1. Introduction

Container transport is the logistical artery of international shipping as about 55% of
global trade is carried by container ships and transited through ports [1]. The complex-
ity of contemporary freight logistics increasingly focuses on multimodal transport, and
container transport is shifting towards an integrated system of seaborne shipping and
ground transport [2]. Dry ports, also known as inland ports, are the hinterland extension
of seaports. They collaborate to form a seaport—dry-port network in container transport
(SDNCT), ensuring the seamless movement of cargoes while optimizing costs, reducing
environmental impact, and supporting regional economic development [3,4]. In the net-
work, acting as the hubs connecting seaborne transportation with inland logistics, seaports
facilitate international trade by providing the infrastructure necessary for the loading and
unloading of containerized cargo from ocean-going vessels. They offer various services,
including warehousing, cargo consolidation, and customs clearance. Dry ports, on the
other hand, act as intermodal pivots for the collection and distribution of containers, where
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goods can be transferred between road, rail, and sea transportation [5]. They extend the
functions of seaports into inland regions, providing shippers with one-stop services such
as customs clearance, inspection, and quarantine. Strategic dry-port design can reduce
logistics costs, relieve seaport congestion, and provide easier access to the hinterland [6].

The efficiency of the container transport network is highly dependent on the opera-
tional performance of the seaports, where disruptions can lead to substantial congestion
and operational bottlenecks. A stark example of this vulnerability was the explosion of
the container ship YM Mobility at Ningbo Zhoushan Port in China on August 9, 2024.
This incident, attributed to the mishandling of hazardous materials, led to the indefinite
shutdown of one of the globe’s busiest ports, thereby causing extensive congestion at
other ports like Shanghai, Xiamen, and Hong Kong, which were already struggling with
prolonged container dwell times [7]. In addition to such singular events, systemic factors
have compounded the port congestion issue. The global impact of the COVID-19 pandemic,
characterized by widespread lockdowns, induced significant delays across international
ports [8-10]. Geopolitical tensions, such as the ongoing war in Ukraine, further complicate
maritime logistics [11,12]. In addition, fluctuating trade policies, including the imposition
of tariffs and sanctions, introduce more unpredictability into the operational dynamics of
seaports [13,14].

The phenomenon of cascading failures accompanying seaport disruptions amplifies
the impact of individual port failures in the broader shipping network. A cascading failure
occurs when an initial disruption at one node propagates through interconnected nodes,
triggering a chain reaction of malfunctions throughout the system [15,16]. In maritime
transport, this manifests as congestion originating from one or a few seaports spreading to
multiple subsequent ports, undermining the efficiency of the entire network [17,18]. The
risk of cascading failure is intensified by the fact that the economic stimulus measures
following the finish of the pandemic lockdown have pushed up the demand for container
freight, placing considerable pressure on the infrastructure of seaports. The severity of the
cascading effect is evident in 2021, when seaport congestion extended the average berth
waiting time for transshipment from 17.6 to 60 days, with an additional inventory cost
to shippers of around USD 321 million [19]. Interconnected disruptions among seaports
highlight the vulnerability of the container transport network. Therefore, conducting a
dynamic analysis of the container transport network’s resilience is necessary to develop
strategies to cope with seaport contingencies and prevent systemic risks.

A container transport network can be modeled as a complex system, with ports as
nodes and their cooperative interactions represented by edges. Recent research has en-
hanced the understanding of the network resilience and vulnerability, typically employing
the Motter-Lai framework to analyze topological characteristics and cascading failure
dynamics [20]. Ref. [21] identified modest small-world and scale-free properties, indicating
a distinctive network structure. Ref. [17] observed that container transport networks exhibit
robust resilience under random attacks, yet their recovery capacity diminishes significantly
when key ports face targeted disruptions. Port failures trigger the redistribution of vessel
traffic to alternative ports and routes, potentially overloading other nodes and inducing
cascading failures [18]. Enhancing network redundancy can mitigate risks by dispers-
ing vulnerabilities [22]. Corresponding load redistribution strategies include behavior
adjustments based on service routes [17], considerations of voyage frequency and port
capacity [18], geographic and connectivity-based allocations [21], and Borda score
rankings [22].

The aforementioned studies offer substantial references and empirical insights into
the resilience of container transport networks. However, limited attention has been given
to analyzing SDNCT resilience under cascade failure conditions. The SDNCT structure
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encompasses not only inter-seaport connections but also seaport—dry-port links, resulting
in a more complex network configuration. While this increased complexity challenges
network resilience analysis, it also presents additional opportunities for enhancing overall
network resilience. The analysis of SDNCT resilience under cascading failure conditions
is crucial for two main reasons. First, it enables dynamic observation of how failures in
one or a few seaports can trigger congestion across subsequent seaports and dry ports,
potentially disrupting the entire SDNCT operation. Second, resilience analysis facilitates the
development of load redistribution mechanisms, helping mitigate the impact of cascading
failures initiated by seaport disruptions. These insights can guide port management and
logistics planning from the perspecive of optimizing cooperation and resource allocation
between seaports and dry ports, ultimately improving network operational efficiency.

Based on the heterogeneous complex network characteristics of the SDNCT, this study
proposes the CM-SDNCT-MLRS, a cascading failure model with a multi-stage load redis-
tribution strategy to enhance resilience in the SDNCT. Models from the aforementioned
studies assume binary port states (normal or overloaded), neglecting intermediate condi-
tions like congestion, and employ single-stage load redistribution strategy, overlooking
SDNCT'’s seaport—dry-port synergies. To better align with real-world container transport
scenarios, the CM-SDNCT-MLRS extends the theoretical framework of the Motter—Lai
model by introducing three distinct states for seaports and an additional “idleness” state
for dry ports. Furthermore, the CM-SDNCT-MLRS incorporates the uncertainty of port
disruptions into the model. The multi-stage strategy enables dynamic, tiered load redistri-
bution to mitigate disruptions at individual and multiple ports.

The contributions of this paper are summarized as follows. First, we propose a cas-
cading failure model by mapping the SDNCT into interconnected subnetworks of seaports
and dry ports and introducing a multi-state framework that incorporates both port-specific
load statuses and state transition probabilities to capture the dynamic behaviors of the
ports during the cascading process. Second, we propose a multi-stage load redistribution
strategy for SDNCT that sequentially activates various network resources, including dry
ports, neighboring seaports, and port-skipping by liner companies, thereby creating a
hierarchical defense system against cascading failures in SDNCT. Third, we assess the
model’s effectiveness through a comprehensive resilience analysis of China’s SDNCT using
four key metrics and provide empirically driven policy recommendations for port planning
and operations management to strengthen network resilience.

The remainder of the paper is organized as follows. Section 2 reviews the related
literature. Section 3 presents the proposed SDNCT complex network description, cascading
failure model, load redistribution strategy, and evaluation metrics. Section 4 constructs
the SDNCT based on real data and analyzes its resilience to cascading failures through
simulation. Section 5 discusses management insights on enhancing SDNCT resilience.
Section 6 summarizes the study and suggests future research directions.

2. Literature Review

SDNCT resilience is vital for container transport, yet its performance under cascading
failures is rarely studied, while cascading failure research in container shipping networks
often ignores dry ports’ role in mitigating disruptions. To address this, we propose the
CM-SDNCT-MLRS to enhance SDNCT resilience. Thus, we review the two key areas:
seaport—dry-port network resilience and cascading failure in container shipping networks.

2.1. Resilience of Seaport—Dry-Port Network

Seaports, vital hubs in container transport, frequently experience congestion and are
vulnerable to disruptions such as natural disasters (e.g., tropical cyclones, earthquakes,
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and floods) and human-induced events (e.g., strikes, wars, and terrorist attacks) [14,23-25].
Adaptive investments, such as constructing dykes or elevating pier heights, can mitigate
climatic-related disruptions like flooding and storm surges at seaports, potentially reducing
congestion and operational losses [26]. However, these measures are subject to significant
uncertainty and only applied to respond to the risk of natural disasters [25]. Accordingly,
intermodal satellite terminals, often called dry ports, in inland areas are introduced as
an extension of seaports to alleviate the problem of insufficient space and increasing
congestion [27]. These dry ports are integrated with seaports via land transport corridors,
enabling shippers to conduct loading and unloading operations as if they were at the
seaport facilities [5,27]. Collectively, seaports and dry ports constitute a seaport—dry-port
network in container transport (SDNCT), where dry ports function as inland nodes and
seaports as seaborne nodes, creating an integrated network to enhances logistical efficiency
and meet shippers’ demands [28,29].

The resilience of SDNCT reflects the ability of the network to sustain transportation
demand and maintain operational performance at a reasonable cost in the face of disrup-
tions incurred from unconventional emergency events [24]. Given the inherent challenges
faced by seaports, such as terminal capacity constraints, fairway draft limitations, and ship
handling equipment inefficiencies, the potential of dry ports to enhance network resilience
against demand fluctuations and operational disruptions becomes evident [30]. Dry ports
provide intermodal flexibility, functional decentralization, and geographical redundancy to
the container transport network. By offering alternative transportation routes and serving
as backup nodes during disruptions, they help alleviate congestion at seaports to ensure op-
erational continuity and improve adaptability to uncertainties [31]. Numerous studies have
investigated this relationship in various contexts. For instance, the authors of [32] exam-
ined Vietnamese dry ports as seaport extensions, proposing a hub-and-spoke inland node
network to enhance SDNCT resilience and address seaport capacity constraints, congestion,
and environmental concerns. Ref. [4] developed a multi-objective mixed robust possibility
flexible planning method for dry-port design, considering economic, environmental, and
social dimensions to address challenges arising from growing maritime container traffic.
Similarly, the authors of [31] presented a multi-objective model for designing a sustainable
and resilient seaport-dry-port network, evaluating sustainability across the same three
dimensions while considering resilience to disruptions. The model highlighted trade-offs
between sustainability and resilience, showing that centralized designs with high-capacity
dry ports reduce costs and emissions but lower resilience, whereas decentralized designs
with multiple low-capacity dry ports improve resilience at higher costs. Based on the
Bayesian belief network, the authors of [33] developed models to assess the resilience of
ports in response to shocks such as the COVID-19 pandemic. They found that factors such
as port connectivity, training, and service improvements significantly impact port resilience,
with dry ports playing a crucial role in maintaining supply chain continuity and stability.
Using complex network theory and the TOPSIS method, the authors of [34] established
a multi-objective optimization model to explore developing a dry-port-seaport logistics
network in Shandong Province under the “Belt and Road” initiative. Ref. [35] evaluated
the resilience of 28 ports along the Maritime Silk Road using CRITIC-entropy and TOPSIS
and identified key indicators like network degree and container throughput that affect port
resilience across physical, social, and information spaces.

The above studies underscore that dry ports are more than the supplementary infras-
tructure of seaports; they are indispensable components of a resilient container transport
network. However, they primarily focus on analyzing the static framework of SDNCT to
evaluate its resilience, overlooking the cascading effects of disruptions and the dynamic
resilience analysis. To this end, their models are mainly developed to reconfigure the
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structure of SDNCT. This includes optimizing key parameters such as the number of ports,
load capacities, geographical locations, and interconnectivities among ports. Although
these efforts demonstrate the potential of cooperation between seaports and dry ports
in enhancing the operational capabilities of the container transport networks to manage
unforeseeable disruptions, a dynamic approach considering cascading effects can further
deepen the understanding of SDNCT resilience.

2.2. Cascading Failure of Container Shipping Network

Cascading failure is a common threat in complex network systems, where node
failures occur due to external attacks or spontaneous malfunctions. Because of network
connectivity, these failures can propagate throughout the system, triggering cascading chain
reactions [15,16,20]. The conditions for a cascading failure imply that if a network’s load
distribution is highly heterogeneous, meaning some nodes carry a disproportionately large
share of the loads, the network is particularly vulnerable to attacks [20]. A large-scale
cascade, leading to the collapse of the entire network or a significant part of it, could be
triggered by disabling a single key node with a higher load. Some highly interconnected
and unevenly loaded networks, such as power grids [36,37], communication networks [37],
and transportation systems [38,39], are prone to cascading failures.

Cascading failure in a container shipping network refers to the phenomenon where a
malfunction occurs in one or more ports, causing congestion to propagate and impacting
the performance of other ports and even the overall efficiency of a shipping network [17,18].
Note that seaports may be disrupted due to unforeseen events, such as abnormal weather,
hacker attacks, dockworker strikes, oil spills, and global pandemic [33,40,41]. Congestion
is more likely to spread between container ports because of the unique nature of container
transport, which follows fixed service routes and pre-determined shipping schedules [17].
In practice, when some ports are down, container carriers tend to omit the congested ports
from the routes of container transport services calling at those ports [42]. Specifically, a
transport route can either skip the faulty port directly or choose an alternative port. An
adjustment of the calling ports of a route can lead to redistribution of container flows
among the ports involved, which may disrupt the shipping network structure and lead to
overloading of other ports, which in turn triggers a new round of port of call adjustments
and leads to congestion spreading to more ports [18,43,44].

Dynamic vulnerability due to cascade failure increases significantly compared to the
static vulnerability of container shipping networks [18]. The global shipping network
is vulnerable to the disruptions of the most important ports, particularly in some Asian
areas [43]. Ref. [17] applied an empirical global liner shipping network (GLSN) to demon-
strate that the vulnerability of the GLSN under cascading failures is significantly higher
than its static structure, particularly when service routes are inclined to choose alternative
ports. It suggests that maintaining the normal operations of hub ports is crucial for pre-
venting the spread of port congestion. To mitigate the network’s vulnerability, based on the
global ship trajectory data, by using the Motter-Lai overload model, the authors of [18]
proposed a strategy to redistribute and balance maritime traffic to other routes and ports
by performing a three-stage balanced redistribution of traffic according to the specific roles
of the failed ports. Ref. [21] introduced an enhanced cascade failure model established on
route connectivity and port load data of the 21st-century maritime Silk Road to assess the
vulnerability of the container shipping network to cascade failures. It is suggested to priori-
tize the use of capacity redundancy strategy in low-load ports to enhance the resilience of
the shipping network. Similarly, the authors of [45] developed a cascading failure model
for the China-U.S. container shipping network using complex network theory and the SIR
model, showing that increasing port tolerance and limit coefficients reduces vulnerability
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and enhances resilience. It is recommended to enhance the capacity of ports and the limit
capacity of facilities to improve the network’s resilience against risks. The authors of [46]
proposed a cascading failure model and applied it to the China—Europe container shipping
network. Their model introduced a load redistribution method based on port cooperation
mechanisms, and they found that the cooperation enhances the network’s ability to respond
to uncertainties by protecting key ports and reducing conflicts between ports. Based on
simulations of two dynamic cascading failure models, the authors of [22] demonstrated that
using port importance evaluation methods as the basis for load redistribution decisions is
crucial for effectively improving system recovery capacity and preventing the likelihood of
cascading failures.

While the existing literature conducts resilience analysis focusing on the internal
dynamics of seaport network failures, these studies bypass the distinct roles that seaports
and dry ports play within the broader container transport network’s topological structure.
This neglects the essence of the integrated multimodal transport system'’s logistics services.
This paper embraces the SDNCT as a unified research subject, constructs a network cascade
failure model to explore the resilience characteristics under various external disruptions,
and discusses coping strategies to improve network efficiency.

3. Methodology

This section presents the modeling framework. First, we give a complex network
description of SDNCT and describe the propagation process of cascading failures. Then,
based on the general framework of the Motter-Lai model, we propose a cascade model
for SDNCT incorporating a multi-stage load redistribution strategy (CM-SDNCT-MLRS)
designed to mitigate the impact of dynamic cascading faults. In addition, we introduce
four evaluation metrics for resilience analysis.

3.1. Complex Network Description and Cascading Failure Process of SODNCT

We consider an intermodal transport system, specifically an SDNCT, characterized
by a network structure G = (S, D, L,E), where S = {s1,52,...,5m} and D = {dy,dy, ..., dn}
represent the sets of seaport and dry-port nodes, respectively, L = {Iy, 15, ..., Iy } is the set
of container shipping lines between seaports, and E = {(S, D)} is the set of seaport—dry
port associated routes. In the SDNCT, seaport nodes typically have deep-water channels
and container terminal facilities that accommodate large cargo ships” docking and op-
eration. Containers are transported from the origin seaport to the destination seaport
by seaborne shipping lines. Dry ports support seamless linkages between the seaports
and the hinterlands by providing intermodal services, including transporting seaborne
cargoes to inland destinations by road or rail. In addition to freight forwarding, dry ports
deliver warehousing, consolidation, and customs clearance services. These facilities help to
relieve congestion at seaports by speeding up cargo movement and improving distribution
efficiency. G can be decomposed into a seaport subnetwork G; = (S,L) and a seaport—
dry-port bipartite subnetwork G, = (S, D, E). We can project G; onto a one-mode graph
Gs to describe the relationships between seaports and project G, onto another one-mode
graph G, according to the service role of a dry port to seaports, thereby illustrating the
interconnectivities among dry ports [17,47].

When affected by external contingencies such as natural disasters or labor strikes, the
seaports may experience disruptions. This can provoke sudden changes in port connec-
tivity and adjustments to the network structure [48]. In practice, due to the cooperation
between seaports and the role of dry ports in serving seaports, disruption events can lead
to a dynamic cascading failure throughout the SDNCT, significantly impacting network
connectivity and structure and even causing network collapse. When a seaport node
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fails, its load may be transferred to neighboring cooperative seaport or dry-port nodes,
increasing their loads. If the cooperative nodes continue to fail because their real-time loads
exceed capacities, they will transfer the overload to their cooperative nodes until either
the excessive load is fully absorbed by other nodes within the network or the network
collapses. Figure 1 illustrates the general propagation process of SDNCT cascading failures.
There, Figure 1a is a schematic diagram of the SDNCT. Figure 1b shows that when a failure
occurs at seaport node sy, its load is transferred to neighbouring seaports sy, s3, and sg,
which are connected to s; via shipping lines. Additionally, the load is transferred to dry
ports di and dy, which serve as alternative routes for the cargo flow related to s;. Figure 1c
depicts the network structure after the removal of 51. A cascading failure occurs if the load
of s3 exceeds its capacity after receiving the transferred load. In Figure 1d, the loads of
s5 and sg associated with s3 increase, as do the loads of d3 and d4 that cooperate with ss.
Figure 1e shows the network structure after removing the edges of s3. As d4 fails, its load
continues to be transferred to the adjacent d; and ds. If d; and ds are not overloaded, the
cascade failure process halts, and the final SDNCT is shown in Figure 1f.

(e) (f)

Figure 1. SDNCT cascade failure process: (a) Initial SDCTN. (b) Load distribution of disrupted
seaport. (¢) Removal of disrupted seaport. (d) Cascading failure on seaport. (e) Cascading failure on
dry port. (f) Final SDCTN.

3.2. Cascade Model for SONCT with Multi-Stage Load Redistribution Strategy
(CM-SDNCT-MLRS)

The Motter—Lai cascade model is a theoretical framework developed to explore the
cascading dynamics in complex networks [20,49]. It has been widely utilized to assess
the resilience of networks involving physical quantity flows, such as metro network [50],
airport network [51], and supply chain network [52]. Building on the seminal framework
of Motter and Lai, we propose a cascade model adapted for the port state transition in
SDNCT and introduce a load redistribution strategy to mitigate the impact of cascading
port failures dynamically.

3.2.1. Motter-Lai Cascade Model

The Motter-Lai model considers the effect of the interaction of node load, capacity,
and network topology on network stability. When a node fails, its load is redistributed
to adjacent nodes, potentially overloading them and triggering a cascading effect across
the network. In this model, the initial load of a node i, denoted L;, is based on its global
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importance measured by betweenness centrality BC; = },, .z, (r"#(vi), i,u,v =1,2,..,N,
where N is the total number of nodes in the network, oy, is the number of shortest paths
between nodes u and v, and 0, (i) is the number of those paths passing through node i.
Node capacity C;, the maximum load that node i can carry, is assumed to be proportional
to its initial load as C; = L;(1 + -y), where 7y is a tolerance factor. Upon the failure of a node
J, its load L; is redistributed to neighboring nodes i based on the shortest paths available in
the network. The transferred load, denoted ALj;, increases the load of node i to L; + ALj;.
If this updated load exceeds the capacity C;, node i fails, perpetuating the cascade. The
Motter-Lai model evaluates the extent of cascading failures by measuring the size of the
largest connected component and comparing the number of nodes in this component before
and after the cascade to quantify disruption. Additionally, changes in the average shortest

path length serve as a metric to assess the impact of failures on network efficiency.

3.2.2. SDNCT Cascade Model

In the SDNCT, cascading failures originate from the localized overload of an initial
seaport disrupted by adverse weather, equipment shortages, or labor constraints, triggering
recursive load redistribution to adjacent ports and propagating stress via an “overload-
failure-redistribution” mechanism. This process drives dynamic transitions of nodal states
from functional to dysfunctional phases when nodal loads exceed their respective load-
bearing capacities. The Motter—Lai model simplifies node behavior into two discrete states:
regular, where nodes process loads normally, and overload, where nodes cease functioning
under excessive load. However, such binary defaults do not capture the intermediate
dynamics of seaport operations. Seaports in the SDNCT often experience temporary
bottlenecks, influenced by vessel traffic, channel conditions, and cargo handling efficiency.
Delays in unloading cargo due to insufficient number of cranes or weather conditions may
impair the port’s performance but do not lead to outright paralysis. To better represent
these dynamics, we introduce a congestion state, defined as a condition where seaports
remain operational but process throughput at reduced efficiency. For dry ports, which
extend seaport functionality into the hinterland, we further incorporate an idleness state to
reflect a low-throughput scenario where market demand falls below a critical threshold,
potentially leading to temporary closure. Consequently, the model delineates four distinct
states for ports: regular, congestion, overload, and idleness.

Consider the SDNCT, G = (S, D, L, E). Each portnode i € SU D is characterized by
its container throughput load L;(f) at time ¢, with an initial load defined as follows:

Li(0) = (BGy)", (1)

where BC; is the betweenness centrality of node i, reflecting its connectivity and route
significance, and a(> 0) is a tunable parameter [49]. The capacity C;, representing the
maximum throughput node 7 can handle, is given by the following:

Ci=Li(0)-(1+p), (2)

where B(> 0) is a tolerance factor accounting for infrastructure and environmental conditions.
To model congestion, we define an upper load bound L?pp “ for efficient operation:

LYPPT — G = w - [Li(0) - (1+ B)], ®
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where w(0 < w < 1) is an adjustable efficiency threshold [15,53]. For dry ports, a lower
bound L“*" ensures economic viability:

L™ = A~ Li(0), @

with A(0 < A < 1) as a demand threshold. A congestion coefficient ¢;(t) quantifies

operational stress at time ¢:

Li(t
(1) = ik ©)

1

The load status LSta;(t) of node i at time ¢ is defined based on &;(t) as follows:

regular, — Gg < &i(t) <1
congestion, 1 < &;(t)
overload, L

idleness ¢i(t) < ¢4 (for dry ports only),

<
<

1
LSta;(t) = w (6)

lower

where §; = % is the idleness threshold for dry ports.

When a disruption occurs, such as a seaport s € S fails, its load Ls(t) is redistributed
to neighboring nodes, including dry ports d € N(s) N D via routes in E and seaports
s’ € N(s) NS via shipping lines in L. The transfer load is LT,;(t) = wy; - Ls(t) for dry
ports and LTy () = wsy - Ls(t) for seaports, where w,; and wgy are allocation coefficients
satisfying } jen(s)np Wsd + Ls'eN(s)ns Wss = 1. The updated load at a neighbor node i
(where i can be d or s’) becomes the following;:

Li(t+1) = Li(t) + LTg(t). 7)

The subsequent state transition of node i follows the following rules:
(1) It remains in the regular state of operation if L;(t + 1) < L""".
(2) It transitions to the congestion state if L;"P*" < L;(t 4+ 1) < C;, with a probability of
further degradation.
(3) It shifts to the overload state if L;(t + 1) > C;.

(4) Ttenters the idleness stateifi € Dand L;(t + 1) < Liower .

The likelihood of transitioning from regular to congestion or congestion to overload
increases exponentially with load proximity to critical thresholds:

R0
s Tpper
P;(t)(regular — congestion) =e ‘i , 3
o ®
oL
i .

P;(t)(congestion — overload) = e

The redistribution process propagates iteratively across the network. At each time
step t, newly overloaded nodes transfer their excess load, potentially triggering additional
congestion or failures in connected nodes. The cascade continues until no further nodes
exceed their capacity or fall into idleness, or until the entire network collapses.

3.2.3. Multi-Stage Load Redistribution Strategy of SDNCT

In complex networks, targeted defense strategies can mitigate cascading failures by
redistributing loads from failed nodes, containing propagation, and preventing systemic
collapse [54]. Within the SDNCT, such strategies can exploit cooperative relationships and
alternative shipping routes to bolster resilience against disruptions [17,46]. We propose
a multi-stage load redistribution strategy tailored to the SDNCT, designed to restrain
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cascading failure diffusion by prioritizing load allocation based on four key factors: port
importance, failure propagation magnitude, gravitational relationships between ports, and
shipping line hopping probability. We first outline the computational framework for these
factors, followed by the staged implementation of the strategy, integrating the differentiated
roles of seaports and dry ports.
(1) Factors influencing load redistribution

The SDNCT’s heterogeneity, as noted in Section 3.1, heightens its susceptibility to
cascading failures, particularly when critical nodes fail [54]. To address this, we first
quantify port importance using the network importance of port i € SU D, defined as

follows:
C;-DG;

NI = ==
i~ ASP; - ADN;’

©)

where C; is the capacity, DC; = k;/(N — 1) is the degree centrality (k; is the degree, N
is the total number of ports), ASP; = ﬁ Yiti dj; is the average shortest path (d;; is the
shortest path length), and ADN; = ﬁ Yoer, ko is the average degree of neighbors (I is
the neighbor set). Equation (9) implies that a larger C; means greater load need to be
redistributed upon failure, and a higher DC; reflects extensive connections, amplifying the
ripple effect of disruptions. In addition, a shorter ASP; positions the port as a conduit across
the network, increasing cascading risks, and a higher ADN; suggests ties to critical hubs,
potentially reducing its failure contribution. Thus, NI; identifies ports whose failure could
destabilize the SDNCT, necessitating careful load management to redirect load elsewhere.

Building on NI, we assess the magnitude of failure propagation to identify ports at
risk of amplifying disruptions. This is captured by the following:

MF;(t) = NI, - P;(t)(regular V congestion — overload). (10)

where P;(t)(— overload) estimates the overload probability of port i, which can be calcu-
lated by using Equation (8). For computational convenience, we can normalize MF;(t)
using min—-max normalization to scale the values within the range of [0, 1]. By combining a
port’s importance with its proximity to failure, MF;(t) guides the strategy to avoid redis-
tributing load to nodes likely to propagate failures further, a critical step in preventing the
cascade from escalating across the network.

Next, we define gravitational relationships between ports to prioritize cooperative
load sharing, expressed as the cooperative gravity between ports i and j (where i,j € SU D)
at time £:

i Li()] - [k - (L7 — Li(1))]

dij . MF]‘(t) !

GCyi(t) = ()
where k; - L;(t) and k; - (L;‘p per L;(t)) represent the “mass” of operational load and avail-
able capacity, moderated by distance d;; and failure magnitude MF;(t). This formulation
reflects real-world port interactions. It facilitates load redirection towards ports with
sufficient capacity and proximity while avoiding those prone to failure propagation.

Finally, we incorporate the hopping probability of shipping lines to enable dynamic
route adjustments along the shipping lines L. This probability, denoted by P, (s) for a
seaport s € S, represents the conditional likelihood of vessels skipping s given that it is
congested or overloaded. It is defined as follows:

—e G- >
Phop (5) = 1—e , 1f () .> lor Ls(t) > Cs, (12)
0, otherwise,
where &(t) = Ls(t) /L¢P measures congestion relative to the efficient operation threshold,
Ls(t) > Cs indicates overload beyond capacity, and 7 > 0 is a sensitivity parameter tuning
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responsiveness to congestion severity. This conditional probability reflects the adaptive
behavior of shipping lines rerouting vessels to alternative ports only when s experiences
congestion or overload.

(2) Multi-stage load redistribution strategy

Based on the above factors, the strategy directs a systematic load redistribution from
a failed seaport across the SDNCT to mitigate cascading failures. This approach operates
iteratively through three stages: initial absorption by dry ports, subsequent allocation to
neighboring seaports, and dynamic rerouting via port skipping, followed by a protective
shutdown mechanism if network failure exceeds a critical threshold. The following details
each stage and the protective mechanism:

Stage 1: Dry-port containment and load absorption. When a seaport s € S fails, its
load L (t) is first redirected to directly connected dry ports d € N(s) N D, where N(s) N D
denotes dry ports linked to s via routes in E, serving as inland transshipment partners to
contain the initial disruption. The allocation coefficient is as follows:

GCsd(t)
ZuEN(s)ﬂD GCSH(t) ’

Wsqg = (13)

yielding LTy;(t) = wgy - Ls(t) and Ly(t +1) = Ly(t) + LTy4(t). Loads are absorbed up to
each dry port’s capacity C;, with any excess retained within the dry-port subnetwork to pre-
vent backflow to seaports. This containment prioritizes dry ports with strong gravitational
ties, effectively buffering the network against the initial failure shock.

Stage 2: Neighbor seaport load redistribution and congestion mitigation. If the dry
ports’ remaining capacity RC;(t) = C4 — Ly(t) is insufficient to fully absorb Ls(t), the
excess load L§***® (t) = Ls(t) — Lgen(s)np RCa(t) is redistributed to neighboring seaports
s’ € N(s) NS, where N(s) N S denotes seaports connected to s via shipping lines in L. The

allocation is as follows:
GCyy (¥)

ZveN(s)ﬂS GCSU(t)l
with LT,y (t) = wgy - LS (t) and Ly (t + 1) = Lg/(t) + LT,y (t). By incorporating MFy (t)
into GCgy(t) , the strategy bypasses critical seaports (high NIy) prone to propagating

Wsg = (14)

failures, directing load to less pivotal nodes to mitigate congestion and reduce the risk of
secondary disruptions, outperforming purely capacity-focused methods.

Stage 3: Adaptive load redistribution and port skipping. Following Stage 2, if a
seaport s’ € S is congested according to Equation (6) (i.e., &y (t) = Ly (t)/ L;l,pper > 1lor
overloaded (Ly (t +1) > Cy), container ships face two operational choices: queuing to
enter s’ or skipping it to redirect load to a neighboring seaport s’ € N(s’) N S via shipping
lines in L, governed by the hopping probability Py,,(s"). The excess load at s’, defined
as LG(t) = Ly(t) — L:,pper if Ly (t) > Lg,p P (otherwise 0), drives the redistribution
process as follows:

With probability 1 — Ppp, (s'), ships queue at s’, where the port continues loading and
unloading operations at reduced efficiency. The updated load of s’ is as follows:

Lo(t4+1) = (1= Phop (5') ) - L& (1) + L™, (15)

reflecting the portion of excess load retained, capped by operational constraints.
With probability Py,,(s’), ships skip s’, redirecting the excess load to a neighboring

seaport s”. The transferred load to each s” € N(s') N S is proportional to the gravitational

relationship:

GCyyr (t)

LTS/S//(t) = Phop (S,> P LGee (t) ' Z N(s")NS GC (t),
vEN(s’ s'v

S

(16)
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updating LSH (i’ + 1) = LSN(t) + LTS/SH(t).

The adaptive mechanism of port skipping alleviates pressure on s’ by balancing queu-
ing delays with rerouting, thus curbing secondary cascading failures across the SDNCT.

As the strategy iterates through these stages, loads are continuously re-evaluated
against state transitions to adapt to evolving network conditions. To prevent systemic
collapse, the process includes a protective mechanism: if the proportion of failed nodes in
S U D exceeds a predefined threshold @ (0 < @y < 1), indicating a risk of network-wide
failure, the remaining operational nodes halt load acceptance. This protective shutdown
enforces a hard stop on redistribution, isolating unaffected segments of the network to
prevent total failure.

Figure 2 provides an algorithmic flowchart that outlines the steps across the three
stages, along with the protective shutdown checks, to illustrate the multi-stage load redis-
tribution process.

Start: seaport s in SDNCT fails

v

Protective shutdown check

Stage 1: dry port
and load absorption

Redirect load to
cooperative dry ports

Protective Stage 2: neighbor seaport load
shutdown check redistribution and congestion mitigation

Redistribute to neighbor s'
using cooperative gravity

Excess load? Yes——»

Iss' Protective
congested? shutdown check

l

Stage 3: adaptive load redistribution and
portskipping

No N
Queue at s' with prob. Skip to s" with prob.
1-Phop Phop
\
» a
Excess load added Excess load
tos' transferred to s

}

Excess load?

Absorb load

— End distribution ‘ Iterate —

Figure 2. Flowchart of the multi-stage load redistribution strategy in CM-SDNCT-MLRS.

3.3. Resilience Assessment Metrics for SODNCT

We propose four key metrics to assess the resilience of the SDNCT in terms of port
failure ratio, topological connectivity, and operational efficiency. Among these, three
quantify overall network resilience under cascading failures, while the fourth evaluates the
impact on individual ports, as detailed below:

(1) Port failure ratio (PFR)

PFR measures the proportion of failed port nodes in the SDNCT due to cascading

failures, reflecting the extent of disruption across the network. It is defined as follows:

PFR = (17)
N-1’
where N is the initial number of ports in the SDNCT, and N ¢ is the number of nodes in the
overload state after the cascade stabilizes. A higher PFR indicates greater vulnerability to
port disruptions, signaling extensive failure propagation.
(2) Largest connected component scale (LCCS)
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LCCS quantifies the size of the largest connected subgraph remaining in the SDNCT
after cascading failures, assessing structural integrity:
N/
LCCS = —, 18
N (18)
where N’ is the number of nodes in the largest connected component of G post-cascade,
excluding failed nodes. A higher LCCS suggests stronger network connectivity, facilitating
smoother logistics and information flow despite disruptions.
(38) Network efficiency loss ratio (NELR)
NELR quantifies the relative reduction in logistics efficiency across the SDNCT due to
cascading failures, reflecting the network’s operational resilience. It is defined as follows:
NE — NE'
NELR = —————, 19
NE (19)
where NE and NE' represent the network efficiency before and after the cascade, respec-
tively. Network efficiency (N E) measures the effectiveness of logistics performance between
ports, calculated as the average inverse shortest path length across all port pairs:
1 1
NE= ———— Y - (20
-1 i#j€SuD “ij
with N being the total number of ports, and d;; the shortest path length between ports i
and j in G, set to infinity if no path exists [16,17]. Similarly, NE’ is computed post-cascade
using the same formula over the remaining connected nodes. A larger NELR indicates a
substantial efficiency loss, suggesting that the disrupted ports are critical to logistics flow
or that the network lacks sufficient redundancy, whereas a smaller NELR reflects robust
resilience through alternative pathways.
(4) Port efficiency loss rate (PELR)
Beyond overall network resilience, we assess the specific impact on individual ports
with the PELR metric. PELR evaluates the change in trans-shipment efficiency at a desig-
nated port j due to an initial failure at port i:

ej(i) —e;(i)
ej(i)

where ¢;(i) and ¢;(i)" are the transshipment efficiencies of port j before and after the cascade

PELR;(i) = 1)

triggered by i, respectively, calculated as follows:

. 1 1
ej(i) = — ) . (22)
u#ju#ieSUD T4

with dj, as the shortest path length from j to u, excluding the initially failed node i. A
higher PELR;(i) indicates that port j suffers significant connectivity and efficiency losses
due to the failure of i , highlighting its dependence on the disrupted node.

4. Results of Resilience Analysis

This section examines the network dynamics of cascading effects initiated by seaport
disruptions within the SDNCT. First, we present the topological characteristics of the
constructed SDNCT based on empirical data. Then, we evaluate the impacts of cascading
failures on the resilience of the entire network and individual ports under the multi-stage
load redistribution strategy proposed in Section 3.2.3, leveraging the resilience metrics
defined in Section 3.3.
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4.1. Data Acquisition and Topological Properties of the SDNCT

We construct the SDNCT using data compiled from the National Coastal Port Layout
Plan, online maps of China’s coastal shipping routes, inland waterways, and port distri-
butions, supplemented by 2023 throughput statistics from the Ministry of Transport of
China. The dataset comprises 145 seaport nodes and 347 shipping line entries, reflect-
ing container transport connections between seaports. From this, we identified the top
10 seaports with the highest network importance values and retrieved data on their asso-
ciated dry ports from sources such as the Ministry of Transport and chinainlandport.org,
resulting in 50 dry-port nodes and corresponding seaport—dry-port routes. The geographic
layout of this SDNCT is depicted in Figure 3a. A zoomed-in version representation of the
top 10 seaports and their associated dry ports is shown in Figure 3b.

Table 1 summarizes the network topology information for the SDNCT, seaport sub-
network, and dry-port subnetwork. Degree centrality (DC) measures a port’s connectivity
within the network. Eccentricity (EC) indicates its maximum shortest path to other ports,
reflecting the port’s positional reach. Closeness centrality (CC) assesses the average dis-
tance to other ports, indicating a port’s influence and information dissemination capability.
In addition, betweenness centrality (BC) quantifies the extent to which a port acts as an in-
termediary in the network. The constructed SDNCT exhibits a scale-free network structure
characterized by a few hub ports with high degrees and centralities, while most ports have
significantly lower values. Figure 4 illustrates the cumulative distribution functions (CDFs)
for the above metrics in the SDNCT. In Figure 4a, 28.2% of ports have a degree above the
average. Figure 4b shows that 4.83% of ports have an eccentricity greater than 10. Figure 4c
reveals that approximately 44.13% of ports have a closeness centrality below the mean.
Finally, in Figure 4d, about 31.03% of ports have a betweenness centrality of zero, while
only 20.69% exceed the average betweenness centrality. Table 2 presents the topological
centrality information of the 10 seaports with the highest NI values. These ports exhibit
higher DC, CC, and BC and lower EC compared to the SDNCT and seaport subnetwork
averages in Table 1, underscoring their critical roles. Table 2 also reports the normalized
NI values for the ten seaports, which provide a clearer view of each seaport’s greatness in
the network topology.
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Figure 3. Seaport-dry port network in container transport in China: (a) The constructed SDNCT.
(b) Top 10 seaports with associated dry ports.
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Table 1. SDNCT topology information.
Numb Avg. Path
Network ofulilr:) deers Avg. Degree I‘jegngtal: Avg. DC Avg. EC Avg. CC Avg. BC
SDNCT 195 5.5692 3.5482 0.0231 7.4514 0.2949 247.1795
Seaport subnetwork 145 4.7862 3.6077 0.0247 7.5625 0.2927 187.7517
Dry-port subnetwork 50 7.4667 2.7989 0.1190 3.8298 0.3661 53.0667
Table 2. TOP 10 seaport centrality and NI values.
Seaport DC EC CC BC Normalized NI
Shanghai 0.2526 6.0000 0.4814 6245.6712 1.0000
Ningbo 0.1804 6.0000 0.4450 2688.4533 0.4366
Tianjin 0.1392 6.0000 0.4101 2859.1421 0.2479
Xiamen 0.1237 6.0000 0.4119 1859.3003 0.1624
Hongkong 0.1289 6.0000 0.4190 2270.3859 0.1528
Beibuwan 0.1134 6.0000 0.4136 2271.9911 0.1439
Shenzhen 0.0825 6.0000 0.3992 1121.5492 0.1252
Qingdao 0.0825 6.0000 0.4008 1205.8068 0.1060
Guangzhou 0.0876 6.0000 0.4050 1061.3772 0.1042
Lianyungang 0.0670 7.0000 0.3811 901.1255 0.0576
o .
g 0.4 . g 0.4 ®
(&) (&)
o0 0o Delj;:ee cer?flriscity o2 o ° ! Eicentrici:y * "
(@) (b)
101 ~” e © 1.0 ‘/‘ o @ °° . .
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Figure 4. Cumulative distribution functions (CDFs) for the SDNCT: (a) CDF of port degree centrality
(DQC). (b) CDF of eccentricity (EC). (c) CDF of closeness centrality(CC). (d) CDF of betweenness
centrality (BC).

4.2. Resilience Analysis

This subsection evaluates the SDNCT'’s resilience under cascading failures. We focus

on studying the effectiveness of the CM-SDNCT-MLRS across various disruption sce-

narios. The analysis is structured into four parts. It includes assessing overall SDNCT

performance, examining critical seaport failures, investigating dry-port contributions, and
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analyzing port-skipping probability effects. To ensure consistency and comparability, some
parameters are standardized where appropriate. The efficiency threshold w = 0.7 remains
fixed across all tests, and the port capacity scalar § = 0.5 and port-skipping probability
DPpop = 0.5 are fixed in Sections 4.2.1 and 4.2.2 to baseline network behavior. However,
p varies in Section 4.2.3 to study dry-port capacity effects, and P, ranges differently in
Section 4.2.4 to assess rerouting impacts. In real-world settings, Pj,, adjusts dynami-
cally with port conditions, but, in our controlled experiments, it is approximated as a
fixed value to simplify simulations while preserving rerouting tendencies for systematic
resilience evaluation.

4.2.1. Effects of Random Port Failures

Firstly, we investigate the resilience of the SDNCT at the network level under cascading
failures, mitigated by the multi-stage load redistribution strategy, as the number of initial
seaport failures increases. To simulate random failures, we employ a bootstrap method: a
single seaport is first randomly selected from the seaport subnetwork, with its initial load
controlled by « (see Equation (1)), varied from 0.1 to 1.2 in steps of 0.1, and cascading failure
propagation is tested within the SDNCT. This process is then extended to 2, 3, ..., up to
100 randomly selected seaports, repeating the experiment for each scenario. Five iterations
are conducted, and the average resilience metric values are computed across different
combinations of & and the number of failed seaports. Figures 5-7 compare the performance
of the proposed CM-SDNCT-MLRS against the baseline Motter-Lai model described in
Section 3.2.1, using the three network-wide resilience metrics defined in Section 3.3: PFR,
LCCS, and NELR, under random port cascading failures.

Figure 5a,b illustrate that as the number of initially failed seaports increases, PFR
values rise for both models. However, the Motter-Lai model exhibits a rapid increase in
PFR even with a small number of failures, reflecting widespread port failures without
load redistribution. In contrast, the CM-SDNCT-MLRS shows a more gradual rise under
identical « conditions. For instance, at « = 0.2 and with 20 initial failures, the Motter-Lai
model’s PFR surges from 0 to nearly 0.8, while the CM-SDNCT-MLRS'’s PER reaches only
about 0.2, demonstrating the strategy’s effectiveness in suppressing failure propagation.
Figure 5c highlights distributional differences: the Motter—Lai model has a higher median
PFR (0.8402) and a narrow interquartile range (IQR = 0.1430), indicating consistent vulner-
ability, whereas the CM-SDNCT-MLRS's lower median (0.6340) and wider IQR (0.5477)
suggest enhanced resilience with variability tied to failure scale.

o 20 40
Initial number of failed nodes

(@)

Motter-Lai Model CM-SDNCT-MLRS
Initial number of failed nodes Model

(b) (c)

Figure 5. Port failure ratio (PFR) as a function of the initial number of randomly failed ports in the
SDNCT under cascading failures, considering variations in « with f = 0.5, w = 0.7, and pj,,p, = 0.5:
(a) Motter—Lai model. (b) CM-SDNCT-MLRS. (c) Comparison of PFR distribution between the
two models.
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In Figure 6a, the LCCS values of the Motter-Lai model decline sharply with increasing
initial failures, signaling severe connectivity loss. Conversely, Figure 6b shows a signifi-
cantly slower decline for the CM-SDNCT-MLRS under the same conditions, indicating that
the multi-stage strategy preserves network connectivity by mitigating the reduction in the
largest connected component’s size. The box plot in CM-SDNCT-MLRS Figure 6¢ reveals
stark contrasts: the Motter—Lai model’s median LCCS is 0.0513 with a small IQR (0.1615),
reflecting consistently low connectivity post-failure, while the CM-SDNCT-MLRS’s median
(0.2410) and larger IQR (0.5795) suggest better preservation of connectivity with variability
depending on failure extent.
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Figure 6. Largest connected component scale (LCCS) as a function of the initial number of randomly
failed ports in the SDNCT under cascading failures, considering variations in « with = 0.5, w = 0.7,
and py, p = 0.5: (a) Motter-Lai model. (b) CM-SDNCT-MLRS. (c) Comparison of LCCS distribution
between the two models.

Figure 7a shows a rapid rise in NELR for the Motter-Lai model as initial failures
increase, indicating substantial efficiency loss. In contrast, Figure 7b demonstrates a mod-
erated increase for the CM-SDNCT-MLRS, underscoring the strategy’s ability to alleviate
efficiency degradation. The box plot in Figure 7c further confirms this: the Motter—Lai
model’s higher median (0.9795) and mean (0.8516) with a narrow IQR (0.0400) reflect severe
and uniform efficiency loss, while the CM-SDNCT-MLRS’s lower median (0.9268), mean
(0.7605), and wider IQR (0.3909) indicate better efficiency retention with variability linked
to failure scale.

From Figures 5-7, we can also observe the impact of initial load sensitivity parameter «
on resilience metrics across varying initial numbers of failed nodes. At each initial number
of failed nodes, as « increases from 0.2 to 1.2, neither the Motter-Lai model nor CM-SDNCT-
MLRS exhibits a clear monotonic trend in PFR, LCCS, or NELR. However, the Motter-Lai
model shows a larger fluctuation range, while CM-SDNCT-MLRS significantly narrows
this range, reflecting its stabilizing effect. For instance, at an initial number of failed nodes
of 50, the Motter-Lai model’s PFR fluctuates between 0.3 and 0.8, LCCS between 0.2 and
0.7, and NELR between 0.3 and 0.85, whereas CM-SDNCT-MLRS reduces these ranges to
0.15-0.35, 0.6-0.85, and 0.15-0.35, respectively. Moreover, CM-SDNCT-MLRS consistently
outperforms Motter-Lai across all metrics for the same initial failure scale, with lower PFR
and NELR and higher LCCS. However, when the initial number of failed nodes approaches
100, both models’ metrics converge as the network nears complete collapse. Overall, CM-
SDNCT-MLRS exhibits reduced sensitivity to &, underscoring its robustness under various
initial load conditions.

Table 3 summarizes the comparative resilience metrics across a values. On average,
the CM-SDNCT-MLRS reduces PFR by 19.55%, increases LCCS by 64.16%, and decreases
NELR by 10.36% compared to the Motter-Lai model. It can be observed that these im-
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provements are consistent across different a values. This highlights the robustness of the
load redistribution strategy in maintaining network integrity and operational functionality
against random port failures, regardless of initial load conditions.
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Figure 7. Network efficiency loss ratio (NELR) as a function of the initial number of randomly failed
ports in the SDNCT under cascading failures, considering variations in &« with § = 0.5, w = 0.7,
and py,p = 0.5: (a) Motter-Lai model. (b) CM-SDNCT-MLRS. (c) Comparison of NELR distribution
between the two models.

Table 3. Resilience comparison between CM-SDNCT-MLRS and Motter-Lai model under random
port failures.

Avg. PFR Avg. LCCS Avg. NELR

Motter-Lai CM-SDNCT Motter-Lai CM-SDNCT Motter-Lai CM-SDNCT
o Model -MLRS Improvement Model -MLRS Improvement Model -MLRS Improvement
0.2 0.7111 0.5630 20.83% 0.2115 0.3618 71.06% 0.8569 0.7624 11.03%
0.4 0.6908 0.5674 17.86% 0.2289 0.3510 53.34% 0.8471 0.7648 9.72%
0.6 0.7143 0.5714 20.01% 0.2086 0.3484 67.02% 0.8574 0.7677 10.46%
0.8 0.7075 0.5690 19.58% 0.2122 0.3554 67.48% 0.8530 0.7585 11.08%
1.0 0.7129 0.5616 21.22% 0.2055 0.3571 73.77% 0.8550 0.7576 11.39%
Average 0.7060 0.5680 19.55% 0.2154 0.3536 64.16% 0.8531 0.7647 10.36%

4.2.2. Effects of Critical Seaport Failure

This subsection examines the resilience of the SDNCT under cascading failures trig-
gered by the disruption of a single critical seaport, assessing impacts on both overall
network performance and individual ports. Monthly container throughput data for 2023,
sourced from Section 4.1, serve as the initial loads for all ports.

Figure 8 depicts the SDNCT’s overall performance following cascading failures initi-
ated by the failure of each of the top 10 seaports ranked by network importance, comparing
the CM-SDNCT-MLRS with the Motter-Lai model. In each subplot, the x-axis represents
the normalized NI values of the failed seaports, indicating their relative importance, while
the y-axis quantifies the impact using the resilience metrics. For PFR (Figure 8a), the Motter—
Lai model shows significantly higher failure rates than the CM-SDNCT-MLRS across all
tested ports, averaging a 59.78% reduction in PFR with the latter. With the highest NI
value, Shanghai exhibits a 40.91% reduction, while Lianyungang achieves the maximum
improvement at 87.50%, underscoring the CM-SDNCT-MLRS'’s effectiveness in curbing
failure propagation. Regarding LCCS (Figure 8b), the CM-SDNCT-MLRS consistently
sustains larger connected component sizes than the Motter—Lai model, with an average im-
provement of 6.51%. Qingdao shows the most significant enhancement at 23.38%, followed
by Shanghai at 7.14%, highlighting improved network integrity. For NELR (Figure 8c), the
Motter-Lai model displays steep efficiency losses as the normalized NI values rise, whereas
the CM-SDNCT-MLRS mitigates this, achieving an average reduction of 50.49%, underscor-
ing its effectiveness in mitigating efficiency losses. Qingdao and Lianyungang demonstrate
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dramatic improvements in NELR, with reductions of 84.81% and 81.22%, respectively.
These results demonstrate the CM-SDNCT-MLRS's superior resilience across all metrics.
In contrast to the Motter—Lai model, which has significant instability, CM-SDNCT-MLRS
effectively stabilizes the network performance against critical seaport failures.

Figure 9 presents heatmaps of the port efficiency loss rate (PELR) induced by the failure
of the top 10 ports, with the x-axis showing the normalized NI of the failed seaport and the
y-axis the normalized NI of affected ports, while heatmap elements denote PELR values.
Comparing Figure 9a (Motter-Lai model) and Figure 9b (CM-SDNCT-MLRS), the latter
consistently exhibits lighter color gradients, indicating lower PELR values and reduced
cascading disruptions. The Motter—Lai model shows higher PELR values, particularly
for high-N1I ports, with intense gradients in the upper-right quadrant signaling severe
efficiency losses among critical nodes. In contrast, the CM-SDNCT-MLRS mitigates these
effects, averaging a 57.06% reduction in PELR across the top 10 failures. Qingdao and
Lianyungang achieve the greatest reductions at 89.46% and 89.79%, respectively, while
Hong Kong and Guangzhou show negligible improvement, likely due to efficient load

absorption by neighboring ports, preventing widespread congestion.

Table 4 summarizes statistical results for PELR under both models. The Motter-Lai
model has a higher mean PELR (0.0948) and standard deviation (SD = 0.0732), with a
coefficient of variation (CV = 0.7715) indicating greater variability. The CM-SDNCT-MLRS
reduces the mean PELR to 0.0407 (SD = 0.0271, CV = 0.6659), reflecting lower and more
stable efficiency losses. Pearson correlation coefficients between NELR and NI are 0.3231
for the Motter—Lai model and 0.8080 for the CM-SDNCT-MLRS. The weak correlation in
the Motter—Lai model suggests that efficiency loss is less tied to port importance, implying
broad vulnerability. Conversely, the strong positive correlation in the CM-SDNCT-MLRS
indicates that its mitigation effectiveness scales with port importance, prioritizing critical
nodes to enhance network resilience against high-N1 failures.
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Figure 8. Impacts of individual top 10 seaport failure on the overall SDNCT, with w = 0.7, and
Prop = 0.5: (a) PFR comparison between the Motter-Lai model and CM-SDNCT-MLRS. (b) LCCS

comparison between the two models. (¢) NELR comparison between the two models.

Table 4. Statistical comparison of PELR under critical seaport failure.

Mean SD Ccv Pearson’s r
Motter-Lai 0.0948 0.0732 0.7715 0.3231
model
CM-SDNCT- 0.0407 0.0271 0.6659 0.8080
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Figure 9. Heatmap of Port Efficiency Loss Rate (PELR) induced by individual top 10 seaport failures
on other ports, with w = 0.7, and py,, = 0.5: (a) Motter-Lai model. (b) CM-SDNCT-MLRS.

4.2.3. Service Role of Dry Ports on Network Resilience

This subsection evaluates the role of dry ports in enhancing SDNCT resilience under
cascading failures triggered by major seaport disruptions. Using 2023 monthly throughput
data as initial loads, we simulate the impact of setting 1 to 30 dry ports to the idleness state
when the top 10 seaports fail.

Figure 10 provides a comparative analysis of PFR, LCCS, and NELR for the SDNCT
under varying numbers of idle dry ports and different § values, which control the scaling
of dry-port capacities. The results across three key performance indicators reveal the strong
sensitivity of SDNCT performance to the number of idle dry ports. Across all three metrics,
increasing the number of idle ports leads to pronounced performance degradation, while
the effects of varying B values are trivial and ambiguous. Figure 10a shows that PFR
rises significantly as the number of idle dry ports increases. The initial increase occurs at
approximately 5 idle dry ports, followed by a stabilization phase around 10-15 idle dry
ports. Beyond this threshold, the curves show convergence, suggesting a plateau in port
failure ratio. In Figure 10b, LCCS experiences a dramatic decline with increasing idle dry
ports, particularly within the 5-7 idle range, signifying fragmentation of the network’s
largest connected component. At around 15 idle ports, the LCCS drops to minimal levels,
indicating significant network disintegration. In Figure 10c, NELR displays an apparent
upward trend, mirroring the patterns observed in PELR and LCCS. It indicates that the
overall efficiency of the SDNCT system deteriorates as more dry ports become unavailable.
At around 15 idle ports, the curves stabilize above 0.98, reflecting near-complete network
efficiency loss.

Table 5 reports correlations between resilience metrics and dry-port states. The number
of idle dry ports strongly correlates with PFR (r = 0.8700), LCCS (r = —0.8027), and NELR
(r = 0.8429), indicating that dry-port availability significantly influences network resilience.
Conversely, correlations with port capacity B are negligible (PFR: r = —0.0040, LCCS:
r =0.0075, and NELR: r = 0.0069), suggesting capacity scaling has little impact.

Table 5. Correlations between SDNCT resilience and dry-port states.

Pearson’s r Pearson’s r
(Resilience vs. Number of (Resilience vs. Port
Idle Ports) Capacity)
PFR 0.8700 —0.0040
LCCS —0.8027 0.0075

NELR 0.8429 0.0069
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Table 6 quantifies resilience differences between idle (1-30 dry ports) and fully opera-
tional dry-port states under varying B values for the top 10 seaport failures. On average,
enabling all dry ports reduces PFR by 38.14%, boosts LCCS by 104.42%, and lowers NELR
by 4.53%. Higher B values amplify PFR and NELR improvements, while LCCS gains
remain robust across 8, underscoring dry ports’ role in connectivity preservation. For
Shanghai’s failure (8 = 0.3), switching dry ports from idle to operational yields an 83.99%
PFR reduction, 12.34% LCCS increase, and 47.04% NELR decrease, highlighting their critical
mitigation role for major hub seaports.
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Figure 10. SDNCT resilience under different § values with various number of idle dry ports during
top 10 seaports fail, with w = 0.7 and pyp, = 0.5: (a) PFR comparison. (b) LCCS comparison.
(c) NELR comparison.
Table 6. Resilience comparison: idle vs. operational dry ports under top 10 seaport failures.
PFR LCCS NELR
B Idle Operational Improvement Idle Operational Improvement Idle Operational Improvement
1 0.7234 0.4974 31.24% 0.1232 0.2564 108.04% 0.9761 0.9363 4.09%
2 0.7123 0.4615 35.21% 0.1287 0.2564 99.20% 0.9745 0.9329 4.27%
3 0.7210 0.4359 39.54% 0.1260 0.2564 103.53% 0.9757 0.9309 4.59%
4 0.7169 0.4205 41.34% 0.1268 0.2564 102.16% 0.9753 0.9289 4.76%
5 0.7162 0.4308 39.86% 0.1255 0.2564 104.36% 0.9756 0.9305 4.63%
6 0.7203 0.4205 41.62% 0.1226 0.2564 109.21% 0.9761 0.9289 4.84%
Mean of 0.7184 0.4444 38.14% 0.1255 0.2564 104.42% 0.9756 0.9314 4.53%
above
(Sg‘i“(;gg‘;“ 0.1602 0.0256 83.99% 08217 09231 12.34% 0.3533 0.1871 47.04%

4.2.4. Effects of Port-Hopping Probability

In the CM-SDNCT-MLRS, the port-skipping strategy is activated during Stage 3 to
manage congestion or overload at seaports, governed by the hopping probability Pj,,. This
subsection examines its impact on SDNCT resilience under cascading failures triggered
by the top 10 seaports, sufficient to induce observable congestion at other ports. Figure 11
presents PFR, LCCS, and NELR across varying Py, values.

In Figure 11a, low Py, values (0.2-0.4), which exacerbate congestion at operational
ports, yield elevated PFRs, indicating vulnerability to cascading failures due to limited
rerouting. At intermediate Py, values (0.4-0.6), PFRs decrease substantially, reflecting
effective load redistribution across ports, mitigating failure propagation. Beyond this
range (e.g., Pop > 0.8), PFR rises again, likely due to excessive route deviations disrupting
shipping patterns and destabilizing the network. Figure 11b shows low Py, values linked to
reduced LCCSs, signaling fragmented connectivity post-failure. An optimal range (0.6-0.8)
markedly increases LCCS, enhancing network resilience by sustaining larger connected
components. Further increases yield negligible gains, suggesting a plateau. Figure 11c
indicates higher NELRs at both low and high Py, values, reflecting efficiency losses
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from congestion or over-rerouting. Within the optimal Py, range 0.6-0.8, NELRs drop
significantly, demonstrating strategic hopping’s ability to minimize losses by bypassing

faulty ports.
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Figure 11. SDNCT resilience as a function of the port-hopping probability (P;,,) under cascading
failures from top 10 seaports, with w = 0.7: (a) PFR. (b) LCCS. (c) NELR.

Table 7 analyzes correlations between resilience metrics and port-hopping probabil-
ity, employing three measures: Pearson’s 1, Spearman’s rank correlation coefficient, and
mutual information. PFR shows a moderate negative Pearson’s r = —0.6075 and stronger
Spearman’s r = —0.6646, with high mutual information (2.0253), suggesting a non-linear,
decreasing relationship where hopping reduces failure risk. LCCS exhibits weak positive
correlations (Pearson’s r = 0.2461, Spearman’s r = 0.2263), with lower mutual information
(1.8867), indicating limited direct impact on connectivity. NELR has a weak negative
Pearson’s r = —0.3079 and Spearman’s r = —0.2431, but high mutual information (2.1639),
implying a non-linear dependency where optimal hopping mitigates efficiency loss. Over-
all, these findings suggest that port hopping has an evident linear effect on reducing PFR,
a non-linear impact on mitigating NELR, and a relatively limited non-linear direct effect
on LCCS.

Table 7. Correlation between SDNCT resilience and port-hopping probability.

Pearson’s r Spearman Rank Mutua}
Information
PFR —0.6075 —0.6646 2.0253
LCCS 0.2461 0.2263 1.8867
NELR —0.3079 —0.2431 2.1639

Figure 12 shows cumulative distribution functions (CDFs) of port degree central-
ity (DC) post-cascade under varying port-hopping probabilities. All curves converge at
DC > 0.10, indicating high-DC ports retain structural importance. Low Py, values (0.1-0.3)
yield steeper CDFs, reflecting a concentration of low-DC ports and vulnerability to failure
propagation. Intermediate Py, values (0.5-0.6) flatten the curves, suggesting a balanced
DC distribution and enhanced resilience. Higher P, values (0.8-1.0) show diminishing
returns, implying a trade-off between rerouting benefits and the overhead introduced
by excessive hopping. Combining Figures 11 and 12, an optimal Py,, ~ 0.6 maximizes
resilience, balancing failure mitigation, connectivity, and efficiency, critical for resilient
maritime container transport network design.
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Figure 12. Cumulative distribution function (CDF) SDNCT port degree centrality (DC) after cascading
failures from top 10 seaports, with varying Pj,,.

5. Management Insights

In light of the analyses presented in Section 4, we derive the following management
insights for port management and logistics planning.

First, implementing the multi-stage load redistribution strategy to address the growing
vulnerability and complexity of the SDNCT is essential to strengthen network resilience.
This aligns with Xu et al.’s findings on resilience enhancement through adaptive strate-
gies [18]. Our experimental analysis demonstrates that, in the absence of such a strategy,
the SDNCT’s performance deteriorates rapidly under cascading failures. In contrast, the
CM-SDNCT-MLRS can effectively mitigate cascading failures. By dynamically reallocat-
ing the load of failed ports based on the topological relationships between seaports and
dry ports, the local structure of neighboring seaports, and hop probabilities, the strategy
not only suppresses the direct failures of critical ports but also ensures the continued
operation of the network, even when multiple ports fail simultaneously. The multi-stage
load redistribution strategy for SDNCT provides decision-makers in container transport
management with a centralized strategic tool to coordinate maritime logistics to withstand
cascading failures.

Second, ensuring the stable operation of critical seaports in the SDNCT is crucial for
preventing the spread of transportation disruptions. Due to its pivotal location and high
throughput, the failure of a vital port like Shanghai could trigger widespread disruption.
Our experimental results show that under the Motter-Lai model, certain ports, such
as Tianjin and Guangzhou, can cause even more damages to the entire network and
other ports than Shanghai. This finding enriches previous research on cascading failures
in heterogeneous complex shipping networks [17]. The CM-SDNCT-MLRS integrates
port importance, congestion threshold, and failure risk to prioritize the protection of key
seaports, reducing network-wide impacts and individual port efficiency losses. This aligns
with Cao et al.’s emphasis on port importance for failure prevention [22]. Drawing on the
multi-stage load redistribution strategy, we propose the following targeted measures to
safeguard critical seaports: (1) Leverage dry-port buffering to strengthen the multimodal
container transport to absorb excess loads from critical seaports during disruptions. It
requires real-time monitoring of seaport throughput and pre-established agreements with
dry-port operators to ensure seamless load transfer. (2) Reinforce load-sharing mechanisms
among neighboring seaports to stabilize critical nodes. It demands synchronized scheduling
and resource allocation among regional ports to divert traffic. Digital technologies, such
as IoT, big data analytics, Al, and blockchain, can facilitate the operations by monitoring
regional port activities and traffic flows and enhancing transparent coordination [55].

Third, expanding dry-port numbers and service coverage to enhance SDNCT resilience
is more effective than increasing dry-port capacities. As intermodal hubs connecting
maritime and inland transport, dry ports play a significant role in dispersing maritime
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shipping pressure and preventing cascading failures among seaports. This is consistent
with findings by [30,33] . Dry ports enhance the container transport system’s resilience by
providing additional load buffering and routing flexibility. Our experiments show that as
dry ports become idle, key performance indicators of the network degrade significantly,
especially when a critical seaport like Shanghai is down. We also find that the buffering
function of dry ports largely depends on their number in operation rather than capacities.
However, we do not advocate achieving transportation redundancy through excessive
expansion of dry ports as this would incur substantial investment and management costs.
Instead, a more viable approach is to improve the service capabilities of existing dry ports
to support more seaports while retaining their current capacities. Management strategies
should focus on maintaining a well distributed and connected dry-port subnetwork within
the SDNCT to enhance resilience.

Fourth, optimizing port-skipping probability is tactical in mitigating the impact of
cascading failures, when major seaports experience congestion or overload. As a sup-
plementary component of the CM-SDNCT-MLRS, it supports the transport system to
redistribute vessel traffic to adjacent ports when ports get congested or overloaded, thereby
improving network resilience. Our experimental analysis identifies an optimal Py, = 0.6,
where resilience peaks, evidenced by significant PFR reductions and LCCS improvements,
contrasting with the work of [17], which favors low-probability skipping and queuing.
Beyond this threshold, excessive rerouting elevates NELR, signaling inefficiencies from
disrupted shipping patterns. The finding provides a valuable basis for policy formulation.
It can be used to establish adaptive rerouting protocols to faciliate efficient traffic flows
during port congestion or overload, while avoiding costly infrastructure upgrades. It
allows maritime logistics planning to adapt to the dynamic voyage preferences of shipping
lines rather than depend on static port capacity expansion.

6. Conclusions

Modern container shipping is progressively evolving towards an integrated multi-
modal transportation system, characterized by cooperation between seaports and dry
ports. This study presents a CM-SDNCT-MLRS to mitigate cascading failures caused
by unexpected disruptions at seaports in order to enhance the resilience of the network.
The CM-SDNCT-MLRS leverages the network’s heterogeneous topology to dynamically
redistribute container loads across three stages: prioritizing allocation to associated dry
ports via sea—land cooperation, transferring cargo to neighboring seaports based on gravi-
tational relationships, and enabling port skipping to bypass congested or overloaded ports.
Validated with China’s coastal port and shipping route data, the strategy, which captures
the structural characteristics of the SDNCT and port state dynamics, effectively withstands
failure propagation compared to the Motter—Lai model.

The resilience analysis yields the following findings. First, the SDNCT exhibits a
scale-free property, following a power-law distribution, with a few seaports having excep-
tionally high centralities. Second, under random port failures, the network’s resilience is
highly sensitive to the number of initially failed ports but is relatively insensitive to their
initial throughputs. The multi-stage load redistribution strategy can effectively control the
propagation of cascading failures within the SDNCT when multiple seaports are simultane-
ously disrupted. Third, the disruption of a single critical port can inflict severe cascading
resilience losses on both the entire network and other individual ports. Notably, the port
with the highest centrality does not necessarily cause the most destructive impact. The
breakdown of Tianjin Port presents the highest cascading failure risk to the entire network,
potentially resulting in a 42% loss in network efficiency. The multi-stage load redistribu-
tion strategy significantly reduces cascading failure impacts on the overall network and
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individual ports while ensuring that ports of higher importance exert greater influence
but sustain lesser losses. Fourth, the dry ports’ service role significantly contributes to the
SDNCT functionality. Network resilience demonstrates high sensitivity to the number of
dry ports in operation but low sensitivity to their capacities. Shanghai Port, the largest
seaport, achieves a 47.04% efficiency improvement when supported by dry ports. Fifth,
although port-skipping occurs only during port congestion or overload, both excessively
low and high hopping probabilities exacerbate the spread of cascading failures. The optimal
hopping probability is about 0.6, which minimizes cascading effects during congestion.

These findings inform management strategies for port and logistics planning. First,
implementing the CM-SDNCT-MLRS through real-time data-sharing systems proactively
mitigates cascading risks. Second, safeguarding critical seaports involves reinforcing
multimodal transport resilience through dry-port buffering and load sharing with neigh-
boring seaports, supported by pre-established agreements and synchronized resource
allocation. Third, expanding the service capabilities of existing dry ports to support more
seaports, rather than pursuing excessive capacity expansion, maintains a well-distributed
and connected dry-port subnetwork within the SDNCT. Fourth, optimizing port skipping
at Pyop ~ 0.6 enables adaptive rerouting protocols during congestion, serving as a tactical
alternative to static infrastructure expansion.

This study has several limitations that merit further exploration. First, constrained
by data availability, our analysis focuses solely on China’s SDNCT and inbound container
cascading dynamics, limiting its applicability to global logistics networks with intricate
interdependencies; future research should assess global resilience by incorporating bidirec-
tional flows and cross-regional interactions. Second, by focusing on container transport,
we omit bulk cargo dynamics, potentially underestimating operational variations across
port functionalities; future work could integrate diverse cargo types to enhance the model’s
robustness. Third, our assumption of dry-port priority in load acceptance oversimplifies
real-world complexities involving competitive resource allocation among ports; introducing
service coefficients to model allocation trade-offs could improve load distribution flexibility
in future studies.
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