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Abstract Urban rail transit (URT) plays a pivotal role in
mitigating urban congestion and emissions, positioning it
as a sustainable transportation alternative. Nevertheless,
URT’s function in transporting substantial numbers of
passengers within confined public spaces renders it vulner-
able to the proliferation of infectious diseases during
public health crises. This study proposes a decision
support model that integrates operational control strategies
pertaining to passenger flow and train capacity utilization,
with an emphasis on energy efficiency within URT
networks during such crises. The model anticipates a URT
system where passengers adhere to prescribed routes,
adhering to enhanced path flow regulations. Simultane-
ously, train capacity utilization is intentionally limited to
support social distancing measures. The model’s efficacy
was assessed using data from the COVID-19 outbreak in
Xi’an, China, at the end of 2021. Findings indicate that
focused management of passenger flows and specific risk
areas is superior in promoting energy efficiency and
enhancing passenger convenience, compared to broader
management approaches.
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1 Introduction

Public transport serves as a primary mode of transporta-
tion, facilitating accessibility to facilities and efficiently
accommodating large passenger volumes with signifi-
cantly lower per capita energy consumption compared to
private vehicles (Qin and Liao 2021; Wang et al., 2021;
Xie et al., 2021; He et al., 2022). However, during public
health emergencies, such as the COVID-19 pandemic,
passenger demand for public transport often declines,
leading to a shift toward private cars, which may result in
increased energy consumption and emissions (de Palma
etal., 2022; Jietal., 2022; Zhang et al., 2022). The physical
mobility of individuals becomes a critical avenue for the
spread of infectious diseases during public health emer-
gencies. In the absence of adequate control measures or
policies, maintaining recommended social distancing
within public transport becomes challenging. Conse-
quently, even minimal contact may contribute to contagion
in enclosed public transport vehicles (Harris 2020).
Therefore, the implementation of passenger flow control
(PFC) measures in public transport becomes crucial for
containing the spread and mitigating adverse effects
during a public health emergency (Zhang et al., 2022;
Sun et al., 2023).

In the post-pandemic era, where the threat of recurring
outbreaks or seasonal infectious diseases with varying
variants remains, a gradual restoration of public transport
services and connectivity is essential to support economic
activities (Zeng et al., 2021; Luo et al., 2023). Effective
control measures for Urban Rail Transit (URT) services,
including PFC, are necessary during public health emer-
gencies (e.g., COVID-19) to manage the challenges
posed by the emergency and address the high demand for
travel. Neglecting this transition to the post-emergency
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phase may result in a significant mismatch between
passenger demand and transport service supply, under-
mining transit-oriented development and carbon emission
reduction efforts within the entire transport system. For
instance, while transit operators may reduce the
frequency or partially close URT lines to curb the spread
of the virus, passengers often seek higher frequency and
additional operation lines to maintain social distancing
(Elias and Zatmeh-Kanj, 2021). Recognizing the indis-
pensable interplay between demand and supply, effective
control measures for URT services in the post-pandemic
era are essential to harmonize the rebounding travel
demand with pandemic containment efforts (Zhou and
Koutsopoulos, 2021).

URT, as a major component of public transport, plays a
pivotal role in reducing traffic congestion and carbon
emissions by accommodating a substantial number of
trips (Pan et al., 2018; Zhang et al., 2023). URT systems
(Jia et al., 2021) have implemented a set of standardized
operational procedures for public health emergencies,
including pre-deployment of medical materials and
equipment, categorization of emergencies and risk levels,
analysis of specific operational measures, and the execu-
tion of effective protocols. On the one hand, URT operation
is associated with elevated operational costs and energy
consumption (Huang et al., 2017). Notably, in 2020, the
Beijing Metro Company emerged as a major electricity
consumer in Beijing, consuming over two billion kWh
(Lv et al., 2019). On the other hand, ensuring social
distancing within URT trains, which would typically be
crowded, serves as an effective measure to curb the
spread of the pandemic. Monitoring the train capacity
utilization rate becomes crucial in facilitating social
distancing among passengers. Consequently, while main-
taining the highest possible train capacity utilization rate,
the imposition of PFC is essential to achieve spatial and
temporal redistribution of passengers. Remarkably, there
is limited research that addresses energy efficiency objec-
tives within a multi-line URT network and synchronization
between passenger flow and timetable schedules (Kang
et al., 2020). Therefore, as long as URT operations are
not fully suspended, energy efficiency considerations should
inform operations during public health emergencies.

To aid in the operational management of URT during a
public health emergency, we propose a decision support
model for energy-efficient line planning, integrating
PFCs and train capacity utilization rate management. The
variables of interest in this model are the train frequency
for each URT line and the allocation of passenger paths.
The primary objective of this decision support model is to
minimize energy consumption while simultaneously
regulating train capacity utilization rates on the tracks and
minimizing passenger inconvenience when switching
paths. While passenger safety is crucial during a public
health emergency, we emphasize the importance of
energy efficiency for two key reasons. First, energy

consumption is closely tied to operational costs and can
serve as a proxy objective for operational cost reduction,
aligning with numerous energy-efficient optimization
models (Canca and Zarzo, 2017; Huang et al., 2023).
Secondly, energy efficiency should be reinstated as a
regular objective once the public emergency situation
transitions to a new normal phase. This is distinct from
the initial stage of a public emergency when other objec-
tives may take precedence (Wang et al., 2017; Gao and
Yang, 2019).

For passengers who need to change their paths, we
implicitly impose constraints on the additional travel time
compared to their original paths (in the absence of control
measures) during path generation preprocessing. This
partially considers the objective of selecting paths with
minimal travel times from the passenger’s perspective.
Specifically, assuming passenger arrivals at the train
station (or entry rates) are regulated by a digital appoint-
ment system, we optimize the spatiotemporal distribution
of passengers while adhering to desired train capacity
utilization rates. These rates can be adjusted adaptively
based on different risk levels during a public health emer-
gency, with constraints targeted to zones of specific risk
levels. This approach accounts for the geographical distri-
bution of the emergency. To the best of our knowledge,
this study represents the first exploration of PFC in the
context of preventing the spread of a public health emer-
gency while simultaneously considering URT energy
efficiency and passenger convenience. We validate the
proposed decision support model using real data from the
COVID-19 outbreak in Xi’an, China, at the end of 2021.
Our findings demonstrate that targeted PFC in high-risk
zones effectively promotes social distancing and energy
savings while keeping passenger inconvenience within
acceptable limits. We also discuss various control policies
for different pandemic stages, considering the trade-off
between energy consumption and passenger inconve-
nience, as indicated by the number of Origin-Destination
(OD) pairs affected by PFC.

The structure of this paper is organized as follows:
Section 2 provides an in-depth exploration of the problem
of energy-efficient line planning incorporating PFC
within a URT network during a public health emergency,
with a focus on COVID-19 as a special case. In Section 3,
we develop a comprehensive decision support model for
energy-efficient line planning, outlining assumptions,
constraints, and the primary objective. Section 4 assesses
the effectiveness of the proposed decision support model,
and in Section 5, we investigate policy implications, draw
conclusions, and outline future research directions.

2 PFC and energy efficiency in a URT
network

To promote social distancing within train compartments,
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reducing passenger capacity is a necessary approach. An
example of this practice is illustrated in the “guidelines
for zoning and grading control for COVID-19 in passenger
hubs and vehicles” from the Ministry of Transport of
China, which emphasizes strict control of train capacity
utilization rates in high- and medium-risk zones. To
effectively manage the spatiotemporal distribution of
passengers, it is recommended that passengers reserve
their rides before commencing their journeys. For
instance, Beijing (China) has introduced the system of
“subway by appointment” to control entry rates since
2020, as depicted in Fig. 1.

In this system, passengers are required to schedule their
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departure times, as shown in Fig. 1(a). For instance, a
passenger planning to travel on May 16 can only book a
trip for the following day. They receive a QR code and
are assigned a specific entry gate to the boarding platform
on their mobile phones. This QR code is valid for a
10 min window, as shown in Fig. 1(b). Passengers use the
QR code to access the URT at the designated gate, where
they wait while maintaining social distancing, as depicted
in Fig. 1(c). Finally, passengers board the train and
continue to observe social distancing, as shown in
Fig. 1(d). According to a report, this system allows
passengers to save an average of 3.5 min per trip
compared to the scenario without an appointment system.
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Illustration of the appointment system of the Beijing URT.
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Additionally, 57% of passengers adjust their departure
times to minimize waiting time before boarding the trains
(Wang et al., 2021). Without such a booking system and
flow control measures, stations, especially transfer
stations, and connected sections may become overcrowded
(Guo et al., 2020).

Therefore, PFC or regulated path choice should be
seamlessly integrated with controlled train capacity
utilization rates. Different zones can be categorized by
risk levels, such as high, medium, or low, with corre-
sponding train capacity utilization rate limits enforced.
It’s important to note that the train capacity utilization
rate serves as a valuable indicator for assessing passenger
volume on the train and facilitating social distancing
among passengers. This metric is relevant not only during
post-emergency periods but also in regular scenarios.
Given that energy efficiency is a fundamental objective in
the daily operations of URT, the proposed decision
support model remains applicable in typical operating
conditions.

From the operator’s perspective, the key decision vari-
able to manage the service effectively and reduce the risk
of infection while accommodating varying passenger
demand is the train frequency (Ning et al., 2018).
Combining the objectives of minimizing operational
costs and mitigating negative environmental effects,
maximizing energy efficiency (or minimizing energy
consumption) is a pertinent operational goal. Hence, the
primary objective of the proposed decision support model
is to minimize energy consumption while adhering to
constraints on train capacity utilization rates.

The decision support model relies on three sets of
inputs, as illustrated in Fig. 2. First, the quota-based
appointment module is utilized for PFC, outlining the
maximum permissible passenger arrivals. In the process
of generating alternative paths, long detour routes (e.g.,
those exceeding 1.5 times the shortest trip time) are
excluded to prevent excessive passenger travel times

Quota-based trips

Train capacity utilization rate
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(Huang and Liao, 2023). Through the appointment inter-
face (as shown in Fig. 1), routes and entry points are
recommended to passengers. Second, specific inputs
include the risk level, time period, and affected zones,
which are specified to determine the regulated utilization
rates. Third, various parameters related to URT opera-
tions, such as speed profiles, train fleet size, and operation
period, collectively determine a timetable. With these
input data, passenger path allocation and train frequencies
for all URT lines can be calculated within the optimization
module, aligning with the energy efficiency objective in
line planning. The passenger volume on each path and
track is quantified, enabling the identification of bottle-
necks at tracks or stations, which in turn informs decisions
about train frequencies.

3 Decision support model

In this section, we introduce a decision support model
designed for energy-efficient line planning within a URT
network. The model framework integrates the management
of passenger flow and train capacity utilization rates
during a public health emergency. Herein, we outline the
fundamental assumptions, constraints, and the primary
objective of the model, which centers on energy
efficiency.

Assumptions

In accordance with the problem description provided in
Section 2, we establish several foundational assumptions
for the decision support model. These assumptions are as
follows:

Timetables: Timetables are designed in parallel and
uniformly during an extended public health emergency
period, such as the case with COVID-19. Timetabling
primarily focuses on determining train frequencies during
the tactical-level line planning stage (Mo et al., 2020).

URT operation

Speed profiles

Path allocation

| Bottleneck i
| _identification !

i Output

Fig. 2 Decision support model in regular response to public health emergencies.
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Detailed timetabling at the operational level is not within
the scope of consideration for this model. The key decision
variable in the proposed model is the frequency of each
URT line within the planning period. This frequency allo-
cation plays a pivotal role in controlling and allocating
passenger demand to various paths based on macro
factors, including average waiting time, average transfer
time, and fixed running times on each track. If there’s a
need to extend the model to the operational level, paths
would need to account for micro factors, such as specific
waiting times, transfer times, running times, and dwell
times on each track, for time-independent passenger
arrivals. Consequently, managing PFC at the operational
level would involve complex details beyond the scope of
the existing model. In essence, the proposed model has
the potential for operational level extension.

Passenger Demand: Within the planning period,
passenger demand is deterministic and originates from
the appointment system. This appointment system closely
resembles ticketing systems employed in the context of
long-distance buses or trains. The URT line planning task
is to transport all passenger demands, evenly distributed
in a temporal sense, as facilitated by the appointment
system. Consequently, the model is formulated within a
static context, focusing on frequency-based URT
planning.

Path Selection: In the absence of PFC measures,
passengers would naturally opt for paths characterized by
the lowest generalized costs. The generalized cost of a
path may involve several components, including waiting
time at initial platforms, transfer time (if applicable,
including walking and waiting time), running time on
tracks, dwell time at platforms, and ticket prices. Please
note that the estimation or calibration of coefficients
associated with these cost components falls outside the
scope of this study.

Passenger Compliance: During a public health emer-
gency, passengers are expected to strictly adhere to paths
recommended by the operator, reflecting a full obedience

<----»| : OD pairs
<----»

@ : Non-transfer station
@ : Transfer station

rate (obedience rate equals 1). These recommended paths
may not necessarily coincide with the minimum-cost
paths, signifying that passengers prioritize safety over
cost considerations.

Constraints

Three sets of constraints are involved in the decision
support model for energy-efficient line planning regarding
passenger path allocation, train capacity utilization rate,
and the intensity of PFC.

Initially, it is crucial to uphold passenger path flow
conservation within the URT network post path alloca-
tion. Passengers who require transfers to reach their desti-
nations may have multiple alternative paths at their
disposal. The existence of these alternative paths intro-
duces opportunities for implementing PFC. Following
passenger path allocation, the distribution of passenger
volume ¢, on track ¢ of line /, where a track refers to a
line section between two neighboring platforms. We use
x,; to denote the proportion of passengers allocated to
path i of OD pair u. The variables of concern in line plan-
ning are the passenger volumes on these tracks, repre-
senting the transportation of all passengers while averting
stranding.

OD pairs fall into two distinct categories. First, OD
pairs with only a single available path mean that passengers
have no additional choice and have already been allocated
to the available path. For this subset of OD pairs in the
URT network, the passenger volumes on the tracks
during the planning period, ¢, are pre-calculated.
Secondly, OD pairs with multiple alternative path, the
corresponding set U, is considered for determining the
total passenger volumes. To illustrate, consider the exam-
ple in Fig. 3(a), depicting a network comprising four
URT lines (two vertical and two horizontal lines). In this
context:

The OD pair in which both the Origin (O) and Destination
(D) are on the same URT line (denoted by the orange
dotted line) features a direct train connection in orange
(Fig. 3(b)). The OD pair involving O and D on different
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Illustration of path allocation for different OD pairs.
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URT lines (indicated by the red dotted line) has only one
alternative path under consideration after eliminating
long detours. The OD pair represented by the green
dotted line requires a transfer and presents two alternative
paths with comparable path costs. In a sparsely connected
URT network, certain tracks may not be part of any
cyclic path topologically. These tracks have no bearing
on path allocation and thus entail straightforward flow
loading calculations. However, the remaining tracks
might be components of an alternative path for a specific
OD pair, rendering them the focal point for path flow
control. If a track is considered for the creation of an
alternative path, 7 is used to denote the subset of such
key tracks for ease of communication. The path-track
flow conservation can be formulated as Egs. (1-3).

qlr = C]?, + Z qLI, * Xyi /luilt’ VI € La te T’a (1)

iel, ,ucU
>x;=1, YuelU, 2)
i€l,
x;€[0,1], Viel,ue U, 3)

where ¢, is the flow of track ¢ on line /, ¢!, is the assigned
passenger volumes on the track from the OD pairs without
only one alternative path. 7" is the set of key tracks in the
URT network. ¢! is the allocated passenger demand of
OD pair u with more than one alternative path. i and I,
are the index of the path and set of paths belonging to OD
pair u. A, is a 0—1 parameter: A, = 1 if track ¢ of line / is
a part of path i of OD pair u; otherwise, 4,; =0. x,, is a
proportion between 0 and 1 in Eq. (3).

The second set of constraints revolves around the regu-
lation of train capacity utilization rates, which are
designed to ensure the implementation of targeted social
distancing measures. For each URT line, the frequency f;
of line [ is determined by the track with the highest
passenger volume, while maintaining the necessity of
transporting all passengers. The maximum passenger
volume g™ is the upper limit of passenger volume across
all tracks, as outlined in Eq. (4). The train capacity
utilization rate, influenced by path flow control measures,
plays a critical role in determining and enforcing social
distancing levels within the train. It’s crucial to note that
social distancing within a train differs from that observed
in open spaces (e.g., maintaining a standard distance of 1
or 1.5 m). Instead, the train’s capacity must align with the
specified train capacity utilization rate ¢ for all tracks, as
described in Eq. (5). Depending on the stage of the public
health emergency, the mandatory train capacity utilization
rate ¢ may be set at varying levels to meet the specific
requirements of the situation.

For example, ¢ =0 means a closedown of the URT
system; PFC is implemented if O<g¢<1; and
0 < ¢ < ™ refers to overloading, where ¢™ is the maxi-
mum allowed train capacity utilization rate for safety

considerations in normal operations. For the consideration
of safety and capacity of the URT system, there is an
upper bound constraint of frequencies of each line /, f**
in Eq. (6).

an<q™, VleL, teT’, @)
@ < fioyp. VIEL, ®
L< ™, VIeL, (6)

where y, is the train’s full capacity of line /.

The third set of constraints focuses on regulating the
intensity of PFC to prevent undue inconvenience to
passengers. PFC measures must carefully balance opera-
tional costs with passenger inconvenience associated with
deviating from their typical minimum-cost paths. Let «
denote the maximum proportion of OD pairs for which
passengers can be redirected from their minimum-cost
paths to alternative paths. Since departing from the mini-
mum-cost paths leads to passenger inconvenience and
additional costs, « reflects the intensity of PFC. The scale
of OD pairs that change their paths is constrained in Eq.
(7), where y, is a binary variable, y, = 1 if any passengers
of OD pair u change their paths from the minimum-cost
path to other paths; otherwise, y, = 0. x,, is the proportion
that the minimum-cost path is selected by passengers of
OD pair u. The relationship between x,, and y, is formulated
as Eq. (8). Constraints (6)—(7) can be transformed into the
constraint of the scale of passengers switching from the
minimum-cost paths to other paths.

2 y.=Ula, (7

uel,

1-x,<y, Yuel,. )

Objective of energy-efficient URT

The traction energy in a URT system is consumed by
the empty train and loaded passengers. Let E; and E;
denote the decomposed energy consumption by the
empty train and passenger weights of all tracks of line /,
respectively. The total energy consumption can be calcu-

lated by summing up two parts: Y, f,E/ and Y f,E}. The
leL leL
energy consumption by the empty train is the sum of

energy consumption on all tracks of line / in Eq. (9)
where ¢! the base energy consumption of an empty train
on track ¢ of line I. According to the stable relationships
between the energy consumption caused by passenger
weights and empty trains, we formulate the total energy
consumption based on the energy consumption by the
empty train and a ratio 6§ between the two parts in Eq.
(10). It should be noted that 8 is related to the train capacity
utilization rate ¢. For instance, with train capacity utiliza-

tion rate ¢ =1 (full capacity), the ratio between ), fiE}
leL
and Y fiE| is approximately 1:3 (Huang et al., 2021). A

leL
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larger passenger loading (or train capacity utilization rate)
results in a larger 6.

E'=Y ¢, Viel, ©)

YteT,

E =3 f(E} +E}) =3 f(1+0)E]. (10)

The outcome of the appointment system is the numbers
of passengers allocated to the paths belonging to each OD
pair. It is denoted by the decision variable x,;. The train
frequency f; is the number of trains departing from one
terminal to the other terminal of UTR line /, which is
influenced by the constraint of the train capacity utilization
rate. The train frequency influences the total energy
consumption. The model objective of minimizing energy
consumption is summarized as:

MinE = 3, f(1 +0)E,.
leL (11)
s.t. Egs. (1) = (9).

The model utilizes Mixed Integer Linear Programming
(MILP) with a manageable scale of variables and
constraints. Solvers like Gurobi can be employed to find
an exact solution within a reasonable computational time-
frame. The primary objective of the model is to determine
the train frequencies of the URT lines while refraining
from modifying timetable elements such as running time
and dwell time on each track. Consequently, this
approach ensures that the minimum-cost paths within the
URT network remain largely unchanged. Furthermore,
during a public health emergency, passengers prioritize
reaching their OD rather than seeking the path with the
least generalized travel cost. This decision support model
yields macroscopic parameters for evaluating a URT
timetable under such circumstances, including average
waiting time and transfer time, which are contingent on
train frequency. To explore the microscopic effects, typi-
cally observed in normal operations, regarding precise
waiting time and transfer time, the model should be
expanded to include additional decision variables related
to timetabling elements and account for the feedback loop
between timetabling decisions and passenger path behav-
ior, as discussed in the work of Huang et al. (2021).

Remark on model complexity

The number of variables and constraints in the decision
support model are provided in Table 1. Four main factors
determine the model complexity: (1) the number of OD
pairs |U,|in the URT network, (2) the number of alternative

>, |L,|, which is related to the scale of the OD

YueU,

pairs, (3) the size of the set of key tracks |7”|, and (4) the
number of lines in the URT network |L|. In a substantial
URT network, when considering the model without any
simplifications, it becomes a large-scale MILP problem.
To mitigate the scale of wvariables and expedite

paths,

Table 1 Numbers of variables and constraints in the model (]| is the
size of a set)

Variables or constraints Numbers
fis B} B} g™ ILI
Path proportion, x,; VLEUI ILul
Intermediate binary variable, y, |U1l
Passenger volume on the track, g 7’|
Constraints (1), (4) IT'|
Constraints (2), (8) |U1l
Constraints (3) VLEUI ILul
Constraint (6) L]
Constraint (7) 1

computational efficiency, we can introduce two simplifi-
cations. First, through targeted management and control
of risk zones, a key track may potentially serve as a
representative bottleneck, including multiple tracks that
lack transfer opportunities within a given path. |7’| may
only be a small part of the original tracks. Second, the
OD pairs whose paths do not cover any key tracks can be
ignored. Those OD pairs having overlapped path alloca-
tions can also be merged into one OD pair with the aggre-
gated passenger demand in a simplified URT network.
The scale of U, may only be a small part of the original
OD pairs in real-world applications. With these reasonable
simplifications, the optimization module in the decision
support model can be solved with an exact optimal solution
efficiently (e.g., a few seconds).

Remark on targeted management

In adherence to the established standard operating
procedure during a public health emergency, the URT
operator initiates passenger path flow controls to facilitate
targeted management. These controls are responsive to
the varying risk levels observed in different zones. The
intensity of passenger PFC includes several factors,
including the total number of passengers permitted to
access the URT system through the appointment system,
the train capacity utilization rate (¢) on the tracks, and the
train frequency of a given line (f;). As an illustration, the
guidelines for zoning and grading prevention and control
of COVID-19 specify that the train capacity utilization
rate in high- and medium-risk zones should be set at 0.5
and 0.7, respectively.

For dedicated passenger PFC policies, known as
targeted management, it is essential to differentiate
between zones based on their risk levels to avoid unnec-
essary adverse effects. According to the Coronavirus
Pneumonia Prevention and Control Plan issued by
China’s State Council, low-risk zones impose no restric-
tions on train capacity utilization rates but mandate the
wearing of masks. In contrast, high-risk zones enforce the
lowest train capacity utilization rate. When a train travels
from low-risk zones to higher-risk zones, the PFC strategy
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involves diverting more passengers from their minimum-
cost paths to alternative routes to comply with the specified
train capacity utilization rate, resulting in reduced boarding
rates in high-risk zones. Consequently, to account for
zone-dependency, we should substitute Egs. (4)—(5) with
Egs. (12)—(13).

Gu<q™, VleL teT’, jel, (12)

qu<foy-o, YleL teT’, jel, (13)

where j and J are the risk level and set of risk levels,
J={jlj=1,2,...,N}, T/ is the set of key tracks in the
zones of risk level j, ¢/ is the train capacity utilization
rate during the emergency in the zones of risk level j, and
N is the maximum risk level.

In summary, the decision support model for energy-
efficient line planning serves as a versatile tool capable of
offering optimal solutions for various objectives, including
energy efficiency, train capacity utilization rate manage-
ment to facilitate social distancing, and guidance for PFC
implementation within an URT network.

4 Evaluation of the decision support model

The decision support model is applied to a practical case
study involving a public health emergency, specifically
the COVID-19 pandemic, to present its effectiveness.

Front. Eng. Manag. 2024, 11(4): 645-660

The study focuses on the City of Xi’an, the capital of
Shaanxi province in North-west China, renowned for its
development (Yin et al., 2021). The city boasts a medium-
sized URT network structured in a square topology,
comprising 4 lines, 94 stations (with 38, 42, 52, and 56
bidirectional platforms, respectively), and a total mileage
of 158 km (additional details can be found in the
Appendix of Huang et al., 2021). The maximum train
fleet capacity for the URT network is 24 trains, each with
a full capacity of 1762 passengers.

To streamline the URT network and manage overlapping
path allocations for many OD pairs, the original network
is simplified, as depicted in Figs. 4(a) and 4(b). The
simplified network comprises representative tracks near
transfer stations and includes 26 stations and 44 tracks.
For Lines 1-4, the number of bidirectional tracks is
reduced to 10, 12, 10, and 12, respectively. Alternative
paths for each OD pair are generated using a k-minimum-
cost path algorithm, with & = 3 chosen for this URT
network. Paths with travel times exceeding 1.5 times that
of the minimum-cost path are excluded.

Passenger demand data are sourced from the automatic
fare collection system during the second stage of COVID-
19 in 2021, simulating data from an envisioned appoint-
ment system. The analysis focuses on a one-hour time
frame during non-peak hours when passenger demands in
both up and down directions are relatively uniform.
During this period, there were a total of 141,567 passenger
trips, with 77% of these having multiple alternative paths.
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Illustration of the simplified URT network.
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Fig. 5 Assigned passenger volume with only one valid path.

For OD pairs with only one path alternatively (comprising
23% of passenger trips), the passenger demands are
directly assigned to the single paths.

Figure 5 illustrates the passenger volume distribution
on each track, with larger volumes concentrated in the
central segments of the URT lines, corresponding to areas
with high business activity and facilities. Hourly passenger
volumes in both up and down directions exhibit nearly
symmetric patterns. The energy consumption (E)) of
empty trains for Lines 1 to 4 is as follows: 712.5, 792.5,
1063, and 1217.5 kWh, respectively, for the entire route
based on the existing timetable.

The case study is based on the actual timeline of the
COVID-19 outbreak in Xi’an at the end of 2021. The key
events in the timeline are as follows:

On December 15, 2021, the first batch of confirmed
COVID-19 cases was detected in Xi’an. The following
day, an epidemiological survey led to the definition of
several zones as medium-risk areas. As more confirmed
cases were identified, the affected zones expanded. By
December 19, 2021, the risk zones were further upscaled,
and some were classified as high-risk areas. The risk
zones remained in effect for approximately one and a half
months, during which time no new confirmed cases were
reported within 14 days. The risk zones were gradually
deselected as the situation improved. The case study
employs two scenarios to demonstrate the effectiveness
of the proposed model framework: Case 1 assumes a
scenario in which the utilization rate is set uniformly
across all zones, representing comprehensive city-wide
management (¢ € 7”). Case 2 examines the effect of zone-
dependent ¢ to simulate targeted management.

The model is solved using Yalmip + Gurobi on a
personal computer equipped with a Samsung 24 G RAM
and Intel Core 17-8550U CPU. The computational time
for solving the model is approximately 5 s, which is
deemed acceptable for line planning, even without a real-

time response requirement.

Case 1: A fixed train capacity utilization rate

The ratio 6 between energy consumption caused by
passenger weight and empty train is related to the train
capacity utilization rate ¢. A general relationship between
6 and ¢ is supposed as 6 = ¢/3 for calculating the total
energy consumption. Passenger PFC plays a crucial role
in regulating passenger volumes on URT tracks by
adjusting the train capacity utilization rate. Since energy
consumption calculations are based on the passenger load
on each track, PFC significantly influences the energy
consumption of URT operations. Optimized solutions
with PFC at different ¢ (@ =100%) are presented in
Table 2, along with a comparison to the energy efficiency
associated with the original timetable without PFC, where
all passengers choose the minimum travel time paths.
Notably, when the train capacity utilization rate (p < 0.7)
is set at its highest level, the train capacity without PFC
becomes insufficient to accommodate the passenger
demand given the available fleet size. However, when
PFC is implemented, passenger demand is met. Energy
consumption experiences a significant reduction of
approximately 36% across all tracks under PFC
compared to the scenario without any path flow control.
The effect of PFC on train frequencies for each line is
evident in Fig. 6, with reductions observed across all
cases. In summary, PFC leads to reductions in both train
frequency and energy consumption.

Train frequencies are determined based on the passenger
volume on the tracks. Taking ¢ =0.7 for example, the
passenger volumes on the key tracks with PFC are shown
in Fig. 7, of which most are less than the scenario without
path flow control. While certain tracks exhibit higher
passenger volumes, the distribution of passenger volumes
across tracks is more balanced with PFC. Consequently,
PFC effectively mitigates peak passenger volumes for
each line. It’s worth noting that the key tracks consistently
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Table 2 Energy consumption with different train capacity utilization

rates ¢

0 P Optimized EC EC without Energy reduction
with PFC PFC (%)

1 0.33 41607.72 65689.37 36.66

0.9 0.30 45134.70 70510.70 35.99

0.8 0.27 49345.85 78498.70 37.14

0.7 0.23 54298.97 86646.12 37.33

0.6 0.20 61963.80 NFS NFS

0.5 0.17 72054.45 NFS NFS

0.4 0.13 87026.39 NFS NFS

0.35 0.12 101754.24 NFS NFS

0.3 0.10 NFS NFS NFS

include those with the highest passenger volumes, which
are identified as the bottlenecks (highlighted by the red
arrow in Fig. 7) of the URT lines. These results affirm the
sufficiency and efficacy of the selected key tracks.

The proportion of OD pairs influenced by the PFC has
a direct effect on energy consumption. It’s important to
note that the control parameter « is equal to the allowed
scale of OD pairs influenced by the PFC, expressed as a
percentage of the total number of OD pairs. When a =
50%, 30%, and 10%, the allowed scales of OD pairs
influenced by the PFC are 168, 101, and 34, respectively.
This parameter indirectly affects the overall energy
consumption.

As shown in Fig. 8(a), when 0.7 < ¢ < 1, with increased
allowed OD pairs that shift from the minimum-cost path
to other paths, the energy consumption decreases. The
minimum numbers of allowed OD pairs for train capacity
utilization rates ¢ =1, 0.9, 0.8, and 0.7 are 168, 178, 184,
and 207, respectively. Notably, stricter (lower) train
capacity utilization rates necessitate more OD pairs to
redirect passenger flow away from minimum-cost paths.
Consequently, the inconvenience experienced by passen-
gers who must change their paths increases as more
energy is saved. When 0.35 < ¢ < 0.6, without PFC, the
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train capacity is not enough to produce a feasible solution.
As shown in Fig. 8(b), the solutions are not feasible when
a = 0. When more OD pairs are allowed for PFC, feasible
solutions can be generated (e.g., 1, 6, 41, 151 for
¢ =0.6,0.5,0.4,0.35, respectively). The lower bound for
the number of OD pairs is greater when the train capacity
utilization rate is lower.

Case 2: Zone-dependent train capacity utilization rates

During the outbreak of COVID-19 in the City of Xi’an
in 2021, there were two distinct stages, as illustrated in
Fig. 9. In the first stage, two medium-risk zones, depicted
within orange boxes and including eight key tracks, were
identified. As the pandemic continued to spread and the
number of confirmed cases increased, these two medium-
risk zones were upgraded to high-risk zones, now indicated
by the red boxes. Simultaneously, two new medium-risk
zones with a total of four tracks were identified. The
severity of the pandemic in the second stage surpassed
that of the first stage.

To address the elevated risk levels, tracks connected to
the risk zones were required to maintain lower train
capacity utilization rates. Specifically, in the high-risk
zones, the train capacity utilization rate was set at 0.5,
while in the medium-risk zones, it was set at 0.7.

Using the decision support model, Table 3 provides
information on energy consumption and train frequencies
for each line during the first stage. If the entire city is
designated as a medium-risk area without targeted
management, energy consumption and train frequencies
are higher. However, by focusing on the targeted risk
zones, it is 68571.89 kWh, which means a 20.86% reduc-
tion in energy consumption compared to the scenario of
setting medium-risk for the whole city (or (86646.12—
68571.89)/86646.12). Meanwhile, with the implementa-
tion of PFC, energy consumption can be further reduced
to 40330.47 kWh, equating to a 25.73% reduction
compared to the case where the entire city is designated
as medium-risk. Therefore, it is evident that PFC and
targeted risk zone management are essential for conserving
energy, enhancing transport capacity, and mitigating
inconvenience in passenger path allocation.

The passenger volumes for key tracks on Lines 1 to 4
under different control policies are depicted in Fig. 10.
When all key tracks in the entire city (the URT network)
are designated as medium-risk zones (¢ =0.7), the
passenger volumes on these tracks, when subject to PFC,
consistently remain lower than those without PFC.
Notably, the passenger volumes on key tracks within the
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Fig. 9 Geographical distribution of COVID-19 in Xi’an in December 2021.

Table 3 Energy consumption and frequency at the first stage of the
pandemic

Train frequencies

Medium-risk for the Medium-risk for the

Lines whole city targeted zones
WahoUt  With PFC Without PFC - With PFC
Line 1 16 14 11 11
Line 2 16 13 15 10
Line 3 23 11 19 8
Line 4 18 10 13 7
Total EC (kWh) 86646.12  54298.97 68571.89  40330.47
EC reduction with NFS 37.33 NFS 41.19

PEC (%)

Note: EC, energy consumption; NFS, no feasible solution.

targeted risk zone (highlighted in pink) are the lowest, as
observed in Lines 2 and 3. This illustrates that with
targeted management of the risk zones, it is possible to
reduce passenger volumes in the risk zones without
adversely affecting passengers in the non-risk zones,
specifically the tracks on Lines 1 and 4.

During the second stage of the pandemic, when consid-
ering only the constraints for the risk zones, no feasible
solution exists without PFC. With targeted risk zone
management, the energy consumption is calculated at
43719.39 kWh. This represents a substantial 28.34%
reduction in energy consumption when compared to the
scenario of designating the entire city as high-risk. The

energy consumption is influenced by the number of
allowed OD pairs that are impacted by the PFC for both
stages of the pandemic, as shown in Fig. 11. The minimum
number of OD pairs requiring a shift in passenger flow
from the minimum-cost path to other paths for the two
stages is 223 and 176, respectively. It is worth noting that
no feasible solution is attainable when the number of OD
pairs allowing PFC falls below 2 during the second stage.
Additionally, energy consumption increases with more
and higher-risk zones, assuming the same travel demand
and PFC parameters.

In summary, for a public health emergency such as
COVID-19, where the train capacity utilization rate is
crucial for implementing social distancing measures, the
decision support model can identify the optimal line plan-
ning and passenger path allocation within the URT
network. It’s important to recognize the tradeoff between
energy consumption and passenger inconvenience result-
ing from PFC. Targeted management of risk zones, as
opposed to a broad approach covering the entire city,
proves effective in reducing both energy consumption
and the inconvenience faced by passengers when they
need to deviate from their usual paths.

5 Discussion and conclusions

Building upon the insights gained from the case study,
various control policies tailored to different stages of a
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Fig. 10 Passenger volume influenced by PFC.

pandemic are deliberated. Furthermore, the subsequent
section outlines the principal conclusions derived from
the study and outlines potential directions for future
research.

5.1 Policy implications

Based on the findings outlined in Section 4, the train
capacity utilization rates on the tracks, the extent of risk

zone coverage, and the intensity of passenger PFC signif-
icantly impact the energy consumption and transport
capacity of the URT network. Consequently, policy
implications are discussed along two key dimensions, as
illustrated in Fig. 12.

In the first dimension, the spatial coverage of risk
zones is categorized into global and target zones. The
global zone pertains to management and control strategies
spanning the entire city or larger administrative regions
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(@). In contrast, target zones refer to specific areas ()
distinguished by varying risk levels.

In the second dimension, taking into account distinct
priorities in passenger convenience and energy efficiency,
and adhering to the constraints specified in Eq. (7), three
types of objectives are identified: passenger convenience-
oriented (PC), energy efficiency-oriented (EE), and a
balance between both (PC & EE). Consequently, six inte-
grated and responsive PFC policies are proposed: -PC,
(O-EE, O-PC & EE, @-PC, @-EE, and @-PC & EE
(abbreviated as Policies A, B, C, D, E, and F, respec-
tively). These control policies are applicable depending
on the stage and priority of the public health emergency.

Policy A, for instance, entails low transport capacity to
minimize passenger inconvenience during the initial
outbreak of a public health emergency, such as the
COVID-19 outbreak in Wuhan in 2020. This phase is
characterized by an unclear understanding of the disease’
s transmission dynamics, and travel demand is significantly
reduced primarily to essential mobility needs. Thus, the
URT network can efficiently serve this reduced demand
with lower-capacity supplies (Lu et al., 2022). As the
travel demand gradually recovers and containment
measures improve, the operator may transition to Policy
B, which aims to save operational costs while still

accommodating the relatively low travel demand. When
travel demands start to rebound, Policy C is recommended
to strike a balance between passenger convenience and
energy efficiency, thereby maintaining ridership (Gkiot-
salitis and Cats 2022). In essence, the decision support
model, as demonstrated in Case 1 in Section 4, can
provide URT network line planning solutions with PFC
at varying train capacity utilization rates and levels of
passenger inconvenience, enabling adaptive responses to
different stages of a public health emergency.

As public health emergencies evolve, the negative
effects, such as the number of confirmed cases, may
decrease substantially due to large-scale vaccinations and
seasonal effects. In such scenarios, where the emergency
outbreaks are limited to specific local zones, the sustain-
ability and necessity of global risk control measures may
diminish. While it is unlikely that the risk of infection
will be completely eliminated globally, especially in the
presence of potential new variants of the virus, a deep
understanding of the disease’s transmission mechanisms
allows for more targeted measures with fewer negative
consequences for passenger convenience and operational
costs. Drawing parallels to Policies A—C, Policies D-F
center on the targeted management and control of risk
zones, each with different objectives. Among these,
Policy F stands out as it strikes a balance between
passenger convenience and energy efficiency, making it
particularly suitable for the post-pandemic era. The
numerical results from Case 2 in Section 4 corroborate
the superiority of targeted passenger PFC over extensive
control in various performance indicators. In summary,
under diverse public health emergency scenarios and with
varying control objectives, the decision support model,
along with its potential extensions, proves invaluable for
optimizing URT operations effectively.

5.2 Conclusions and future work
The public health emergency presents significant chal-

lenges for the management and control policies of public
transport systems. To mitigate the negative effects of
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such emergencies in URT systems, this paper has devel-
oped a decision support model focused on energy effi-
ciency. This model determines optimal train frequencies
and passenger PFC while adhering to train capacity
utilization rate constraints. Formulated as a MILP, the
model has proven to be effective, as demonstrated in the
case study involving the COVID-19 outbreak in Xi’an at
the end of 2021. The results highlight the model’s ability
to reduce energy consumption while considering the
tradeoff with passenger inconvenience resulting from
path flow control.

Several potential avenues for future research based on
the proposed model framework are worth exploring. First,
investigating other operational measures such as stop-
skipping and partial station closures in risk zones may
offer additional strategies to prevent the spread of
pandemics. Second, considering the unique context of a
public health emergency, where passengers are required
to make appointments and follow guided paths, introducing
a compliance rate as a factor in PFC and allowing for
passenger choice in some cases could be a valuable
extension. This approach would involve calculating
passenger volumes on tracks for both passengers who
comply with path control and those who do not. Third,
for passengers with complex multimodal trip chains and
activities, integrating coordination between URT and
other transport modes is an essential aspect to explore
(Liao et al.,, 2014; Liao, 2021). Finally, considering
network topology as a factor influencing the spread of
pandemics and energy consumption is a promising direc-
tion for future research.
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