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A B S T R A C T

National multimodal transport systems (NMTSs) are vital to intercity mobility and economic development, yet 
increasingly vulnerable to extreme events. Existing resilience assessments largely focus on single-mode or 
regional-scale systems and fail to address the resilience of NMTSs, considering their large-scale, multi-modal, 
timetable-dependent nature. In response to this challenge, the paper proposes a passenger-oriented framework to 
assess the resilience of NMTSs under extreme events. A dynamic functionality network is constructed, integrating 
scheduled services, intermodal transfers, and time-dependent travel paths. Based on this network, a resilience 
model is formulated using daily passenger demand and minimum travel time matrices. Two computational 
methods, a critical nodes-based method and a segment computation-based method, are designed to ensure 
computational efficiency. The framework is applied to the coupled road, high-speed rail, and airline system in 
mainland China under COVID-19 lockdowns and a heavy rainstorm in Zhengzhou. Results show that the daily 
proportion of affected passengers during city lockdowns ranges from 0.01% to 10.07%, with impacts strongly 
correlated with city GDP and network size. In the rainstorm case, 6.44% of passengers were affected, with an 
average delay of 167.12 min. The proposed framework offers a transferable and computationally efficient 
approach for national-scale resilience assessment and transport planning.

1. Introduction

National transport systems, comprised of highway, railway, airline, 
and so on, are vital to intercity mobility and national productivity [1–5]. 
As different transport modes of national transport systems become 
increasingly interconnected, intermodal transfers and shared demand 
have become increasingly common [6,7]. In China, for example, the 12, 
306 air-rail intermodal services now cover over 80 cities, and where 
formal services are absent, roads provide the critical station–airport 
connectors that enable passengers’ door-to-door travel. Collectively, 
road, rail, and air carry over 99 % of intercity passengers [8]. This 
interconnection broadens travel choice and operational flexibility but 
also creates cross-modal interdependencies [9,10]. These realities 
motivate national, multimodal, and passenger-oriented approaches for 
transport planning and investment [11,12].

Given their extensive geographic coverage, national multimodal 
transport systems (NMTSs) are highly exposed to extreme events, from 

natural hazards such as floods and typhoons to human-induced disrup
tions like regional lockdowns [13–15]. These events can damage infra
structure and simultaneously suspend scheduled services (e.g., train and 
flight cancellations), sharply reducing passenger mobility [16]. For 
example, the 7.20 Zhengzhou rainstorm in 2021 flooded rail stations 
and the airport, delaying or canceling more than 1000 trains and over 
500 flights in a single day, and reportedly affecting millions of travelers. 
While intermodal redundancy offers alternative routes during disrup
tions, cross-modal interdependencies also transmit failures: flooded ar
terials sever access/egress to rail stations and airports; hub 
station/airport closures propagate timetable knock-ons and missed 
transfers [17–19]. These risks are expected to intensify under climate 
change and rapid urbanization [1,20,21]. Consequently, understanding 
and enhancing NMTS resilience from the passenger perspective—how 
extreme events reshape door-to-door travel time and journey reliabili
ty—has become a pressing research priority [22].

Despite growing interest in transport system resilience, most 

* Corresponding author.
E-mail address: min.ouyang@hust.edu.cn (M. Ouyang). 

Contents lists available at ScienceDirect

Reliability Engineering and System Safety

journal homepage: www.elsevier.com/locate/ress

https://doi.org/10.1016/j.ress.2026.112256
Received 29 April 2025; Received in revised form 15 December 2025; Accepted 18 January 2026  

Reliability Engineering and System Safety 273 (2026) 112256 

Available online 19 January 2026 
0951-8320/© 2026 Elsevier Ltd. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

https://orcid.org/0000-0002-3190-4390
https://orcid.org/0000-0002-3190-4390
https://orcid.org/0000-0003-2902-7365
https://orcid.org/0000-0003-2902-7365
mailto:min.ouyang@hust.edu.cn
www.sciencedirect.com/science/journal/09518320
https://www.elsevier.com/locate/ress
https://doi.org/10.1016/j.ress.2026.112256
https://doi.org/10.1016/j.ress.2026.112256


national-scale studies focus on single-mode (e.g., railway or highway) or 
overlook critical factors such as passenger demand, travel time vari
ability, and service schedules [9,23–25]. Multimodal, travel time–based 
assessments are typically confined to urban or regional contexts, where 
system complexity is more tractable [19,26–28]. Extending such ana
lyses to NMTSs introduces several modeling and quantification chal
lenges. First, the multimodal and timetable-constrained nature of 
NMTSs makes it difficult to accurately model passengers’ routing 
behavior and transfer decisions across modes [29,30]. Second, jointly 
representing physical damage and service-level disruptions to quantify 
their combined passenger impacts—an integration rarely attempted 
[31]. Third, the travel time–based resilience problems at the national 
scale are computationally intensive, especially when accounting for 
failure uncertainty [32,33]. Most algorithms developed for urban-scale 
systems are not scalable to national networks involving hundreds of 
thousands of components and detailed timetable data [34,35]. Collec
tively, the large-scale, multimodal, and timetable-dependent charac
teristics of NMTSs, combined with the diversity and uncertainty of 
extreme events, make travel time–based resilience both methodologi
cally and computationally.

In response, this study proposes a passenger-oriented framework for 
assessing the travel time resilience of NMTSs under extreme events. The 
framework ingests multimodal transport data (road, rail, and air), OD 
demand, and day-by-day event calendars; and outputs time-dependent 
OD travel times, daily functionality metrics, and cumulative resilience 
loss. It offers several key contributions. First, it addresses the modeling 
complexity by constructing a dynamic functionality network of NMTSs 
and formulating a resilience model that integrates multimodal routing, 
timetable constraints, diverse disruption scenarios, and travel demand 
of passengers. Second, to cope with the huge computational challenge, 
two solution methods are proposed to efficiently calculate the travel 
time resilience under different application scenarios. Third, the meth
odology is applied to the resilience assessment of the coupled road, high- 
speed railway (HSR), and airline system in mainland China under two 
real-world events—COVID-19 city lockdowns, representing operational 
service disruptions, and a heavy rainstorm in Zhengzhou, representing 
infrastructure damage. This study serves three audiences: passengers by 
predicting door-to-door times and enabling disruption-aware rerouting; 
operators by estimating achievable itineraries under current timetables 
and testing staged recovery policies; and planners by identifying key 
correlates of resilience outcomes and intermodal bottlenecks. The rest of 
this paper is organized as follows. Section 2 reviews recent literature on 
national transport system resilience. Section 3 describes the detailed 
methodology of this paper. Section 4 presents a case study on the 
coupled road, HSR, and airline system in mainland China. Section 5
provides conclusions and directions for future research.

2. Literature review

Many disaster-related concepts have been utilized to study the per
formance of transport systems against disruptions, including reliability, 
risk, vulnerability, robustness, flexibility, survivability, and resilience. 
Among them, reliability is defined as the probability that a network 
remains operative given the occurrence of a disaster or disruptive event 
[36,37]; risk is used to characterize the threat of a disaster event in terms 
of its likelihood of occurrence and consequence, and typically measured 
as the probability of an event arising and its corresponding effects [38]; 
vulnerability is usually quantified as the functionality drop under a 
disruptive event [39], and robustness can be regarded as the opposite of 
vulnerability [36]; flexibility captures the inherent capacity of a system 
to cope with uncertainty [40]; survivability is the ability to withstand 
sudden disturbances to transport functionality while meeting original 
demand [41]. This study mainly focuses on resilience, which measures 
the capability of a system to withstand internal/external disruptions and 
rapidly recover from them [42–44]. Compared with other terms, resil
ience offers a much broader framework to cope with disruptions 

including preparedness, response, recovery, and adaptation [17,45], 
and resilient transport system is thus regarded as an efficient means to 
cope with the challenges imposed by lifeline interdependencies, multi
ple evolving hazards, and climate change.

2.1. Resilience of single-mode national transport systems

National-scale quantitative resilience studies for individual transport 
modes—especially rail and air—fall into three streams. One stream 
could be characterized as topology-based resilience analysis, where 
complex-network metrics, such as network efficiency [46,47], connec
tivity [37,48], or largest component size [49,50], are used to measure 
system functionality. For example, Xiao et al. [37] identified critical 
HSR stations and trains via their impacts on network connectivity, and 
Fan et al. [51] proposed a degree-deviation flight-addition strategy that 
improves the robustness of European air networks under random and 
centrality-based attacks. The second stream proposed flow-based met
rics to capture service disruptions, including the number of cance
led/delayed trains (or flights) [52–55] and the service frequency [56]. 
Janić [57], for example, provides a data-driven resilience assessment of 
FedEx Express during the 2010 “Snoverkill” blizzard based on real data 
on canceled flights, and similar approaches have been applied to the U. 
K. rail system [58].

The third stream uses travel-time outcomes as resilience indicators. 
Common functionality metrics include average travel time [59–61], 
travel delay [62–65], weighted travel time [66,67], delayed passenger 
flow [68], and accessibility [69,70]. Xue et al. [64] quantify how severe 
rainfall perturbs HSR travel times across different spatial-temporal 
scenarios, while Tang et al. [71] design a three-stage HSR recover
y—rescue/additional trains, in-area timetable optimization, and 
external coordination—to minimize passenger delays in the Greater Bay 
Area. Together, these studies underscore the central role of timetables 
and travel-time modeling in assessing post-disaster transport function
ality [71–73].

2.2. Resilience of national multimodal transport systems

Despite growing intermodal coupling, rigorous national-scale 
multimodal resilience studies remain scarce and mostly focus on 
paired systems, especially rail-air [74,75]. Fang et al. [53] propose a 
multi-stage resilience framework for typhoon impacts assessment and 
show that rail-air complementarity can enhance system resilience. Using 
the train/flight flow-based metrics, Chen and Wang [52] estimated the 
impacts of severe weather events on HSR and airline in China. Utilizing 
the travel time-based metrics, Zhang et al. [4] analyzed the coupled rail 
and air system against localized events. Studies on road-rail coupling 
systems also appear: Chen et al. [59] evaluated pluvial-flood impacts 
using topology-based travel time delay and found the coupled road-HSR 
network more resilient than single-mode counterparts; Misra and 
Padgett [76] assessed the resilience of a national rail-highway freight 
system under earthquakes using freight volume and cost as functionality 
metrics.

Yet in many countries, road, rail, and air jointly deliver nearly all 
intercity mobility (e.g., >99 % in China), and only a few studies inte
grate all three modes for resilience analysis. Chen and Lu [77] construct 
a topology-based resilience model for the Greater Bay Area road–rail–air 
system under random failures, targeted attacks, and natural hazards, 
proposing a node-importance recovery policy; Stamos et al. [78] analyze 
a three-city air-rail-road network under extreme weather using a 
data-driven method. These tri-modal studies remain topology-centric 
and do not incorporate timetables.

Crucially, tri-modal coupling is realized through passengers’ door-to- 
door chains—shared demand and intermodal transfers in normal oper
ations—and through cross-modal substitution and cascade pathways 
under disruption (e.g., flight cancellations shifting to rail or road). 
Omitting any mode therefore biases delay, accessibility, and affected- 
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passenger estimates and obscures recovery levers. This motivates a 
national-scale, passenger-oriented, timetable-aware framework that 
represents all three modes jointly.

3. Methodology

This study develops a passenger-oriented framework to quantify the 
impact of extreme events on national multimodal transport systems 
(NMTSs), with an explicit focus on travel time and travel flow (Fig. 1). 
The framework comprises six modules: 

(1). Multi-source data integration: Assemble transport system data 
(e.g., railway layout, train and flight timetables, road network), OD 
demand data, extreme-event data, and socio-economic data.
(2). Functionality network modeling: Construct a unified, dynamic 
functionality network G with three modal layers (road, rail, air) 
coupled by transfer links, that supports time-dependent routing and 
travel time calculation.
(3). Extreme-event modeling. Map daily physical damage and service 
suspensions to network G via a damage state vector Xd; produce the 
disrupted network G(Xd) for each day of the event.
(4). Functionality loss calculation. Compute OD travel times 
on G(Xd) using a time-dependent minimum travel-time algorithm 
(MTTA); combine with OD demand to obtain daily functionality 
loss Ad.
(5). Resilience assessment. Aggregate Ad over the event window to 
derive resilience loss RL; accelerate national-scale assessment by 
proposing two efficient methods.
(6). Output. The framework outputs time-dependent OD travel times, 
daily functionality, and multi-scale resilience loss, which inform 
disaster response and resilience planning.

The data sources and output are described in Section 4 (Case study). 
The remainder of this section details the other four modules.

3.1. Functionality network modeling of NMTSs

Although road, rail, and air systems are physically independent and 

operate under distinct rules, they jointly serve door-to-door journeys 
and share a common “travel time” attribute from the passenger’s 
perspective. This section therefore integrates the three subsystems into a 
unified functionality network capable of capturing end-to-end passenger 
behaviors. Passenger movements are classified into four categories—
road travel, rail travel, air travel, and inter-mode transfers—leading to a 
three-layer network structure (road, rail, and air) interconnected by 
directed transfer links (Fig. 2). 

(1). Road layer

The road layer is modeled as an undirected weighted network GR =
(
NR,ER, WR), where NR is the set of road intersections, ER is the set of 

road segments, and WR record travel time along each edge. The travel 
time along a link is determined by segment length, speed limit, and 
disruption status (e.g., closures or capacity reductions). The nationwide 
road layer in this study includes both intercity expressways (connecting 
cities) and urban roads (primarily enabling within-city access/egress to 
stations/airports and supporting intra-city inter-terminal transfers). 

Fig. 1. The demonstration of the passenger-oriented resilience assessment framework for NMTSs.

Fig. 2. The three layers of the NMTSs and the passenger trips in each layer.
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(2). Rail layer

Rail travel comprises inter-station train trips and identical-mode 
transfers within a station. To explicitly capture passenger waiting and 
platform changes, each station n is modeled as two nodes, i.e., a de
parture node ndp and an arrival node nar, representing the departure 
platform and arrival platform, respectively. A train trip from station i to 
station j on train h is modeled as a timetable-related link from idp to jar. 
An identical-mode transfer within station n is modeled as a transfer link 
from nar to ndp (Fig. 3a-b).

The weight of each link corresponds to its travel time. For a 
timetable-related link l from idp to jar via train h, its travel time consists 
of two parts. The first part is the running time of train h, quantified as 
the scheduled arrival time atl at station j minus its scheduled departure 
time dtl at station i. The second part is the waiting time for train h, 
which depends on the passenger’s arrival time at the departure 
platform i (ti). If one arrives at the departure station before the train 
departs, the travel time equals the scheduled arrival time minus the 
passenger’s arrival time; otherwise, the passenger waits until the next 
scheduled service, as shown in Fig. 3c and Eq. (1). Identical-mode 
transfer links are assigned the minimum platform transfer time 
(MPTT) for the respective station. This transfer time represents the 
minimum time required for passengers to move between platforms and 
board a subsequent train. Notably, trains themselves do not traverse 
transfer links; these links solely characterize passenger transfers. 

wl =

⎧
⎨

⎩
atl − ti, ti ≤ dtl

1440 + atl − tmi, ti > dtl
(1) 

The rail layer is thus modeled as GH =
(

NH
dp, NH

ar, LH, LHH, WH,

WHH
)

. NH
dp and NH

ar denote the set of departure nodes and arrival nodes 

of all stations, respectively; LH is the timetable-related link set with 
time-dependent weight WH; LHH records the identical mode-based 
transfer link set with transfer times WHH determined by station design. 

(3). Air layer

The air layer mirrors the rail construction: GA =
(

NA
dp, N

A
ar, LA, LAA,

WA, WAA
)

. NA
dp and NA

ar denote the set of departure nodes and arrival 

nodes of all airports, respectively; LA is the airline timetable-related link 

set with a weight set WA; LAA records the identical mode-based transfer 
links set inside all airports, and WAA records the corresponding transfer 
time. 

(4). Intermodal coupling

Three families of transfer links couple the layers: For the transfer be
tween road and rail layers, check-in links LR→H connect the nearest road 
node of each rail station to its departure node. And check-out link
s LH→R connect the arrival node of each rail station to its nearest road 
node. Their weights WR→H and WH→R include access/egress walking and 
fixed penalties for ticketing/security where applicable. Analogously, 
check-in/out links LR→A/LA→R with weights WR→A/WA→R represent the 
transfer between road and air layers. For co-located multimodal hub fa
cilities (e.g., an airport with an integrated rail station), directed inter
modal links LH→A/LA→H with fixed transfer times WH→A/WA→H covering 
check-in/out, security, and baggage are built. Such air–rail integration 
is common in practice; in China, for example, the 12,306 air–rail program 
currently serves 46 cities. Where no direct facility exists, rail–air transfers 
can be realized via the urban roads (rail→road→air). Then, CRHA is 
defined to record all these transfer links and their weights.

Finally, the NMTS is modeled as a weighted directed network G =
{
GR,GH, GA,CRHA}. For transparency and reproducibility, Appendix A

provides a worked example that enumerates all links and their weights, 
and traces a sample passenger itinerary to illustrate how actual arrival 
times propagate. Unlike many static multi-modal networks that over
look the timetables of trains and flights [59,76], our modeling method 
introduces a dynamic functionality network G that incorporates 
time-varying weights for timetable-related links. In this way, the travel 
time of a specific OD pair varies depending on the departure time. This 
time-dependent variation is a key characteristic of the functionality 
network when assessing travel time-based resilience. Furthermore, the 
above network modeling method is also applicable to other subsystems 
of NMTSs, such as the coupled road and railway system, the coupled 
road and airline system, and each individual system.

3.2. Modeling of extreme events

The impacts of extreme events on transport systems can generally be 
classified into two categories. The first type involves direct physical 
damage to transport infrastructure. For example, the 7.20 Zhengzhou 
rainstorm inundated road segments, rail stations, and tracks. The second 

Fig. 3. (a) The timetable of train 1. (b) the network model of train 1 and the three stations, where each train travel is modeled by a timetable-related link from the 
departure node (dots) of the departure station to the arrival node (squares) of the arrival station. (c) two situations recording the waiting time and in-train time along 
a timetable-related link.
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type comprises service-level disruptions without physical damage. A 
prominent case is the COVID-19 outbreak, during which the lockdown of 
Wuhan (January 23 to April 8, 2020) led to a large-scale suspension of 
road, rail, and air services. Both types of impacts can be consistently 
represented by modeling their effects on the operational status of nodes 
and edges in functionality network G. Specifically, for each day d, the 
impact of an extreme event on the transport system is captured by a 
damage state vector Xt in Eq. (2). xl is a binary variable indicating the 
operational state of component l (1 for functional state, 0 for damaged 
state. This component–time formulation naturally accommodates 
phased or asynchronous failure and recovery across modes and assets 
(different components may fail or resume on different days). 

Xd = {xl(d), l ∈ G} (2) 

At the implementation level, the framework systematically collects 
daily disruption information during each extreme event, encompassing 
both physical damage (e.g., inundated stations, collapsed roads) and 
service disruptions (e.g., road closures, train suspensions, flight can
cellations). It is assumed that if any station or track along a train’s route 
experiences physical damage, the corresponding train service is 
canceled. Subsequently, these disruptions are mapped onto the func
tionality network G by establishing the correspondence between dis
rupted components (physical infrastructure or scheduled services) and 
their network representations. Specifically, each component l in G cor
responds to a set of underlying physical elements and scheduled trains/ 
flights, denoted as Zl. Component l is considered disrupted if any 
element in its corresponding set fails, as shown in Eq. (3). For instance, 
the state of a timetable-related link from station i to station j via train
h depends on the states of station i, station j, and train h. 

xl(d) =
∏

i∈Zl

xi(d), l ∈ G (3) 

This formulation enables both physical damages and service sus
pensions to be consistently encoded into the damage state vector, 
thereby providing a unified representation of multimodal disruptions 
under extreme events.

3.3. Functionality loss calculation

The previous subsection modeled how extreme events affect the 
damage state of network G, and produce a disrupted net
work G(Xd) each day. This subsection translates those impacts into 
passenger-level consequences and calculates the day-to-day system 
functionality loss. When disruptions occur, certain trips may become 
infeasible—either direct trips whose origin or destination lies within the 
affected region, or transit-dependent trips whose pre-event itineraries 
traverse nodes/links in that region. Travelers may wait for services to 
resume or adapt by re-routing and/or changing modes. To reflect these 
effects, the functionality loss on day d, Ad is evaluated from passenger 

travel performance using an OD demand matrix fd =
{

fij(d), i,

j ∈ NZ
}

and a corresponding OD travel-time matrix ad =
{
aij(d), i,

j ∈ NZ} on day d, as shown in Eq. (4), where NZ records the set of ori
gins and destinations. 

Ad = F(fd, ad) (4) 

This formulation is flexible: by choosing F(⋅), one can report average 
delay, the proportion of delayed passengers, or accessibility indices 
[79–81].

Ideally, f should capture temporally resolved passenger flows (e.g., 
hourly or minutely), and the route choice decisions should be mediated 
by many complex factors including travel time, travel cost, transfer 
times, and mode preferences (Appendix A.4). However, such granular 
data are rarely available at the national scale. As a practical simplifi
cation, and in line with prior transport accessibility and resilience 

studies [80,82–84], this study assumes that each passenger selects the 
daily fastest travel path. This implies that all passengers on day d are 
represented by the itinerary achieving the daily minimum travel time 
across all feasible multimodal paths and departure times (Appendix 
A.4). This provides the lowest bound estimation of travel time, and 
implicitly captures the adaptive re-routing behavior under disruption. 
Under this assumption, fij represents the daily aggregated travel de
mand from zone i to zone j, which can be sourced from empirical 
datasets (e.g., Baidu Migration) or standard demand models (e.g., 
gravity). The OD travel time aij denotes the daily minimum travel time 
from zone i to zone j across all feasible multimodal paths and departure 
times on the disrupted network G, as shown in Eq. (5). Where
DT denotes the set of departure time that ranges from 0:00 am to 24:00 

pm with a time interval of 10 min, and cij(t) is the minimum travel cost 
(in-vehicle time + time-dependent waiting + transfer times) at depar
ture time t. 

aij(d) = min
t∈DT

cij(t), ∀i, j ∈ NZ (5) 

To compute cij(t), the standard static Dijkstra algorithm is inappli
cable since timetable-related links in network G have time-varying 
weights [85]. This section therefore proposes a Minimum Travel-Time 
Algorithm (MTTA) for time-dependent networks. MTTA computes the 
minimum travel times cmn(tm) from a given origin m and departure 
time tm over network G as follows: 

Step 1. Set travel time cmm(tm) = 0, and cmn(tm) = bigM for 
all n ∕= m. Define a vector {Ωm(n)} to record the current travel time 
from m to n, with all elements initially set as bigM (a sufficiently 
large number); note that Ωm(m) is not included in {Ωm(n)}.
Step 2. Define n∗ to record the current traversing node, and 
set n∗ as m.
Step 3. Identify all links l directly connected to n∗ (i.e., o(l) = n∗,

o(l) and d(l) separately denote the origin and destination node of 
link l), calculate the travel time along link l when departing at tn∗ , i. 
e., τl(tn∗ ). It equals the link weight or bigM, depending on whether 
link l is disrupted, as shown in Eq. (6). 

τl(tn∗ ) = xlwl(tn∗ ) + (1 − xl)bigM, ∀o(l) = n∗ (6) 

where wl(tn∗ ) is a constant weight value for those constant links, 
including road edges, identical-mode transfer links, check-in and check- 
out links. Whereas its value varies with the passenger’s arrival time
tn∗ for timetable-related links, as expressed in Eq. (1). 

Step 4. Update Ωm(d(l)) = cmn∗ (tm)+ τl(tn∗ ). Identify the minimum 
value in {Ωm(n)}, record the corresponding node as n∗, 
set cmn∗ (tm) = Ωm(n∗), tn∗ = tm + cmn∗ (tm), and remov
e Ωm(n∗) from {Ωm(n)}.
Step 5. Repeat steps 3–4 until {Ωm(n)} is empty or all elements 
in {Ωm(n)} equal bigM.

By running MTTA over all departure times t ∈ DT for each OD pair, 
the OD travel time aij(d) is obtained as Eq. (5). Coupling these times 
with OD demands fij(d), the daily system functionality loss Ad can be 
calculated. For better clarity, Appendix A provides a worked example 
that illustrates how passenger routes and travel times change after a 
disruption event.

3.4. Travel time resilience assessment

This section evaluates the travel time-based resilience for NMTSs. 
Here, the resilience loss RL is the integral of the daily functionality 
loss Ad over the entire event influencing period [0,D] [86]: 
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RL =
∑D

d=0
Ad (7) 

A direct evaluation of RL would repeat MTTA (Section 3.3) for all 
OD pairs (i, i) ∈ NZ × NZ, for all departure time t ∈ DT, and across all 
days d ∈ [0,D]. However, this simple repetition-based method (SRM) is 
computationally expensive for NMTSs with large road networks (e.g., for 
mainland China, a single OD MTTA can take days, implying decade-level 
wall-clock time for full SRM). To address this, two efficient method
s—the critical-nodes method (CNM) and the segment-computation 
method (SCM)—that yield exact travel-time while reducing runtime 
by orders of magnitude. 

(1). Critical nodes-based method

Given that resilience is typically evaluated on a limited set of 
representative nodes—one per analysis zone [87,88], the critical 
nodes-based method (CNM) replaces the full road network with a 
compact critical road network among nodes that actually mediate 
multimodal journeys. Two types of critical road nodes are used: (i) 
intermodal access nodes NI (count kI; red dots in Fig. 4a), defined as the 
road nodes nearest to rail stations and airports, which connect the road 
layer to the rail and air layers. (ii) OD representative nodes NZ 

(count kZ; red stars in Fig. 4a), whose door-to-door travel times under
pin the functionality calculation in Eq. (4). Notably, OD nodes are 
task-driven but chosen by deterministic, ex-ante rules to remove arbi
trariness. Typical national-scale tasks include: (a) intercity travel time 
analysis, where each city’s central road node is taken as the OD node; (b) 
key-facility accessibility, where all road nodes serve as origins and the 
road nodes nearest to each facility serve as destinations; and (c) statio
n/airport accessibility, where all HSR stations and airports are taken as 
OD nodes.

Operationally, the CNM first extracts a fully connected critical road 
network GC =

(
NC, EC, WC), where NC = NI ∪ NZ denotes the critical 

node set. Any two critical nodes are connected by an undirected link 
in EC; with link weight in WC equals to the fastest travel time between 
two endpoints on the full road network under Xd. Next, this critical 
network is integrated with the rail and air layers to form a hybrid 
network GCHA =

{
GC, GH, GA, CRHA} (Fig. 4b), and the MTTA is 

executed on this reduced network to compute minimum travel times and 
derive resilience loss. It should be noted that the computational cost of 
CNM is governed by kZ, with its computational time complexity 

as O
(

kZ2
)

(Fig. 5). Consequently, CNM is highly efficient 

when kC≪kR but its advantage diminishes as kC approaches the size of 
the original road network. 

(2). Segment computation-based method

In response to the huge computational time of CNM when kC ≈ kR, 
the segment computation-based method (SCM) is further proposed. In 
this method, a trip from origin i to destination j is decomposed into 
three segments: a road travel from i to x, a NMTS travel from x to y, and 
a road travel from y to j, where x, y ∈ NI are intermodal access nodes 
(Fig. 5). Among these, only the middle segment is multimodal and 
computationally expensive. To accelerate evaluation, the method pre
computes and stores the NMTS travel times between all intermodal ac
cess node pairs as a time-dependent lookup table. The OD earliest- 
arrival at departure time t is then obtained by min-plus composition 
of two road legs with a single trunk lookup (evaluated over candidate 
station pairs), as shown in Eq. (8). cR

ix and cR
yj denote the road-only 

travel time from i to x and from y to j, respectively. cIHA
xy

(
t + cR

ix
)

the 
precomputed multimodal time from x to y at time t+ cR

ix. 

cij(t) = min
x,y∈NI

{
cR

ix + cIHA
xy

(
t+ cR

ix
)
+ cR

yj

}
, i, j ∈ NZ, t ∈ DT (8) 

Operationally, SCM first extracts a road graph among intermodal 
access nodes GI =

(
NI, EI, WI

)
, EI connects access-node pairs 

and WI records the fastest road travel time between the two endpoints 
of each link under Xd. Next, it builds a simplified multimodal 
network GIHA =

{
GI, GH, GA, CRHA

}
, and runs MTTA to pre

compute cIHA
xy (t) for all x, y ∈ NI and t ∈ DT via GIHA. Finally, OD 

queries are realized using Eq. (8) with two road computations and one 
table lookup, avoiding repeated multimodal searches. Because the cost 
of SCM scales primarily with the number of access nodes kI—which is 
typically much smaller than kR—SCM is particularly advantageous 
when kZ is large (e.g., many or all nodes are OD). The resulting OD times 
feed into the daily functionality and resilience aggregation as described 
above.

In implementation, given the multimodal network G, its day-by-day 
damage states Xd, and the OD set NZ used in the functionality metric, 
the evaluation method is selected based on kZ. When kZ is small (e.g., 
for a single OD pair), the CNM is adopted, which contracts the road layer 
to a compact graph on critical nodes and thereby avoids repeated 
searches over the full road mesh. When kZ is large (e.g., many or all 
nodes are OD), the SCM is selected, which precomputes a lookup table of 
multimodal station-to-station times, thereby eliminating redundant 
multimodal searches. The threshold for method selection kZ∗ is case- 
dependent; its determination for our study is provided in the Case 
Study section. The full pseudocode for the resilience calculation is pro
vided below:

1: Input network G, its daily damage state Xd , d= 0, 1, 2, …, D, and OD set NZ

2: for d= 0, 1, 2, …, D
3: if kZ < kZ∗ # using CNM
4: Calculate cR

ij for all i, j ∈ NC via GR under Xd using the Dijkstra algorithm, and 
build network GCHA;

5: Calculate cij(t) via GCHA under Xd using MTTA for all i, j ∈ NZ and t ∈ DT;
6: else # using SCM
7: Calculate cR

ij for all i, j ∈ NC via GR under Xd using the Dijkstra algorithm, and 
build network GIHA;

(continued on next page)

Fig. 4. The simplified versions of network G. (a) the original road network with 
red nodes for intermodal access nodes and red stars for OD representative 
nodes. (b) the simplified network GCHA, where the light pink lines denote links 
in EC; the green dashed lines indicate the travel path from origin i to des
tination j via GCHA. (c) The simplified network GIHA, where the light pink lines 
denote links in EI ; the travel path from origin i to destination j consists of three 
parts: road-based travel from i to x, GIHA-based travel from x to y, and road- 
based travel from y to j.

Fig. 5. The three segments of the travel from origin i to destination j. the ac
cess/egress road legs may be purely urban (same-city terminal) or a mix of 
urban roads and expressways when using a nearby city’s terminal.
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(continued )

8: Calculate cIHA
xy (t) via GIHA under Xd using MTTA for all x,y ∈ NI and t ∈ DT;

9: Obtain cij(t) for all i, j ∈ NZ and t ∈ DT according to Eq. (8);
10: end
11: Get ad =

{
aij(d)

}
according to Eq. (5);

12: Get Ad according to Eq. (4);
11: end
12: Obtain RL based on Eq. (7).

4. Case study

This section analyzes the travel time resilience of the coupled road, 
HSR, and airline system in mainland China (Fig. 6). According to the 
2020 administrative division of China [89], there exist 363 
prefecture-level cities in mainland China (Fig. 6a). This section focuses 
on inter-city travels and each of the 363 prefecture-level cities (kZ =

363) is represented by one OD representative node, taken as the road 
intersection nearest the city’s urban centroid. These cities can be further 
grouped at eight economic zones level or 31 provinces level. The eight 
economic zones consist of northeast China (NEC), northern coastal 
China (NCC), southern coastal China (SCC), eastern coastal China (ECC), 
middle reaches of the Yellow River (MRYLR), middle reaches of the 
Yangtze River (MRYTR), southwest China (SWC), and northwest China 
(NWC) (Fig. 6b).

Data and parameters: The road network in mainland China is 
available from the Geofabrik’s free download server [90], which con
tains 4258,800 nodes and 5228,683 edges, and the travel speed on each 
edge is assigned based on the edge type [91]. The railway and airline 
timetable information in other countries can be sourced from national 
transport departments or ticketing platforms [58]. There are totally 
1284 high-speed stations and 238 airports (kI = 1522). The population 
movement flow data for 2020–01–01 to 2020–02–25 and 2021–09–13 
to 2022–03–10 are obtained from Baidu migration [92], which reports 
city-pair flows. Specifically, because the daily OD series does not cover 
the Zhengzhou rainstorm or the Shanghai lockdown windows, this 
section constructs a time-invariant baseline OD matrix fd by averaging 
daily flows over the available periods and holding it fixed across days. 
The statistical data, including urban population and GDP, are obtained 
from the statistical yearbook of regions in China [93]. Following the 
recommendations of most Chinese airports and train stations [94], the 
time needed to enter a station (or an airport), exit from a station (or an 
airport), and transfer inside a station (or an airport) is set as 30 min (or 
60 min), 15 min (or 30 min), 30 min (or 60 min), respectively [69]. The 
experiments are performed on a laptop with Intel i5 11300H quad-core 
@3.10 GHz and 16GB memory.

4.1. Computational cost analysis of the resilience assessment methods

This section tests the computational cost of the CNM and SCM in the 
resilience assessment of the NMTS in mainland China. Note that the 
computational cost CRL for the resilience loss RL is approximately equal 

to the sum of the computational cost Ca for the travel time matrix a
under all time periods (κ = 0, 1, 2, ...,K), i.e., CRL ≈ Ca ∗ (K + 1). The 
experiments thus compare the computational cost of the two methods in 
terms of Ca. Theoretically, the value of Ca depends on the number of 
representative nodes kZ in NMTS with fixed kI and kR. Fig. 7 show
s Ca as a function of kZ for the two methods, where kZ representative 
nodes are randomly selected from road nodes with kZ from one to 1600. 
From the figure, the computational cost of the CNM is the quadratic 
function of kZ, with CaCNM = 0.000019kZ2

+ 0.0038kZ + 2.6; while the 
computational cost of the SCM is linearly correlated with kZ, 
with CaSCM = 0.0017kZ + 68.74. Also, results show that there exists a 
critical kZ, i.e., kZ∗ = 1143. The CNM is more applicable 
when kZ < kZ∗, while the SCM is more time-saving when kZ > kZ∗.

In summary, the CNM is more applicable for those scenarios of 
small kZ, especially when it is considerably smaller than the number of 
intermodal access nodes kI. On the contrary, the SCM is more suitable 
for those scenarios of large kZ. Despite that the critical threshold for kZ 

(1143 in mainland China) may vary depending on the case system of 
concern, the proposed two methods offer a comprehensive solution for 
addressing the travel time-based resilience problem in diverse scenarios. 
Considering that the case study section defines system functionality 
based on the travel time among 363 cities (kZ = 363), the CNM is thus 
the most time-saving method with CaCNM = 20.77 h (Fig. 6), and the 
subsequent experiments use the CNM to support the resilience estima
tion and analysis.

Fig. 6. The study area and zone division. (a) city-level division of mainland China, cities colored dark grey are typical cities mentioned in the result analysis. (b) 
province- and economic zone-level divisions of mainland China.

Fig. 7. Ca as a function of kZ using the two solution methods, respectively. the 
blue and brown rectangles denote the real values of CaCNM, CaSCM, respectively, 
and the two lines are the corresponding fitting curves.
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4.2. Resilience assessment of NMTSs under city lockdown

Following COVID-19 outbreaks, China implemented regional lock
downs—notably the metropolitan quarantine of Wuhan (≈76 days) and 
the dynamic lockdown of Shanghai (≈66 days). In the case study, a 
lockdown is approximated as a spatially localized, synchronous close
–reopen within the locked area for two pragmatic reasons. First, 
Wuhan’s enforcement and reopening were essentially step-like—the 
government lockdown order instructed residents not to leave the city 
and suspended all access via airports, railway stations, and freeway 
entrances at 10:00 on 23 January 2020. Second, component-level daily 
closure and reopening records for other city lockdowns are rarely 
available nationally, and a uniform specification aids cross-city 
comparability. Operationally, this section disables all road edges 
whose centroids lie in or cross the locked area; suspends all trains or 
flights whose origins or destinations are inside the locked area; and al
lows through services to skip in-region stops while operating outside. 
Links in network G are marked disrupted if any element in their asso
ciated component set fails (Eq. (3)), and all affected elements are 
assumed to fail at lockdown start and resume at lockdown end.

Due to the prolonged duration of city lockdowns, passengers within 
the locked-down cities could experience travel delays lasting several 
months, rendering average delay metrics less meaningful for assessing 
the disruption. Therefore, this section adopts the proportion of affected 
passengers (PAP) to capture the impact of the lockdown. During 
Wuhan’s lockdown, an average of 3.84 % of NMTS passengers were 
affected per day—1.35 times higher than the actual passenger flows 
entering or exiting the city (2.84 %). The overall resilience loss associ
ated with Wuhan’s lockdown was 2.92 (Fig. 8a). Geographically, the 
impact exhibited a clear spatial radiation pattern, with PAP values 
decreasing outward from Wuhan (Fig. 8b). In particular, four cities 
within the Wuhan metropolitan area—Xiaogan, Xianning, Huanggang, 

and Ezhou—experienced PAP values exceeding 60 %, with the affected 
passengers (excluding direct Wuhan flows) suffering an average travel 
delay of 61.47 min. Moreover, 18 cities, primarily located in Hubei 
Province, experienced PAP values above 15 %, with an average travel 
delay of 28.93 min. These widespread impacts are largely attributable to 
Wuhan’s central role as a regional transport hub. A similar pattern was 
observed during Shanghai’s lockdown, where 6.35 % of NMTS passen
gers were affected daily—1.53 times the proportion of direct flows to 
and from Shanghai (4.15 %). Only one city, Suzhou, had a PAP value 
above 50 %, and the average travel delay there was relatively modest at 
17.43 min, reflecting the more robust and redundant transport network 
surrounding Shanghai (Fig. 8c). However, nearly half cities had over 1 % 
of passengers affected, underscoring Shanghai’s significance as a na
tional transport hub despite the availability of alternative routes.

In addition, the experiments assess the resilience loss under the 
lockdown of each city, with the lockdown duration set as 76 days for 
comparison purposes. The resilience loss map depicted in Fig. 9a shows 
an obvious spatial imbalance, with the daily PAP ranging from 0.01 % to 
10.07 %. Guangzhou (RL = 7.65), Shenzhen (RL = 5.40), Shanghai 
(RL = 4.83) are the top three cities whose lockdowns bring the largest 
resilience loss; while the lockdown of Nagqu or Chamdo has little impact 
on inter-city travel, with RL < 0.02. At the province level, the highest 
resilience loss is associated with three municipalities directly under the 
Central Government of Shanghai, Beijing, and Tianjin (RL > 1.8). There 
are three provinces with the lowest average resilience loss over their 
comprised cities, i.e., Tibet, Gansu, and Qinghai, with the RL smaller 
than 0.1. At the economic zone level, the highest average resilience loss 
is resulted from the lockdown of cities in the ECC with the mean RL as 
1.35, followed by the SCC of 0.94, the NCC of 0.91. The NEC and NWC 
have the smallest average resilience loss with the mean RL as 0.32 and 
0.08, respectively (Fig. 9b). The experiments also examined spatial 
dependence in the RL field. A global Moran’s I test indicates significant 

Fig. 8. (a) The PAP changes under the lockdown of Wuhan and Shanghai. The PAP of each city due to the lockdown of (b) Wuhan and (c) Shanghai.
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positive autocorrelation (I = 0.14, p < 0.001), and a local indicators of 
spatial association (LISA) analysis reveals clear clusters—large LL belts 
in the west and HH/HL pockets along the east—consistent with regional 
agglomeration.

To investigate the factors driving the spatial impact patterns, this 
section employs a city-level linear mixed model considering six in
dicators: GDP, number of city population (NCP), number of road nodes 
(NRN), number of high-speed trains that stop inside the city (NHT), 
number of flights that stop inside the city (NAF), and a transport 
network size-related indicator, TNS I (sum of normalized NRN, NHT, 
NAF). The experiments test alternative functional forms (logs, squares, 
products/interactions) and the best specification is lg (RL) ~lg (GDP) +
lg (TNS), with fixed slopes of 0.74 for lg (GDP) and 0.14 for lg (TNS) 
(Fig. 9). GDP had the strongest effect (p < 0.01, Hedge’s g = 2.59), 
followed by TNS (p < 0.01, Hedge’s g = 0.59). This suggests that well- 
developed cities with higher GDP and larger transport systems are 
associated with more resilience loss due to their lockdowns. Notably, the 
observed spatial clusters of RL closely mirror the spatial dependence of 
GDP and transport-network size (TNS); accordingly, the city-level model 
that includes both variables can absorb much of the large-scale spatial 

structure.
It should also be noted that the real lockdown durations vary among 

cities. The experiments further produce the lockdown duration of each 
city using the full-spectrum dynamics model of COVID-19, where the 
initial conditions and interventions are set the same as Wuhan [95]. 
Similar spatial disparities in resilience loss and strong correlations be
tween resilience loss and socioeconomic indictors as well as transport 
network size have also been observed.

4.3. Resilience assessment of NMTSs under rainstorm

This section assesses the resilience loss of NMTSs under the historical 
rainstorm that occurred on 20, July 2021 in Zhengzhou, Henan prov
ince, which has led to the paralysis of road traffic and the temporary 
closure of several railway stations and airports. Given Zhengzhou’s role 
as a geographical and transportation hub in the disaster-affected region, 
the rainstorm is modeled as a city-covering disruption centered on 
Zhengzhou. To model this event, it needs to first identify all trans
portation components located in the city and set their damage states to 
failed; all functionality links incident to damaged road intersections or 

Fig. 9. (a) The resilience loss map under the lockdown of each city. (b) the boxplots of resilience losses for cities in the eight economic zones. (c) LISA cluster map 
of RL at city scale. (d) relationships between log10RL, log10GDP and log10TNS.
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to station/airport are disabled; any train or flight that stops at or tra
verses a damaged component is treated as non-operational, and its 
timetable-related links are failed. Restoration is modeled asynchro
nously using documented dates—roads on 23 July, air on 24 July, and 
rail on 29 July—via component-day calendars Xd. The staggered re
covery reflects mode-specific safety and operational requirements. Re
covery timings differ by mode: roads typically reopen first after 
drainage, debris removal, and spot inspections; airports follow after 
runway/taxiway and navigation-aid checks with crew /regulatory 
readiness; rail lags due to stringent track, power–signal, and corridor- 
wide safety verifications.

Two indicators are used to quantify the impact of this event: the 
proportion of affected passengers (PAP) and the average travel delay 
(ATD). For origin-destination (OD) pairs that were temporarily un
reachable, travel time was estimated as the normal travel time plus the 
number of days until that OD pair became reachable again. The evolu
tion of system functionality over time is shown in Fig. 10a–b. Immedi
ately following the rainstorm, 6.44 % of NMTS passengers were affected, 
with an average travel delay of 167.12 min. The affected passengers 
include both direct flows to/from Zhengzhou (3.85 % of NMTS pas
sengers) and transit-dependent through-trips whose MTTA itineraries 
traverse Zhengzhou (2.59 % of NMTS passengers). During the initial 
three days (July 20–22), while the road network remained disrupted, the 
PAP remained constant. While the PAP remained constant over the first 

three days (July 20–22), the ATD gradually declined to 56.19 min, as 
inaccessible passengers required fewer days to resume travel. Following 
road network recovery on July 23, all OD pairs became reachable, 
leading to a sharp drop in PAP to 3.49 % and a reduction in ATD to 1.19 
min. On July 24, the air network was restored, further reducing the PAP 
to 2.53 % and the ATD to 0.44 min. This level of system performance 
was sustained until July 29, when rail service was fully restored and 
normal system functionality was resumed.

The urban-scale spatial distribution of PAP and ATD on July 20 is 
shown in Fig. 10c–d. A clear spatial pattern emerges: disruptions were 
most severe in Henan Province, with the highest PAP and ATD values 
concentrated around Zhengzhou. Four cities—Kaifeng, Xinxiang, 
Xuchang, and Jiaozuo—recorded PAP values exceeding 60 %, and ATDs 
greater than 24 h. All cities within Henan experienced PAPs above 20 % 
and ATDs exceeding 10 h, reflecting their high dependency on 
Zhengzhou as a regional transport hub. Compared to city lockdown 
events, the rainstorm produced broader spatial impacts. Cities in remote 
regions such as Hami, Xinjiang, exhibited non-negligible impacts, with 
3.56 % of passengers affected and an ATD of 24.14 min, as many long- 
distance travel routes from western regions passed through Zhengzhou. 
This highlights the national-level ripple effects stemming from disrup
tions in transport hubs. Notably, the spatial distributions of PAP and 
ATD are strongly correlated, with a Pearson correlation coefficient of 
0.94, suggesting that PAP is a reliable proxy for travel delay impacts in 

Fig. 10. (a) The PAP and (b) ATD curve under the historical rainstorm in Zhengzhou. the urban scale distribution of (c) PAP and (d) ATD on July 20.
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extended disruptions. Similar patterns are observed across other dates, 
with results presented in the Appendix.

Note that the resilience loss under this event largely depends on 
when each transport mode returns to full operation. This section next 
conducts an initial sensitivity analysis, varying the completion day of 
each transport mode—rail (tH), road (tR), and air (tA)—and evaluating 
the resulting change in resilience loss (Fig. 11). Ordering the triplet (tH,
tR, tA) yields six completion orders (HRA, RHA, HAR, RAH, AHR, ARH); 
the blue star in Fig. 11 marks the real combination. These orders sum
marize completion timing only and do not assume strictly serial, unco
ordinated repairs—work may proceed in parallel across modes and 
components. Results show that advancing completion by one day in 
road, HSR, and air system separately reduces resilience loss by 27.96 %, 
21.18 %, and 16.03 %, on average. Thus, expediting road restoration 
delivers the largest systemwide benefit—reconnecting OD pairs and 
enabling detours—followed by HSR and then air, underscoring the road 
network’s foundational role in NMTS accessibility and recovery under 
localized but strategically situated disruptions.

5. Conclusion and discussion

This study develops a passenger-oriented framework to assess the 
travel-time resilience of national multimodal transport systems under 
extreme events. The framework model road, rail, and air in a unified 
functionality network with explicit timetables and transfers, compute 
the earliest-arrival itineraries with a proposed Minimum Travel-Time 
Algorithm (MTTA), and quantify day-by-day functionality and cumu
lative resilience loss. To address computational challenges posed by 
large-scale networks, two solution methods are developed: a critical 
node–based method (CNM) for scenarios requiring OD-specific evalua
tion, and a segment computation–based method (SCM) for cases with 
large OD nodes. Applied to mainland China, the framework reveals 
strong spatial heterogeneity in lockdown impacts: cities with higher 
GDP and larger transport networks impose greater national-level losses 
when closed. For the Zhengzhou rainstorm, recovery sequencing mat
ters: prioritizing road restoration consistently minimizes losses, with a 
one-day acceleration of road, rail, and air recovery reducing resilience 
loss on average by 27.96 %, 21.18 %, and 16.03 %, respectively. These 
findings can inspire resilience-based policy-making on national trans
port systems.

Furthermore, several additional experiments have been conducted to 
relax some assumptions in this research. The first attempt responds to 
the travel demand fluctuations under disruptions. Incorporating day-by- 
day OD demand using Baidu Migration flows for 2020–01–20 to 
2020–02–25, the experiment performs a demand-aware resilience 
analysis for the Wuhan lockdown (Appendix B). The resulting func
tionality curve exhibits significant disparities compared to the one ob
tained with fixed travel demand (Fig. 8a and Appendix). This 
discrepancy is attributed to a notable increase in travel demand during 
the spring festival and a substantial decrease during the Wuhan lock
down. When daily OD data are available, our proposed framework can 
directly integrate fd without any change to the routing or aggregation 
procedures. Second, to relax the fastest-path assumption and strengthen 
behavioral realism, the experiment formulates a preference-aware route 
choice, where itineraries are evaluated by a generalized disutility 
combining time, fare, transfer penalties, and mode-specific aversion 
terms (Appendix A.4). Tests in the case system show that realistic 
preferences can shift both pre- and post-disruption routing and thus alter 
measured delays. This formulation allows our proposed framework to 
incorporate traveler preferences and heterogeneity when related data 
are available. Third, recognizing that travelers do not always select the 
multi-mode with minimum time, Appendix C reflects mode distributions 
by allocating each OD’s daily demand to road, rail, and air using 
exogenous baseline shares from the 2024 Statistical Bulletin on the 
Development of the Transport Industry (Ministry of Transport of China). 

Under the Wuhan lockdown, the mode-share analysis yields system 
functionality losses consistent with theory and confirms that the main 
analysis—based on best multimode (fastest-path) routing—provides a 
lower bound on travel-time-based impacts.

There are still some limitations in this work. One caveat relates to the 
approximated modeling of both lockdown and rainstorm as temporally 
discrete, synchronous, localized close–reopen events, whereas real 
disruption and recovery under these events often unfold gradually. 
Where data permit, our framework can directly encode staged, asset- 
specific disruption and recovery by assigning component–day calen
dars xl(d) and can represent partial service xl(d) ∈ {0, 1} by replacing 
binary states with a capacity factor xl(d) ∈ [0, 1] that propagates into 
MTTA link times (e.g., reduced speeds). Second, this study models urban 
roads and intercity expressways as a single layer, without distinguishing 
their different hazard exposures, damage states, or recovery mecha
nisms under extreme events, separating these sub-networks is an 
important direction for future work. It should be also noted, however, 
that the resilience assessment approach proposed is general and readily 
extensible to support more complicated application scenarios, such as 
departure-time- and preference-aware travel-time resilience assessment, 
critical station and link identification [96,97], transport network 
expansion planning [51], post-disaster resource-constrained optimiza
tion [68], and resilience analysis of more holistic transport systems 
across regions.
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Fig. 11. The resilience loss caused by the city-covering disruption of Zhengz
hou under sixty combinations of tH , tR, tA. the y-axis shows six completion 
orders, with H, R, A representing HSR, road, and airline system, respectively; 
the x-axis shows ten completion-day triplets (t1, t2, t3). the blue star marks the 
observed combination.
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Appendix A. Worked example: three-city toy NMTS

This appendix illustrates the end-to-end workflow—functionality network modeling, time-dependent travel-time calculation (MTTA), and routing 
adaptation under disruption—using a stylized system connecting Beijing (BJ), Wuhan (WH), and Shenzhen (SZ) (Appendix Fig. 1a). The physical 
layers include urban roads and intercity expressways, one rail station per city connected by a single train service (T1), and one airport per city 
connected by three scheduled flights (F1–F3). Timetables are shown in Appendix Fig. 1b

Appendix Fig. 1. Toy three-city NMTS. (a) physical layers: urban roads and intercity expressways; one rail station and one airport per city. (b) timetables and fares 
for train T1 and flights F1–F3. (c) A layered functionality network built based on (a) and (b). (d) Itineraries and timeline for Route 1 (green, air via WH) and Route 2 
(orange, rail).

A.1. Layered functionality network
We model the network as G =

{
GR,GH, GA,CRH, CRA} with three directed layers—road GR, rail GH, air GA—coupled by intermodal links CRH 
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(road–rail) and CRA (road–air).
Road layer: Road intersections are nodes; edges represent urban roads (thin black lines) and intercity expressways (thick black lines).
Rail layer: Each station n is represented by a departure node ndp and an arrival node nar: BJRdp/BJRar (Beijing rail), WHRdp/WHRar (Wuhan 

rail), SZRdp/SZRar (Shenzhen rail), shown as the blue rectangles and dots in Appendix Fig. 1c. An identical-mode transfer inside each station is 
modeled by a fixed-time edge nar→ndp (blue dashed lines in Appendix Fig. 1c). The train service T1 generates timetable edges between successive 
stops, e.g., BJRdp→WHRar, BJRdp→SZRar and WHRdp→SZRar (blue solid lines in Appendix Fig. 1c), and these links have departure-time-dependent 
cost (Eq. (1)).

Air layer: Airports follow the same construction with distinct labels to avoid confusion with rail: BJAdp/BJAar (Beijing airport), WHAdp 
/WHAar (Wuhan airport), SZAdp/SZAar (Shenzhen airport).

Intermodal access: For each terminal, check-in link from the nearest road node (terminal entrance) to the terminal departure node and check-out 
link from the terminal arrival node to the nearest road node are added. These links have fixed times reflecting access, screening, and exit. And are 
represented as the gray dashed line in Appendix Fig. 1c.

A.2. Pre-event routing (Route 1, green — air)
Under normal operation, the fastest itinerary from origin to destination is the two-flight route shown by the green dashed path in the timeline in 

Appendix Fig. 1d The passenger departs at 08:30, drives on the urban road to Beijing airport entrance (BA-Entry) at 09:00, and, after 30 min of check- 
in, arrives at BJAdp at 09:30. He waits 30 min for flight F1 and then board Flight F1 (10:00–11:50) and arrive at WHAar at 11:50. An in-airport transfer 
brings the passenger to WHAdp at 12:50; since Flight F3 departs at 14:00, the schedule-dependent waiting time on this timetable link is 70 min. The 
passenger then flies F3 (14:00–16:00) to SZAar completes check-out to SA-Exit, and takes the final urban road egress to destination, arriving at 17:00. 
The total generalized travel time for Route 1 is therefore 8 h and 30 min. Under this situation, the weights of the two air timetable edges are: 

BJAdp→WHAar: 30 min wait + 110 min flight = 140 min;
WHAdp→SZRar: 70 min wait + 120 min flight = 190 min.

A.3. Post-event routing (Route 2, orange — rail)
To demonstrate disruption mapping and adaptation, consider a Wuhan weather event that cancels all flights on the study day. The corresponding 

air timetable links from WHAdp (outbound) and to WHAar (inbound) are removed from G, and MTTA recomputes the earliest-arrival itineraries on the 
disrupted network. The resulting fastest option is the rail route (orange line in Appendix Fig. 1a/d). To catch Train T1 (10:00 departure), the passenger 
leaves at 08:00, reaches the BH-Entry and then BJRdp after access and check-in, rides T1 with the Wuhan in-station dwell, and arrives SZRar at 18:10. 
After check-out (to SH-Exit) and the final road leg, the passenger arrives at 19:40. The disrupted-day generalized time is 11 h 40 min, yielding a delay 
relative to the pre-event itinerary of 

Δaij = 11 h 40 min − 8 h 30 min = 3 h 10 min 

This OD-level delay contributes to the daily OD matrix ad =
{
aij
}
, the passenger functionality Ad = F(fd,ad), and the resilience metrics in Section 

3.4.
A.4. Beyond “fastest time”: departure-time dependence and preference heterogeneity
In practice, not all travelers depart at a single clock time or choose the minimum-time itinerary. Some may prefer lower monetary cost, fewer 

transfers, or avoiding air mode (e.g., airsickness). To capture such heterogeneity, we evaluate itineraries using a generalized disutility (cost) that 
combines time, money, transfers, and optional mode-specific penalties. Let K ij(t) be the feasible itineraries from i to j when departing at clock time t. 
For itinerary κ ∈ K ij, define the generalized cost: 

cijκ(t; θ) = Tijκ(t) + λFareijκ(t) + ϕTransferijκ + ψair1{air} + ψ rail1{rail} + ψ road1{road}

where Tijκ(t) is the time component produced by MTTA (minutes), including in-vehicle + waiting + transfer time; Fareijκ(t) is the money cost in this 
trip; Transferijκ is the number of transfers in this trip. The preference vector is θ = {λ, ϕ, ψair, ψ rail, ψ road}, where λ converts money to minutes via 
value of time VOT (e.g., VOT = 500 CNY/h, and λ = 0.12 min/CNY), ϕ is a transfer penalty (min per transfer), and ψm denotes mode-preference 
penalties (min) of mode m, allowing, e.g., a disutility for flying. The indicator 1{⋅} equals 1 if the itinerary κ uses that mode and 0 otherwise. 

(1). Per-departure optimum with heterogeneous preferences. Preferences may vary across travelers; we allow θ ∼ P(θ). The preference-aware OD 
cost at time t is: 

aij(t) = Eθ

[

min
κ∈K ij(t)

cijκ(t; θ)
]

For example, setting θ = {0.12, 0,0,0,0} retains Route 1 as optimal at t = 08 : 30pre-event. Increasing ϕ (transfer-averse) or setting ψair > 0 (air- 
averse) may flip the choice to a rail-dominated route (Route 2). This formulation allows the framework to incorporate traveler preferences trans
parently. 

(2). Departure time dependency. OD travel time varies with the departure clock time because timetable-induced waiting and transfers change the 
door-to-door time. For each departure time t, we calculate the minimum travel cost aij(t) under time-only preferences (θ = 0), as shown in the 
figure below. Early and late windows are dominated by air travel, while a mid-morning service gap makes road the fastest option (22 h, flat 
segment). The vertical dashed line marks t∗ = 08 : 30, the best-time departure that attains the minimum travel time (8 h and 30 min; Route 1) over 
the day Appendix Fig. 2. 
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Ap
pendix Fig. 2Minimum travel time and selected mode versus departure time under normal operation.

(3). Main-analysis assumption. Given the difficulty of obtaining time-resolved OD flows and empirically calibrating θ at the national scale, the 
main analysis reports the time-only capability lower bound by setting θ = 0 and allowing travelers to choose the best departure time within the 
day: 

aij(d) = min
t∈DT

min
κ∈K ij(t)

cijκ(t, θ=0)

Appendix B. Test incorporating post-disruption travel-flow changes

To reflect both supply (network capability) and demand shifts during extreme events, this experiment evaluates a demand-aware functionality 
metric based on the number of passengers who can complete their trips within a time threshold τ: 

Ad =
∑

i,j∈NZ

fij(d)1
{
aij(d) ≤ τ

}

where fij(d) is the observed intercity demand on day d and aij(d) is the OD generalized travel time computed on the disrupted network G(Xd) via 
MTTA (Sections 3.3).

Due to data availability, intercity flow data were obtained only for 2020–01–20 to 2020–02–25, spanning the period before and during the Wuhan 
lockdown. We set τ as 4 h, a commonly used threshold for business travel. The functionality trajectory Ad shows a sharp decline at the onset of re
strictions, reaches a trough shortly thereafter, and then partially recovers as limited services and demand resume (Appendix Fig. 3). This curve 
captures both supply-side loss (service suspensions, closures) and demand-side contraction (fewer attempted trips). This dual sensitivity is valuable for 
emergency management, where both mechanisms co-determine realized mobility. Appendix Fig. 4, Appendix Fig. 5. The functionality curve of the 
NMTS in mainland China under the lockdown of Wuhan (2020.1.10–2020.2.25).

Appendix Fig. 3. The functionality curve of the NMTS in mainland China under the lockdown of Wuhan (2020.1.10–2020.2.25).
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Appendix Fig. 4. LISA cluster map of (a) GDP and (b) TNS.

Appendix Fig. 5. The urban scale distribution of PAP in (a) July 23 and (b) July 24, and ATD in (c) July 23 and (d) July 24.
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Appendix C. Test incorporating mode distribution

To reflect the distribution of passengers across travel modes, we allocate each OD’s daily demand to road, rail, and air using exogenous baseline 
mode shares reported in the 2024 Statistical Bulletin on the Development of the Transport Industry (Ministry of Transport of China). The cross- 
regional mobility composition is: road 91.8 %, rail 6.7 %, air 1.1 %, and water 0.4 %. Because our network models road/rail/air only, we exclude 
water and renormalize the three modeled modes to sum to 100 %, which produce sroad = 92.17 %, srail = 6.73 %, sair = 1.1 %. For each 
mode m ∈ {road, rail, air}, we compute mode-restricted OD travel times—i.e., itineraries constrained to use only mode m—under both normal 
operation and disruption, and then evaluate the corresponding mode-wise functionality PAPm(d).

Using the Wuhan lockdown as a case, Appendix Fig. 6 plots PAPm(d) over time. The lockdown disproportionately affected road (PAProad = 4.68 
%) and rail (PAPrail = 4.61 %), whereas air experienced comparatively smaller impacts (PAPair = 3.42 %). We also report a share-weighted func
tionality curve obtained by re-combining the mode-wise PAPs with the renormalized shares PAPshare(d) =

∑
smPAPm(d).

As expected, the share-weighted curve PAPshare lies above the main-analysis PAPNMTS computed under the best multi-mode (fastest-path) 
assumption, confirming that the main analysis provides a lower bound on travel-time–based impacts.

Appendix Fig. 6. The mode-specific functionality curve of the NMTS under the lockdown of Wuhan.

Data availability

Data will be made available on request.
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[57] Janić M. Modeling the resilience of an airline cargo transport network affected by a 
large scale disruptive event. Transp Res D Transp Environ 2019;77:425–48.

[58] Woodburn A. Rail network resilience and operational responsiveness during 
unplanned disruption: a rail freight case study. J Transp Geogr 2019;77:59–69.

[59] Chen J, Liang C, Liu J, Du B, Yin Y, Peng Q. Resilience assessment of a 
highway–railway complementary network under rainstorms. Transp Res D Transp 
Environ 2023;121:103841.

[60] Deng J, Zhai H, Wang Z. Vulnerability evaluation of high-speed railway network 
under wind disasters. Reliab Eng Syst Saf 2025:111323.

[61] Fang C, Wang M, Fu H, Chu Y, Zio E. A framework for resilience assessment of 
transportation networks exposed to geohazard threats. Risk Anal 2025;45(8): 
2255–66.

[62] Kamalian L, Li H, Poo MCP, Bras AA, Ng AK, Yang Z. Analysis of the impact of 
climate-driven extreme weather events (EWEs) on the UK train delays: a data- 
driven BN approach. Reliab Eng Syst Saf 2025:111189.

[63] Voltes-Dorta A, Rodríguez-Déniz H, Suau-Sanchez P. Vulnerability of the European 
air transport network to major airport closures from the perspective of passenger 
delays: ranking the most critical airports. Transp Res Policy Pract 2017;96:119–45.

[64] Xue F, Zeng Y, Liang J, Ma X, Luo Y. Disturbance impact of rainfall on train travel 
time in China’s high-speed railway network under different spatial–temporal 
scenarios. Transp Res Logist Transp Rev 2025;198:104102.

[65] Zhang H, Ge Y, Lin J, Xu M, Ouyang M. Amplified impacts of tropical cyclone- 
induced compound wind-rain hazards on high-speed rail passengers. Transp Res D 
Transp Environ 2025;148:105023.

[66] Jiao J, Zhang F, Liu J. A spatiotemporal analysis of the robustness of high-speed 
rail network in China. Transp Res D Transp Environ 2019;89:102584.

[67] Wang Y, Cao X, Qin F, Tong L. Vulnerability analysis of the Chinese coupled 
aviation and high-speed railway network. Chin J Aeronaut 2022;35(12):189–99.
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