
Citation: Wang, T.; Liu, B.; Liu, S.;

Zhang, K.; Ma, M. A Two-Stage

Investment Decision-Making Model

for Urban Rail Transit Drainage

Renovation. Systems 2023, 11, 280.

https://doi.org/10.3390/

systems11060280

Academic Editor: Mark Austin

Received: 1 April 2023

Revised: 15 May 2023

Accepted: 28 May 2023

Published: 1 June 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

systems

Article

A Two-Stage Investment Decision-Making Model for Urban
Rail Transit Drainage Renovation
Tao Wang 1 , Bingsheng Liu 1,2, Shimeng Liu 2, Kuan Zhang 1 and Mingyue Ma 3,*

1 School of Public Policy and Administration, Chongqing University, Chongqing 400044, China;
wangtaothu@163.com (T.W.); bluesea_boy_1979@163.com (B.L.); zk0116@foxmail.com (K.Z.)

2 College of Management and Economics, Tianjin University, Tianjin 300072, China; liushimeng0610@163.com
3 Research Institute for Road Safety of the Ministry of Public Security of China, Beijing 100062, China
* Correspondence: mmy1986@foxmail.com

Abstract: Climate change is the main cause of frequent extreme weather and natural disasters.
Therefore, effective climate adaptation strategies for urban rail transit (URT) should be adopted to
cope with extreme precipitation events (EPEs). This study proposes a decision-making model based
on climate change for drainage renovation, which consists of an optimal renovation sequence model
and an optimal investment timing model. This study analyzes the inundation risk of each station and
its node importance in the URT network and then uses a multi-attribute decision analysis (MADA) to
determine the optimal renovation sequence. This study also uses a real options pricing approach to
calculate the value of an option in order to defer the renovation project and determine the optimal
investment timing. Then, the Beijing Urban Rail Transit (BURT) is taken as an example to conduct
an empirical analysis of the proposed model. Considering the uncertainty of climate change and
the complexity of the URT network, the model can obtain the optimal renovation sequence and the
investment timing of each station, which is expected to provide a decision-making tool for urban
governments to formulate an optimal plan that strengthens the prevention of flooding disasters.

Keywords: climate change; urban rail transit; optimal renovation sequence; optimal investment
timing

1. Introduction

As one of the most hazardous natural disasters, flooding is frequently responsible for
losses of life and severe damage to infrastructure and the environment, causing significant
environmental and economic losses, as well as social interruption [1]. Due to global climate
change, it is likely that EPEs will become more intense and frequent in many regions and
cause greater losses in the future [2]. Urban areas are more vulnerable to the disruption of
public services due to the dense population, so urban flooding caused by EPEs has become
increasingly prominent.

This paper uses the scenario analysis method based on Geographic Information Sys-
tem (GIS) to simulate the waterlogging depth of each rail transit station, and uses the
characteristic index of complex network theory to evaluate the importance of each rail
transit station, comprehensively considers the climate, terrain elements and topological
characteristics of each rail transit station, and uses the TOPSIS method based on entropy
weight to conduct multi-criteria decision analysis, so as to determine the optimal trans-
formation sequence of each rail transit station. In addition, considering the uncertainty of
climate change, the probability prediction model is used to fit the probability of extreme
precipitation events, after which the expected loss caused by extreme precipitation events
is estimated, and the binary tree option pricing model is used to determine the optimal
investment time of each rail transit station.
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The main contributions of this study can be summarized as follows: (i) in contents:
First, we expand the spatial scale of the infrastructure renovation and take local govern-
ments as the decision-making entity responsible for renovating URT stations at an urban
scale. Second, we overcome the limitations of previous studies and regard the renovation
of URT stations as an independent behavior in sequence rather than as a whole behavior;
that is, this study conducts the research from both overall and individual perspectives;
(ii) in methods: First, aimed at the specific URT object, we introduce complex network
theory (CNT) into urban flooding risk assessment, and comprehensively consider external
environment and intrinsic property, which improves the comprehensiveness of decision
making. Second, we select indicators to evaluate the node importance in URT networks
from three different perspectives, namely, node local attribute, network global attribute and
network dynamic failure, which improves the accuracy of the node importance measuring.
Finally, in the measurement of investment incomes, besides direct losses caused by EPEs,
we also estimate indirect losses through input-output analysis (IOA), which is suitable for
the economic loss assessment of disasters at an urban scale.

The remainder of this study is organized as follows. Section 2 explains the optimal ren-
ovation sequence model and the optimal investment timing model for drainage renovation
of URT stations, respectively. We then use a case study of the Beijing Urban Rail Transit
(BURT) in Section 3, and we discuss the problems related to investment timing in Section 4.
Finally, Section 5 concludes the entire study and proposes future research directions.

2. Literature Review

Urban rail transit (URT) plays a vital role in the smooth running and long-term
development of cities [3–5]. Due to the relatively low geographical location of URT stations,
the occurrence of EPEs often has a severe impact on URT infrastructures, including water
intrusion, subway suspension, and passenger retention [6]. The frequent occurrence of
EPEs has brought tremendous pressure to existing URT infrastructures, and the relatively
lagging drainage facilities have been unable to meet the increasing demand for discharging,
such a large volume of water [7]. Local governments play a major role in preventing
urban flooding, so they should formulate climate adaptation strategies based on multiple
factors [8,9]. Considering the limited human, material and financial resources of local
governments, the drainage capacity of URT needs to be gradually renovated in a planned
way. Therefore, it is crucial for local governments to determine the optimal renovation
sequence and investment timing for URT stations.

The research objects in the field of infrastructure investment are mostly long-term
public projects with enormous sunk costs, such as roads [10], airports [11], and ports [12].
Early studies on infrastructure investment analysis mainly focused on solving static and
deterministic problems [13]. However, with the deepening of this field, many articles
have begun to consider the uncertainty and risk faced by long-term investment. As
a complex system, the renovation of each URT station can be regarded as a relatively
independent behavior with a sequence. In the existing studies on infrastructure investment,
the research scopes are mainly focused on some small-scale areas, such as communities [14],
universities [15], and landmark regions [16], with few studies from urban scales, especially
the renovation of URT. Most studies take the URT as a whole to analyze the investment
decision-making scheme, without considering the complexity of URT networks constructed
by multiple stations [17]. Previous studies have mainly focused on the risk of urban
waterlogging disasters, complex network studies, or single issue of economic evaluation of
project investment, without considering how urban rail transit drainage facilities should
be invested in decision making from the overall perspective of local governments in the
context of extreme precipitation.

3. Materials and Methods

In the case of limited human, material and financial resources, in order to gradually
improve the drainage capacity of URT stations in a planned way, we established a decision-
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making model for the drainage renovation of URT considering the risk of disaster-bearing
bodies, the importance of disaster-bearing bodies in the URT network and the uncertainty
of climate change. As shown in Figure 1, the entire model mainly intends to solve two
problems: (i) how to determine the optimal renovation sequence of URT stations and (ii) how
to determine the optimal investment timing of URT stations.
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3.1. Optimal Renovation Sequence Model

The differences between stations in terms of precipitation, location, soil type, etc., may
result in diverse flood risks in each disaster-bearing body. Thus, it is necessary to analyze
the inundation risk of each station in the URT network, and vulnerable stations should be
given priority for renovation. Furthermore, the complexity of URT may lead to various
levels of importance for each station in the entire network. It is thus necessary to analyze
the node importance of each station in the URT network, where stations with greater node
importance have the right to be preferentially renovated.

3.1.1. Inundation Risk Analysis

By using scenario-based analysis, we combine GIS technology with FloodArea, a two-
dimensional (2D) hydrodynamic model developed by Geomer Company of Germany, to
produce inundation maps (including the flood extent and depth) under different scenarios.
This method fully considers the two dimensions of time and space, which can provide a
feasible means for the dynamic simulation of flooding.

Inundation simulation using FloodArea requires four types of data input. First, the
digital elevation model (DEM) is the most fundamental form of data in GIS-related research,
which is the premise of rainfall analysis, inundation analysis, flood storage calculation, etc.

Second, the spatial distribution of rainfall constitutes the core data for inundation sim-
ulation by FloodArea, whose value is determined by surface runoff in different submerged
scenarios and represented by the runoff coefficient in raster form. However, it is difficult to
predict future precipitation due to the high spatiotemporal variability of rainfall. In order to
solve this problem, we apply the P-III distribution, a type of skewness curve with unimodal
and continuous characteristics, to fit the extremum of annual and monthly maximum daily
precipitation. The P-III distribution can describe the correspondence between precipitation
extremum and probability in different return periods, which is suitable for predicting the
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probability of maximum precipitation at a random time. The probability density function
and the distribution function are as follows:

f (x) =
βα

γ(α)
(x− x0)

α−1e−β(x−x0) (1)

P
(
X ≥ xp

)
=

βα

γ(α)

+∞∫
xp

(x− x0)
α−1e−β(x−x0)dx (2)

where γ(α) is the gamma function of α, and α, β, and x0 are the parameters of P-III in terms

of shape, scale, and location, respectively, i.e., α = 4
cs2 , β = α 2

−
xcvcs

, and x0 =
−
x
(

1− 2cv
cs

)
.

cv and cs are the variation and skew coefficients of the variable x, respectively.
Because the surface has a certain water storage capacity, redundant water may tem-

porarily infiltrate if the rainfall is small. Only when storage reaches its limit will water
flow to the lower terrain, thus forming surface runoff. EPEs are bound to produce surface
runoff, so we select the SCS-CN empirical model proposed by the U.S. Soil Conservation
Service for direct runoff estimation in urban flooding areas. The SCS-CN model is based on
the water balance equation, which fully accounts for the effects of soil texture, land use,
hydrologic conditions, and initial soil moisture conditions on rainfall runoff. The model is
formulated as follows:

Q =
(P− 0.2S)2

P + 0.8S
(3)

S =
25400
CN

− 254 (4)

k =
Q
P

(5)

where P is the total rainfall depth (mm), Q is the direct surface runoff (mm), S is the
potential maximum retention after runoff begins (mm), k is the runoff coefficient, and CN
is an integrated parameter reflecting the characteristics of the underlying surfaces, which
depends on soil antecedent moisture condition, soil type, and land use.

According to the actual situation, part of the rainwater enters the drainage system
through the urban drainage pipe network after raining. Therefore, the runoff loss caused
by the urban drainage is considered in the calculation of the direct surface runoff. The
variable Q in Equation (5) is replaced by the variable Q′ in Equation (6):

Q′ = Q−D (6)

where Q′ is the direct surface runoff after subtracting urban drainage, and D is the total
displacement (mm).

Third, the rainfall hydrograph contains the critical data for showing the correlation
between precipitation and time, whose value can be obtained by transforming the hourly
rainfall data of each meteorological observation station in the study area into hourly rainfall
data of the entire study area via the Thiessen polygon approach. The total precipitation is
calculated by Equation (7):

AR =
n

∑
i=1

Ri ×
Ai
A

(7)

where Ri and Ai are measured precipitation and associated area of the Thiessen polygon
for station i, respectively; A is the total area of the entire study area; n is the number of
Thiessen polygons.

Finally, hydraulic roughness is an optional property in FloodArea, which can measure
the surface fluctuation and erosion degree. The roughness of the underlying surface will
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impact the confluence process of the surface water, resulting in differences in terms of
discharge and velocity, so different roughness values are given to different land use types.

The above four types of information are input into the FloodArea for urban flooding
simulation, and then maps of the inundation depth in a specific time interval are output.
According to the China Meteorological Standard for flooding and waterlogging caused by
a rainstorm in small- and medium-sized river basins, the inundation area and flood depth
are vital factors affecting flood disaster risk and residential losses [18]. Therefore, we use
ArcGIS to extract the inundation depth of each station in the map in order to measure the
inundation risk through the inundation depth.

3.1.2. Node Importance Analysis

CNT establishes the complex system as an abstract network model, which is used to
describe the relationship between individuals in the system and the overall characteristics
of the system. To explore the characteristics of the URT network, we select the L-space
method to perform abstract modeling, which reflects the geographical position of all the
stations and the order in routes. In the L-space method, the nodes represent stations, and
the edges between the two nodes only exist if they are adjacent stations [19].

In real life, the characteristics of the URT network are not merely embodied in topo-
logical factors, while passenger flow also has an essential impact on the entire network. An
effective prediction method for passenger flow data can not only ensure the safe operation
of the URT system, but also improve the evacuation efficiency in the case of traffic disrup-
tion [20]. Therefore, we establish an undirected weighted network, taking passenger flow
as the edge weight, to describe the URT network, which shows the topological structure
of the real network and dynamically expresses the temporal and spatial changes in the
passenger flow.

To ensure the comprehensiveness of the evaluation results, we select indicators from
three different perspectives, namely, node local attributes, network global attributes, and
network dynamic failure, in order to evaluate the node importance in the URT network.

Local attributes of nodes focus on the analysis of the connection status between indi-
vidual nodes. In this study, two indicators, degree centrality and node strength, are selected
to directly measure the ability of a node to be evaluated in order to establish connection
relations with its neighboring nodes. The degree centrality of node i is defined as:

CD(i) =
ki

n− 1
(8)

where ki is the degree of node i, that is, the number of edges directly connected to node i.
The node strength Si is the extension of the node degree ki in weighted networks,

which considers both the topological connection status and the actual connection strength
between nodes. The node strength of node i is defined as:

Si = ∑
j∈Ri

wij (9)

where wij is the edge weight between node i and node j, and Ri is the set of nodes adjacent
to node i.

Global attributes of the network focus on analyzing the influence of individual nodes
in the entire network. In this study, betweenness centrality and closeness centrality are
selected in order to measure the ability of a node to be evaluated and to establish connection
relations with any other nodes in the network. The betweenness centrality of node i is
defined as:

CB(i) = ∑
s 6=t∈V

δst(i)
δst

(10)

where δst is the total number of the shortest paths between node s and node t, and δst(i) is
the number of shortest paths linking node s and node t through node i.
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The closeness centrality can reflect the connectivity of the network by using distance.
The closeness centrality of node i is defined as:

CC(i) =
1

∑n
j=1 dij

(11)

where dij is the shortest distance between node i and node j.
Dynamic failures of the network focus on the analysis of the impact of dynamic

changes of nodes on the entire network. In this study, we select the index of the network
efficiency change, which measures node importance through changes in the network
efficiency before and after node deletion. The network efficiency E f is defined as:

E f =
1

n(n− 1)∑
i 6=j

1
dij

(12)

Then, the relative reduction of the network efficiency of node i, an index of network
dynamic failure, is defined as:

CE(i) =
∆E f

E f
=

E f − E′f
E f

(13)

where E f is the original network efficiency and E′f is the residual network efficiency after
node i is deleted.

3.1.3. Multi-Attribute Decision Analysis

Comprehensive evaluation of multiple selected indicators is the key step in deter-
mining the optimal renovation sequence of drainage facilities in URT. Technique for order
preference by similarity to an ideal solution (TOPSIS) is a numerical method for solving
multi-attribute decision making (MADM) problems, whose ultimate principle is to en-
sure that the optimal solution has the shortest Euclidean distance from the positive ideal
solution and the furthest distance from the negative ideal solution. TOPSIS technology
is a compensation aggregation method that has the advantages of high computational
efficiency and the ability to measure the relative performance of each scheme in a simple
mathematical form [21,22].

However, with an increasing MADM complexity, the traditional TOPSIS method grad-
ually presents problems, such as an overreliance on subjective weighting and inaccurate
attribute weighting. Entropy weight method, as an objective evaluation method, is often
applied to determine the weight according to the variation of indicators. Therefore, we
introduce the entropy weight method on the basis of the TOPSIS method in order to assign
multiple index weights so that the evaluation results are more objective and direct. Specifi-
cally, it can be divided into the following two steps: (i) using the entropy weight method to
determine the indicator weights; (ii) using the TOPSIS method to give indicator ranking.
The relative closeness degree Ci is adopted to measure the comprehensive performance of
each alternative:

Ci =
D−i

D−i + D+
i

(14)

where D+
i and D−i represent the Euclidean distances from the positive and negative ideal

solutions, respectively.

3.2. Optimal Investment Timing Model

In the context of EPEs, drainage renovation of URT is often faced with great uncertain-
ties and risks. Whereas risks and benefits coexist, projects with high risks will have great
potential benefits [23]. Therefore, it is necessary to evaluate the optimal investment timing
of URT stations in the case of limited resources.
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3.2.1. Investment Costs Analysis

Investment costs are composed of the construction costs during the construction period
as well as the operation and management costs during the operational period.

In general, the decision-making period of infrastructure investment projects is rela-
tively long, so the construction costs frequently change due to material price fluctuation,
technological progress, and economic development [15]. We take the volatility of construc-
tion costs into account when making long-term estimates, assuming that the price increase
of the construction costs due to labor, materials, and equipment is γ. Thus, the construction
cost varying with time can be depicted as:

Kct = Kc0(1 + γ)t (15)

where Kc0 is the initial construction cost.
We also assume that the operation and management cost is calculated as a certain

proportion ϕ of the construction cost:

Kmt = ϕKct (16)

Hence, the investment costs Kt can be denoted as:

Kt = Kct + Kmt (17)

3.2.2. Investment Incomes Analysis

Since it is difficult to measure the benefits brought about by the renovation in currency,
the economic losses avoided by renovation are defined as the investment incomes of the
project. When evaluating the losses of highly uncertain events, we adopt the probability p
and the actual losses L to determine the expected economic losses EL:

EL = p× L (18)

With the continuous change in global climate, the occurrence of EPEs is affected, to
some extent, so the probability of precipitation will show an overall upward trend in the
future and eventually converge to a maximum by steadily advancing the countermeasures
to mitigate global climate change [24]:

P(t) = P(0)e−αt +
−
P
(
1− e−αt) (19)

where P(0) is the current probability of precipitation,
−
P is the probability of precipitation

when the climate system is stable, and α is the growth rate of the precipitation probability.
Currently, the calculation of natural disaster losses in academia generally considers

monetizable economic losses, losing sight of the noneconomic losses in politics, society, and
the ecological environment. Therefore, we only analyze the economic losses, consisting of
direct and indirect economic losses, triggered by EPEs in this study.

Among them, direct economic loss is defined as the sum of the facility loss directly
affected by EPEs and the direct income loss due to closing the metro operations. When a
city is attacked by EPEs, urban flooding can easily occur. Once the water depth reaches a
certain height, it will pour into the underground space along the metro entrance, resulting
in damage to facilities, such as the power supply system and the signal system. The facility
losses L f can be represented as:

L f = Vf + Cex (20)

where Vf is the value of the facilities damaged by urban flooding and Cex is the demolition
and installation cost for restoring the normal functions.

Furthermore, the passenger flow of URT is normally reduced when EPEs occur. Once
excessive precipitation causes great social security risks, relevant departments may cease
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operations to ensure passenger safety. The revenue of the metro operation mainly comes
from ticket sales, so extreme precipitation will bring great income losses to URT. The ticket
losses Lt can be written as:

Lt = (Voln −Vold)× Pf (21)

where Voln is the passenger volume at the initial state, Vold is the passenger volume at the
disrupted state, and Pf is the average subway fare.

As previously mentioned, the direct economic losses of station i can be described as:

DLi = L f + Lt (22)

With the progressively close connections between various sectors of society, the indirect
losses caused by natural disasters are gradually occupying an important position among
economic losses, even more so than direct losses [25]. Indirect economic loss is defined as
the section-related loss in connection with the URT industry caused by EPEs. We adopt the
input-output (IO) model to evaluate indirect losses, which can reflect the chain reaction and
interaction of losses among various sectors. The indirect economic losses of other related
sectors caused by the URT industry are calculated as:

∆Qi = bik
∆Qk

1 + bkk
(23)

where ∆Qi is the indirect economic losses of sector i and bik and bkk are both complete
consumption coefficients.

3.2.3. Real Options Analysis (ROA)

To fully consider budget constraints and climate uncertainty, we propose an ROA
method to provide managerial flexibility for investors in order to make decisions in a long
investment cycle.

Assuming that investors are allowed to execute options in advance at any time during
the decision-making period and that the investment timing is calculated in years, we use
the binomial tree model to evaluate the value of an American call option. Calculating the
value of underlying assets at the initial time takes the time value of money into account
and is discounted from the expected losses in future years to the initial year:

S0 =
T

∑
t=0

EL − Kmt

(1 + ri)
t (24)

where S0 is the investment income at the initial time, ri is the investors’ expected rate of
return, and T is the duration of decision making.

In this study, we regard drainage renovation of the URT as holding an option to defer
so that investors can compare the value of investing immediately with that of investing
later in each time period. If the current value to invest is greater than the value of waiting,
then the option should be exercised immediately. Otherwise, investors should continue to
wait for a more profitable time to invest. Therefore, the option to defer C at each time node
can be confirmed as:

C = max
{

St − Kct, e−r∆t[P∆tCu + (1− P∆t)Cd]
}

(25)

where P∆t is the risk-neutral probability, P∆t = er∆t−d
u−d ; Cu and Cd are the option values

associated with up (u) and down (d) movements, respectively, Cu = max{Su − Kct, 0},
Cd = max(Sd − Kct, 0), u = eσ

√
∆t, and d = 1

u .
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4. Case Study: Beijing Urban Rail Transit

To verify the feasibility of the proposed model, the BURT serves as the research object
of this study. We comprehensively evaluate the optimal renovation sequence of each station
in the BURT from the two aspects of inundation depth and node importance. Then, on
the basis of the optimal renovation sequence, we estimate the income and costs of the
drainage renovation and use the ROA method to determine the optimal investment timing
of each station.

4.1. Study Area

As the political, economic, and cultural center of China, the permanent resident
population in Beijing has increased in recent years. To alleviate traffic pressure, the BURT
has been developed with unprecedented velocity since the 21st century, showing significant
growth in terms of the number of lines and transfer stations. As of 2020, the BURT has
23 lines in operation with a total mileage of 699 km, making it one of the world’s largest
URT systems [26].

However, with the rapid expansion of the BURT, the existing drainage facilities have
gradually failed to meet the demand for flood control and discharge, leading to water
intrusion into stations when EPEs occur. This may affect the regular operation of URT
or even cause temporary paralysis of urban traffic. For instance, in July 2012, Beijing
suffered the heaviest rainfall since complete meteorological records began in 1951. Twelve
stations on the five lines were temporarily closed due to the heavy rainstorm. Therefore,
local governments should take measures, such as drainage facility renovation, for urban
flooding prevention. However, due to limited resources, it is necessary for decision makers
to determine the sequence and timing of drainage renovation for URT stations.

4.2. Optimal Renovation Sequence of the BURT
4.2.1. Inundation Risk Analysis of the BURT

We use FloodArea, an ArcGIS extension, to simulate the inundation depth of each
station by selecting the rainstorm option. The submerged simulation process has four types
of input information. The first type of information, DEM data, are obtained by filling in an
SRTM DEM with a 30 m spatial resolution for Beijing. The acquisition of the second type of
information, the spatial distribution of rainfall, is based on rainfall data. The rainfall data
used in this study include the daily precipitation of twenty national-level meteorological
observation stations in Beijing, from 1 January 1991, to 13 August 2020, provided by the
National Climate Center. Then, we adopt the Thiessen polygon approach to calculate the
area weight coefficient of each meteorological station in order to obtain the third type of
information, namely, the regional hourly rainfall file. The fourth type of information is
hydraulic roughness, whose value is related to land use types. The land use data used in
this study are derived from the Finer Resolution Observation and Monitoring of Global
Land Cover (FROM-GLC) of Tsinghua University, with a 30 m spatial resolution in 2017.

Taking the 100-year return period as an example, we input the above four types of
data into FloodArea to conduct a dynamic simulation of 24 h inundation in Beijing. The
selection of CN in the SCS-CN model refers to the report released by the Soil Conservation
Service of the United States Department of Agriculture. The drainage parameters are not
set separately in FloodArea model; that is, we assume that the drainage capacity is the
same everywhere. The 24 h inundation map in the return period of 100 years in Beijing is
shown in Figure 2. When EPEs occur in Beijing, most of the submerged areas are located in
the southeast of the city, while the northwest is barely flooded by rainstorms due to a high
terrain and little rainfall. Finally, ArcGIS is adopted to extract the inundation depth of each
station, which can evaluate the priority of the renovation sequence from the perspective
of the inundation risk of the disaster-bearing body. Table 1 shows the top ten stations
identified via inundation depth.
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Table 1. Top 10 Stations Identified by Inundation Depth.

Station Inundation Depth (m)

Anding Men 1.336
Wangjing 1.173

Zhangguozhuang 1.049
Renmin University 1.043

Niwa 1.004
Fangshan Chengguan 0.964

Heping Men 0.893
Baiziwan 0.890
Majiapu 0.822

Tian’anmen Xi 0.821

4.2.2. Node Importance Analysis of the BURT

Based on CNT, a typical L-space topological network representing the BURT with
340 nodes and 383 edges is built and plotted in Figure 3. The nodes in Figure 3 represent
the metro stations, where the edges linking the nodes are the metro lines.

Due to the essential influence of passenger flow on the URT network, we take the daily
average passenger flow between adjacent stations as the edge weight in order to construct
a weighted network of the BURT. By using the daily ridership of operating lines published
on the official website of the Beijing Subway and Beijing MTR Corporation, we can estimate
the passenger flow of each station according to the population distribution. Assuming that
the passenger flow of each station is related to the population density around it, we define
the 2 km radius around the station as its served area based on the walking distance [20],
and the population Mi in the served area of station i can be expressed as:

Mi = β× π × 22 (26)

where β is the population density of the served area.
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Then, based on the total passenger flow of line L, the passenger flow of station i can be
estimated according to the population weight, i.e., the ratio of the population in the served
area of the station to the served area of the entire line:

Ni =
Mi

∑i∈L Mi
× fL (27)

where fL is the total passenger flow of line L.
In addition, we assume that the passenger flow interaction between each station and

its adjacent stations is equally distributed to calculate the edge weight of two neighbor-
ing nodes.

After obtaining the topological structure of the BURT, we use the Pajek program to
generate a passenger flow weighted matrix. Then, we obtain five indicators, including
degree centrality, node strength, betweenness centrality, closeness centrality, and relative
reduction in network efficiency, of each station on the basis of the Python 2.7 platform. We
apply the entropy-TOPSIS method to sort the node importance of each station. Table 2
displays the top ten stations identified by node importance.

Table 2. Top 10 Stations Identified by Node Importance.

Station Degree
Centrality Node Strength Betweenness

Centrality
Closeness
Centrality

Relative Reduction of
Network Efficiency

Xizhi Men 0.015 44.490 0.239 0.087 0.027
Chegongzhuang 0.012 31.630 0.200 0.089 0.017

Qilizhuang 0.012 11.900 0.159 0.069 0.091
Dongsi 0.012 28.410 0.141 0.088 0.020

Nanluogu Xiang 0.012 27.320 0.137 0.087 0.024
Ping’an Li 0.012 33.600 0.100 0.088 0.014

Chaoyang Men 0.012 21.340 0.184 0.087 0.022
Jintai Lu 0.012 12.120 0.157 0.078 0.068

Fuxing Men 0.012 30.540 0.098 0.086 0.015
Zhichun Lu 0.012 16.460 0.179 0.080 0.034
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4.2.3. Optimal Renovation Sequence of the BURT

We integrate the two factors of the inundation risk and the node importance into the
evaluation criteria of the optimal renovation sequence and perform a secondary calculation
of the entropy-TOPSIS method. Specifically, the weights of the inundation risk and node
importance are determined by the entropy method to be 0.64 and 0.36, respectively. Then,
the closeness degrees between the feasible solutions to the ideal solutions are computed
using the TOPSIS algorithm. Finally, we can obtain the optimal renovation sequence of
drainage facilities in the BURT, with the results of the top ten stations shown in Table 3.
In reference to Table 3, the top ranked stations are all transfer stations in the center of the
BURT that carry a large passenger flow and are easily submerged by extreme precipitation.
Consequently, local governments should give priority to drainage renovation at Wangjing
Station to avoid the danger of water intrusion, followed by Zhichun Lu Station, etc.

Table 3. Top 10 Stations in the Optimal Renovation Sequence Model.

Rank Station

1 Wangjing
2 Zhichun Lu
3 Xuanwu Men
4 Yonghe Gong
5 Dongzhi Men
6 Jianguo Men
7 Baishiqiao Nan
8 Cishou Si
9 Beijing South Railway Station
10 Fuxing Men

5. Results and Discussion

Table A1 in Appendix A selects the top three stations in the optimal renovation model,
namely Wangjing Station, Zhichun Road, and Xuanwumen Station, and calculates their
construction costs, operation and management costs, and total investment costs. For the
initial construction cost K for each station_ C0 a cost of 10 million yuan per kilometer
is assumed. The average annual growth rate of construction costs is equal to China’s
inflation rate, i.e γ = 3.50%. The operating and management costs are estimated at 3% of
the construction cost.

The investment incomes of the drainage renovation of the BURT are measured by the
expected economic losses that can be avoided in the future, including direct and indirect eco-
nomic losses. Direct economic losses are divided into partial damage to the mechanical and
electrical facilities inside the station caused by urban floods and ticket losses. Indirect losses
are quantified through a new input-output table consisting of 43 departments, separating
the input-output table of the urban rail transit industry from the existing 42 departments in
Beijing in 2017 to reflect the input-output relationship with other related industries. For
direct losses, it is assumed that the losses of communication equipment, signal equipment,
power supply equipment, pipeline equipment, and fire protection equipment are calculated
at 50% of the facility value, while the losses of HVAC systems, fire alarm systems, electrical
and mechanical control systems, escalators, and elevators are calculated at 20% of the
facility value, and the automatic toll system is calculated at 20% of the facility value. It is
also assumed that the demolition and installation costs account for 10% of the facility value
for the current year.

In terms of the other part of the direct economic losses, the ticket losses can be
estimated by Equation (21), wherein we assume that there is one-third daily ridership
losses of each station, and that the average subway fare of the BURT is deemed to be
4.3 yuan per person. With the continuous expansion of the BURT, the annual passenger
flow increased from 468 million in 2001 to 3.96 billion in 2021 [26]. In particular, this trend
has been growing annually since 2008. Thus, taking this rising trend of ridership into
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account, we conduct a linear fitting of the annual passenger flow over the years to predict
the annual passenger flow of the BURT from 2021 to 2030, which is shown in Table 4.

Table 4. Predicted Annual Passenger Flow of the BURT from 2021 to 2030 (Billion people).

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Predicted Annual
Passenger Flow 4.15 4.30 4.44 4.60 4.74 4.89 5.03 5.18 5.33 5.47

According to Equation (18), the probability of precipitation is essential. Table 5 lists
the probability of precipitation from 2021 to 2030, and Table A2 summarizes the direct and
indirect economic losses of the first three stations in the 100-year return period rainfall.

Table 5. Probabilities of Extreme Precipitation in the 100-year Return Period from 2021 to 2030.

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Precipitation Probability
(%) 1 1.03 1.06 1.09 1.12 1.15 1.18 1.21 1.23 1.26

Determining the model parameters is the premise of using ROA to make decisions on
the optimal investment timing of the BURT drainage renovation.

First, we select the capital asset pricing model (CAPM) to reckon the expected return
rate of investors ri, which is formulated as:

ri = r f + βe

(
rm − r f

)
(28)

where r f is the risk-free rate whose value is the recent 5-year treasury bond yields issued by
the Ministry of Finance, r f = 3.06%; rm is the expected market return rate, whose value is
the annual average return rate of the Shanghai Composite Index from 2009 to 2018, where
rm = 7.24%; and βe is the risk reward coefficient, whose value is obtained by averaging the
ratio of the covariance between the monthly return of ten listed companies related to metro
construction and the monthly return of the Shanghai Composite Index to the variance of
the monthly return of the Shanghai Composite Index, where βe = 1.074. Then, putting the
above parameters into Equation (28), we can obtain ri = 7.55%.

Second, the volatility of underlying assets σ is also a key parameter in the ROA model.
We also pick the ten companies mentioned above and take the closing stock price on the
last trading day of each week in 2019 as a sample. Then, the volatility of project income is
estimated to be σ = 23.94%.

Finally, it is essential to plan the exercise time before performing the ROA method.
Drainage renovation of the URT is usually programmed for a long period. Combined with
actual situations, we assume that investors can exercise the right to execute the option at
any year within ten years, namely, T = 10, ∆t = 1.

The project value St is in line with the value evolution path of the binomial tree model.
That is, the project value at the former moment will increase in the proportion of u = 1.270
and decrease in the proportion of d = 0.787 at the later moment, and the risk-neutral
probability is calculated to be P∆t = 0.505. Tables A3–A5 in Appendix A show the project
value of the top three stations, with shadows representing St higher than Kt; that is, the
current investment income is positive. Tables A6–A8 in Appendix A show the option
premium of the top three stations.

Table A9 summarizes the higher value of the immediate investment and the continuing
waiting investment. Taking Wangjing Station as an example, it is economically feasible,
but not necessarily optimal, for decision makers to invest in 2021. American options allow
investors to exercise options at the expiry date in 2030, or at any time before the expiry
date. Therefore, investors should consider whether to delay the exercise of options to
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obtain higher project incomes. Only when the value of waiting is less than that of investing
immediately does the delay of execution become infeasible; otherwise, it is sensible to keep
waiting. As shown in Table A3, the incomes of investing immediately from 2025 outweigh
the option premium of waiting, which means decision makers can invest in Wangjing
Station as early as 2025. Similarly, the value comparison results of Zhichun Lu Station
and Xuanwu Men Station are summarized in Tables A10 and A11 in Appendix A, which
indicate that decision makers can invest in Zhichun Lu Station as early as 2026 and Xuanwu
Men Station as early as 2028.

In the process of decision making, we find that, with the recursive sequence of station
rankings, the drainage renovation of stations has been unable to generate investment
incomes within the decision-making period (10 years). In other words, the results of the
binomial tree model show that it is not feasible to renovate the drainage facilities at the
BURT stations over 10 years. In this case, this article extends the investment decision cycle
to 20 years and recalculates the rail transit stations that are not feasible for investment
within 10 years, thereby determining the optimal investment time for each rail transit
station. This section takes Dongzhimen Station, ranked 4th in the optimal renovation
sequence, and Fuxingmen Station, ranked 5th, as examples. The calculation results show
that investors can invest in Dongzhimen Station as early as 2032 and Fuxingmen Station as
early as 2031.

Through the above calculation, this paper finds that in the investment decision-making
model of rail transport infrastructure, the optimal reconstruction order obtained through
inundation risk analysis and node importance analysis is staggered with the optimal
investment time obtained through real option analysis. For example, when determining
the optimal renovation sequence, the investment decision model suggests that priority
should be given to investing in Dongzhimen Station before investing in Fuxingmen Station;
however, when determining the optimal investment time, the investment decision-making
model found that the earliest time for investors to invest in these two rail transit stations
was at Fuxingmen Station before Dongzhimen Station. We believe that the reason for
this phenomenon is that investment decision-making models have different standards
for determining the optimal renovation sequence and optimal investment time. The
determination of the optimal renovation sequence only considers objective factors such
as climate, terrain, and topological structures, while the determination of the optimal
investment time takes into account economic factors on the basis of the optimal renovation
sequence; it further explains the importance of economic factors in the investment decision-
making model of rail transport infrastructure. In addition, the optimal investment time
determined by the binary tree pricing model is the earliest time that investors can invest in
the rail transit drainage facility reconstruction project; that is, after this optimal investment
time, there will be a node where the project value in the current year is greater than the
investment cost, and it is economically feasible to invest every year thereafter. Therefore,
decision-makers can adjust the optimal investment time of individual rail transit stations to
meet the results of the optimal transformation sequence, while balancing and considering
the optimal transformation sequence and optimal investment time.

6. Conclusions

This study starts from the specific research object of urban rail transit and combines
CNT with situational inundation analysis, which involves the external environment and
internal characteristics. We propose a decision-making model to determine the optimal
renovation sequence and investment timing for urban rail transit drainage renovation in
response to EPE. In order to consider the climate, terrain, and topology characteristics of
each urban rail transit station, we used GIS-based scenario analysis and complex network
metrics to obtain inundation depth and node importance, respectively. Then, we used the
entropy TOPSIS method for MADM analysis and determined the optimal refurbishment or-
der. In addition, we obtained the probability of EPE through a probability prediction model,
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and then estimated the expected loss through a combination of direct and indirect economic
losses. The binomial tree model is used to determine the best investment opportunity.

In the optimal update sequence model, decision makers need to consider the inunda-
tion risk and node importance of urban rail transit stations under extreme precipitation
circumstances. In the optimal investment timing model, we use the ROA method to
compensate for the shortcomings of neglecting project uncertainty values in traditional
economic evaluation methods. When the future investment situation is unclear or project
information is insufficient, it is necessary to wait and immediately compare the option
value at each time point with the investment value. Therefore, investors can determine the
optimal investment timing in the long-term decision-making process to make the project
economically feasible.

The model we propose in this study can not only provide practical guidance for
climate adaptation infrastructure transformation in the context of EPE, but also provide
scientific basis for strengthening the prevention of urban flood disasters. However, there
are still some shortcomings in the accuracy of model construction. Firstly, when simu-
lating inundation scenarios, we only evaluated the runoff converted by rainfall using
an improved urban rainfall runoff model. In future research, available data from urban
drainage pipelines can be used to further evaluate pipeline flow to better reflect the true
flow formed by extreme precipitation. Secondly, when measuring the expected losses that
drainage renovation can avoid, we only acknowledge economic losses. In future research,
non-economic losses, such as their impact on society and the environment, can be further
considered to comprehensively assess the impact of the environmental footprint.
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Appendix A

Tables A1–A11 are shown in the Appendix A.

Table A1. Investment Costs of the Top Three Stations (104 RMB).

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Wangjing Station

Construction Costs 1522 1575 1630 1687 1746 1808 1871 1936 2004 2074
Operation and Management

Costs 46 47 49 51 52 54 56 58 60 62

Total 1568 1622 1679 1738 1799 1862 1927 1994 2064 2137

Zhichun Lu Station
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Table A1. Cont.

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Construction Costs 1323 1369 1417 1467 1518 1571 1626 1683 1742 1803
Operation and Management

Costs 40 41 43 44 46 47 49 50 52 54

Total 1363 1410 1460 1511 1564 1618 1675 1734 1794 1857

Xuanwu Men Station

Construction Costs 954 987 1021 1057 1094 1132 1172 1213 1256 1300
Operation and Management

Costs 29 30 31 32 33 34 35 36 38 39

Total 982 1016 1052 1089 1127 1166 1207 1250 1293 1339

Table A2. Economic Losses of the Top Three Stations (104 RMB).

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Wangjing Station

Direct Losses 5799 3881 1963 6792 13,566 11,649 9731 8847 8260 6343
Indirect Losses 15,264 10,216 5168 17,877 35,709 30,661 25,613 23,285 21,742 16,694

Total 21,062 14,097 7131 24,669 49,275 42,309 35,344 32,132 30,003 23,037

Zhichun Lu Station

Direct Losses 4688 4622 3752 2882 2125 1255 5634 4764 4163 5051
Indirect Losses 12,341 12,167 9877 7586 5593 3303 14,829 12,539 10,957 13,295

Total 17,029 16,789 13,629 10,468 7718 4558 20,463 17,303 15,120 18,346

Xuanwu Men Station

Direct Losses 3075 2538 2606 2127 1590 1138 601 4013 3476 3319
Indirect Losses 8095 6681 6860 5599 4186 2996 1582 10,564 9150 8736

Total 11,170 9219 9466 7727 5776 4134 2183 14,577 12,627 12,056

Table A3. Project Value of Wangjing Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

1852 2353 2990 3799 4826 6132 7790 9898 12,575 15,976
1458 1852 2353 2990 3799 4826 6132 7790 9898

1148 1458 1852 2353 2990 3799 4826 6132
903 1148 1458 1852 2353 2990 3799

711 903 1148 1458 1852 2353
560 711 903 1148 1458

440 560 711 903
347 440 560

273 347
215

Table A4. Project Value of Zhichun Lu Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

1115 1417 1800 2287 2906 3692 4690 5959 7570 9618
878 1115 1417 1800 2287 2906 3692 4690 5959

691 878 1115 1417 1800 2287 2906 3692
544 691 878 1115 1417 1800 2287

428 544 691 878 1115 1417
337 428 544 691 878

265 337 428 544
209 265 337

164 209
129
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Table A5. Project Value of Xuanwu Men Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

482 613 778 989 1257 1596 2028 2577 3274 4159
380 482 613 778 989 1257 1596 2028 2577

299 380 482 613 778 989 1257 1596
235 299 380 482 613 778 989

185 235 299 380 482 613
146 185 235 299 380

115 146 185 235
90 115 146

71 90
56

Table A6. Option Premium of Wangjing Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

634 970 1453 2133 3062 4297 5898 7947 10,563 13,902
333 537 852 1320 1996 2934 4181 5779 7823

145 251 427 714 1166 1848 2815 4058
46 87 162 299 545 978 1725

8 16 33 67 137 279
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0

Table A7. Option Premium of Zhichun Lu Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

239 386 610 945 1432 2117 3045 4263 5822 7815
106 181 306 508 825 1304 1996 2941 4156

35 65 120 218 389 680 1157 1889
7 14 28 57 116 237 484

0 0 0 0 0 0
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0

Table A8. Option Premium of Xuanwu Men Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

39 69 119 202 337 551 877 1354 2013 2860
12 22 42 77 140 252 446 768 1277

2 4 8 17 35 71 145 297
0 0 0 0 0 0 0

0 0 0 0 0 0
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0
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Table A9. Value Comparison of Wangjing Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

634 970 1453 2133 3080 4324 5920 7961 10,571 13,902
333 537 852 1320 1996 2956 4195 5786 7823

145 251 427 714 1166 1862 2822 4058
46 87 162 299 545 986 1725

8 16 33 67 137 279
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0

Table A10. Value Comparison of Zhichun Lu Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

239 386 610 945 1432 2120 3064 4276 5828 7815
106 181 306 508 825 1304 2008 2948 4156

35 65 120 218 389 680 1164 1889
7 14 28 57 116 237 484

0 0 0 0 0 0
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0

Table A11. Value Comparison of Xuanwu Men Station (104 RMB).

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

39 69 119 202 337 551 877 1364 2018 2860
12 22 42 77 140 252 446 773 1277

2 4 8 17 35 71 145 297
0 0 0 0 0 0 0

0 0 0 0 0 0
0 0 0 0 0

0 0 0 0
0 0 0

0 0
0
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