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Abstract

Urban high-speed railway construction is complex due to limited land resources,
high population density, and potential construction risks, especially when new
tracks are parallelly aligned to operational railways. Addressing a gap in current
literature on fine optimization of manual alignment in such scenarios, this paper
introduces a biobjective approximate fine-grained optimization model for rail-
way alignments (BA-FORA). Utilizing an approximate dynamic programming
(ADP) method, BA-FORA effectively searches the feasible region to approach
a global optimum, overcoming the dimensionality challenges inherent in stan-
dard dynamic programming (DP). This paper presents a biobjective optimization
framework that takes into account both construction cost and construction risk
adjacent to existing operating railways (CRAEOR), offering a method for the
fine-grained design of new railways adjacent to existing railways. Finally, the
proposed BA-FORA framework is applied to practical cases, demonstrating its
superior optimization performance. The findings indicate that the BA-FORA
model can autonomously investigate and enhance railway alignment. It gen-
erates cost-effective and low-risk solutions exceeding manual efforts, ensuring
alignment constraint compliance.
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1 | INTRODUCTION

With the development of the urban agglomeration econ-
omy, the scale of urban high-speed railways has been
increasing yearly. However, building high-speed railways
in urban areas presents many challenges due to limited
land resources, dense population, and complex existing
road networks. First, railway land use should be strictly
controlled, not only to minimize land usage but also to
consider its impact on the development of surrounding
areas. Second, high housing density, high cost of demo-
lition, and significant social impact imply that railways
minimize their impact on residents while being econom-
ically and technologically feasible. Third, if the distance
between the new railway is too close to the existing railway,
the construction risk and safety hazards increase. Thus,
optimizing the alignment design parameters of urban rail-
ways is critical in improving the economic, social, and
environmental benefits of railway routes.

When a new high-speed railway incorporates exist-
ing stations, parallel construction with existing railways
becomes inevitable. The reasons for the coexistence of new
and existing railways include the following: (a) On elec-
trified double-track railways with high levels of passenger
and freight traffic, if transportation density significantly
increases, it becomes difficult to satisfy the transportation
services with other reinforcement methods (such as adding
more tracks, upgrading signaling systems); (b) infeasible
in aligning the design criteria (such as curve radius, track
type) of high-speed railways (350 km/h) and low-speed
railways (below 200 km/h); (c) significantly higher bridge
and tunnel ratios for high-speed railways compared to low-
speed railways; and (d) the distinction (such as speed, load)
between low-speed railways primarily used for freight
transport and the new railways designed for high-speed
passenger-dedicated service. The (nearly) parallel design
of new railways along existing ones has always been a diffi-
cult task in railway alignment design, especially when the
grades of the new and existing railways are different and
located in urban areas where land resources are limited.
Manual efforts to optimize alignments are inefficient and
easy to miss better solutions.

Itis important to develop an optimization model for rail-
way alignment design that reduces land usage, especially
for sandwich areas (areas between the boundaries of the
two railways). After the preliminary manual selection of
the design route, further fine-tuning of the alignment can
reasonably integrate manual location design theories and
the advantages of computer optimization, further enhanc-
ing the efficiency and effectiveness of railway alignment
optimization design.

Prior research indicates that as the enumerated data
increase, the computational dimension of the existing
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algorithm (Gao et al., 2023) increases significantly, leading
to a substantial increase in computation time. Thus, to
overcome the curse of dimensionality, this study proposes
a method based on approximate dynamic programming
(ADP), focusing on achieving higher computational
efficiency and superior optimization results.

The key benefits and significant contributions of the
suggested approach are outlined as follows:

(1) Based on the ADP algorithm, a new model called
biobjective approximate fine-grained optimization for
railway alignments (FORA) is proposed by us. This
approach integrates ADP algorithm, construction risk,
and multiobjective optimization theory, effectively
optimizing railway alignment.

(2) To our best knowledge, this paper develops the first
alignment optimization model that takes into account
parallelism with existing railways.

(3) We introduce a quantification method for the con-
struction risk adjacent to existing operating railways
(CRAEOR), which is then incorporated as one of
the objective functions for horizontal alignment (HA)
optimization.

The following is the paper’s structure: Section 2 provides
a review of previous studies focusing on route, multistage,
and fine-grained alignment optimization. Section 3 mainly
details the mathematical expression of the railway align-
ment, the formulation of the objective function, and the
analysis of the parallel optimization problem. Section 4
introduces the framework of biobjective approximate fine-
grained optimization model for railway alignments (BA-
FORA) and the computation method of the ADP algorithm
in detail. In Section 5, the application of BA-FORA to
real-world cases is described, while Section 6 presents the
conclusions and prospects.

2 | LITERATURE REVIEW

In recent decades, there have been a multitude of mod-
els and techniques suggested to enhance the alignment of
railroads or highways. Based on the various innovations
of alignment optimization methods, the existing studies
can be divided into three categories. The first is the opti-
mization of corridors, which refers to the optimization of
the approximate route between the start and end point,
considering the apparent changes in terrain and obstacles.
The second is a multistage optimization, where the route
alignment is first optimized and then refined within the
corridor. The third category is fine-grained optimization,
which focuses mainly on the compliance of the alignment
within the corridor in high-precision environment data.
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2.1 | Route optimization

Route alignment design is a highly important and difficult
process. The initial task is to determine the general
direction of the route and the general location of the main
structures. Therefore, most of the studies are dedicated
to the search for routes. The early research methods
include the optimum curvature principle (Howard et al.,
1968), linear programming (Lee et al., 2009), dynamic
programming (DP) (Goh et al., 1988), and mixed-integer
linear programming (Hare et al., 2015). In recent years,
several new approaches have been tried in the field of
route optimization. Sushma and Maji (2020) introduced
an enhanced strategy based on motion planning for
optimizing highway alignment while considering costs
and impacts. Moreover, Zhang et al. (2023) introduced a
novel sequential exploration algorithm (SEA) for HA opti-
mization of roads, which avoided tight coupling between
points of intersection (PIs) and achieved near-optimal
road alignments while considering geometric restrictions
and transition curves. Some improvements to railway
alignment optimization using 3D distance transform (DT;
Song et al., 2020) were made by a team of researchers
affiliated with Central South University. Furthermore, the
team led by Vazquez-Méndez from the Universidade de
Santiago de Compostela made outstanding contributions
to the optimization of highway and railway alignments.
They (2023) presented a geometrical model for designing
railway bypasses, which automatically identified the
need for major structures, and utilized a mixed integer
nonlinear programming approach to provide economi-
cally optimal layout alternatives. In their other research
endeavors, the team also employed numerous mathemat-
ical methods for the optimization of alignments (Casal
et al., 2017; Garcia-Chan et al., 2021).

Heuristic algorithms are the most widely used tech-
nique for enhancing road or rail alignment. Jong was the
pioneer in utilizing the genetic algorithm (GA) to optimize
highway alignments (Jong, 1998). The coordinates of the
horizontal and vertical intersections were used in this
method as variables that could be optimized. Selection,
crossover, and mutation were used to calculate the fitness
of each generation. The alignment scheme with the
greatest fitness level was ultimately chosen after only one
alignment scheme had been considered. Afterward, many
researchers (Biancardo et al., 2021; Isler & Widmer, 2020)
applied GAs to alignment optimization with different
objective functions based on this concept. Additionally, it
has been demonstrated that particle swarm optimization
(PSO) worked well for alignment optimization (Ghoreishi
et al., 2019) because it excelled at continuous problem opti-
mization, and possessed a significant rate of convergence.
In a related vein, the study by Hasany and Shafahi (2017)
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introduced an optimization approach using ant colony
algorithms to tackle the primary challenge and achieve
a favorable solution. Complementing this, the research
by Roy and Maji (2022) introduced a modified ant colony
optimization algorithm, known as sampling-based mod-
ified ant colony optimization (SMACO), that employed
low-discrepancy point sampling. The algorithm sought to
achieve optimized HAs for high speed railway, prioritizing
reduced costs and minimal impacts, especially in terms of
noise and vibration. As a heuristic algorithm, simulated
annealing algorithm has also been attempted to opti-
mize railway alignments, resulting in good optimization
outcomes (Costa et al., 2013, 2016).

Although these heuristic algorithms have obtained good
optimization results in practical cases, there are still short-
comings. First, these methods are largely based on a given
number of intersection points; and second, they do not per-
form empirical learning as humans do. To overcome these
defects, Gao et al. (2022) proposed a framework called
deep deterministic policy gradient (DDPG). This frame-
work was based on the deep reinforcement learning (DRL)
approach for a single objective and focused on optimiz-
ing a policy function to guide the agent’s actions in the
environment. Subsequently, they proposed a biobjective
optimization method built on the concept of reinforce-
ment learning (He et al., 2023). These models can perform
strategy selection and learn like humans during railway
alignment optimization.

2.2 | Multistage alignment optimization

In order to make the optimized alignment better fit the
topography and land use features, some scholars have pro-
posed a two-stage or three-stage optimization method. The
initial selection of the route was carried out first, and fur-
ther alignment optimization was then performed within
the selected route. An early researcher (Nicholson, 1973)
took the lead in combining the global search capability
of the dynamic planning method and the local optimiza-
tion characteristics of the variational approach to first
search for multiple route solutions using the dynamic plan-
ning method, and then carried out in-depth optimization
of each alignment solution by the variational approach
to finally obtain the optimal HA and vertical alignment
(VA). Kim et al. (2005) used the same type of GA to
first optimize a relatively long road and then subdivide
the resulting alignment and optimize each subsection.
Another two-stage optimization strategy was proposed by
Li et al. (2017). With a hybrid approach, they tackled this
issue by first automatically choosing control points using
the bidirectional DT technique and then fine-tuning the
alignment using the GA. Soon after, Vazquez-Méndez et al.
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FIGURE 1 [Illustration of the railway alignment in three
dimensions.
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Tllustration of the distance and longitudinal

(2018) compared the GA, PSO, and nonlinear optimization
with mesh adaptive direct search (NOMAD) algorithms
in the first stage of route optimization, while the sequen-
tial quadratic programming (SQP) algorithm was chosen
uniformly for alignment optimization in the second stage.
Yang et al. (2020) proposed a three-stage optimization
method for railway alignments, which included a low-
cost path search, initial alignment generation, and final
alignment optimization with a rapidly exploring random-
tree connect (RRT-connect) algorithm and differential
evolution (DE) algorithm.

These studies combined well the strengths of global and
local optimization algorithms and provided a more com-
prehensive approach to alignment optimization. However,
in the initial stage, some feasible regions are excluded, and
the outcomes might not be close to optimum. Moreover,
they mainly focus on the combination of algorithms and
are not detailed enough in fine-grained optimization.

59 WILEY--**

2.3 | Fine-grained alignment
optimization based on an existing
alignment

Little research has been done on optimizing a new align-
ment based on an existing alignment. Some studies have
used a straight line connecting the start and end points as
the centerline of the corridor, using this corridor as a base-
line route for further alignment optimization. Samanta
and Jha (2011) examined a railway alignment within a des-
ignated corridor while taking into account a travel demand
pattern where multiple origins converged to a single desti-
nation with a GA-based model. Based on a straight initial
path, Aziz et al. (2020) developed a surrogate model with
multiple levels of accuracy employed for optimizing road
alignment.

Using a straight line as the initial line pattern for fur-
ther optimization is limiting. For one, the corridor formed
by the straight line widening reduces the search range
and can lead to the omission of some feasible domains.
Second, the corridor formed by straight line widening
does not consider conforming terrain and features, which
greatly increases the number of iterations for algorithm
optimization.

To remedy these shortcomings, some scholars have pro-
posed algorithmic optimization within a narrow initial
corridor. Thus, Kang et al. (2012) used a GA to opti-
mize an alignment through prespecified “gates.” Mondal
et al. (2015) proposed an innovative bilevel optimization
model for optimizing the alignment that links two end-
points along the engineer’s original HA. They used two
derivative-free optimization (DFO) solvers: NOMAD and
hybrid optimization parallel search package (HOPSPACK).
Gao et al. (2022) introduced a method named cross-section
optimization for highway alignment (COHA) to further
optimize initial manual corridors. This framework is a
combination of stochastic dominance (SD) theory, the
PROMETHEE-II method, and the weighted least square
method. After this, Gao et al. (2023) introduced a method
of FORA. This method is based on a DP algorithm that
takes manual alignment as the baseline for further refined
optimization. These methods for alignment optimization
based on manual baselines can reasonably integrate the
strengths of computer algorithms and human experience
to improve the realism of the optimization results.

In optimization problems, particularly in the realm of
multiobjective optimization, nature-inspired computing
and algorithms have provided us with valuable insights.
Some of the most representative ones include neural
dynamic model (Park & Adeli, 1997), PSO (Hossain et al.,
2019), harmony search algorithm (Siddique & Adeli, 2015),
simulated annealing (Siddique & Adeli, 2016), bacteria
foraging algorithm (Wang et al., 2018), spider monkey
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TABLE 1 Construction type of adjacent operating railways.
Construction management type of Adjacent construction
adjacent operating railways Description distance
Z Construction that invades the safety limit of equipment in the d
operating railway
Zy The following construction projects may endanger the driving safety  d,
of the operating railway due to accidents
Zc The following constructions near the operating railway may affect d

the stability of the railway subgrade and the safety of driving

equipment

Input baseline alignment, terrain,
objective functions, and constraints

|
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FIGURE 3

optimization (Akhand et al., 2020), and a modified neural
dynamic model to solve the many-objective optimization
problem (Gutierrez Soto & Adeli, 2017; Rodrigues et al.,
2017). These algorithms have been refined and enhanced
the optimizations and strategies for addressing opti-
mization problems. These advancements hold promising
potential for further refinement and application within
the realm of road or railway design.

While the methods mentioned above are suitable for
optimizing railway alignment, they do possess certain
limitations in terms of the strategies employed in these
studies.

(1) The exclusive use of computers in alignment design
primarily considered easily quantifiable factors such
as topography, soil types, and vegetation coverage. Fac-

Main flowchart of biobjective approximate fine-grained optimization model for railway alignments (BA-FORA).

tors that are less quantifiable but significantly influ-
ence alignment, such as CRAEOR, are not adequately
addressed. In practical engineering route selection,
such factors are crucial.

(2) Manual railway route designs by railway companies
already consider various design factors, including
alignment with existing railways. However, designing
an alignment that approaches optimal goals under all
constraints is a time-consuming and labor-intensive
task. Previous studies have not proposed optimization
methods that effectively combine the advantages of
manual expertise and computational capabilities.

This study proposes a new framework named BA-FORA
to refine the current manual designed alignment in urban
regions and takes the CRAEOR into consideration.
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FIGURE 4 Representation of the state space for a horizontal alignment in approximate dynamic programming (ADP).

TABLE 2 Main constraints (Code for Design of Railway Line,

2017).

Constraints

Constraints in
the HA

Constraints in
the VA

Description

Minimum curve radius (Ry,,in)

Minimum length of a horizontal
circular curve (L¢yi,)

Minimum length of spiral curves
Lsmin)

Minimum tangent length
between horizontal curves

Maximum design gradient
(Gmax)

Minimum allowed length of
grade section (Lgy;,)

Minimum curve radius (Ry in)

Minimum length of a vertical
circular curve (Lcynin)

TABLE 3 Unit costs (Gao et al., 2023).

Item

Right of way (USD/m?)
Earthwork of cutting (USD/m?)
Earthwork of filling (USD/m?)

House demolition compensation (USD/m?)

Bridge (USD/m)

Rail track (USD/m)
Purchasing for resettling the residents (USD/m?)

Value
3000 m

120 m

200 m

200 m

2%

900 m

20000 m
25m

Cost
15.43
3.61
3.84
373.24
8171.94
562.97
74.62

existing railway

land boundary line of
the existing railway
— . — designed railway
= = = land boundary line

of the designed railway

FIGURE 5 The sandwich land between the newly designed
railway and the paralleled existing railway.

3 | PROBLEM FORMULATION

A railway alignment includes a series of three-dimensional
curves and straight segments, as illustrated in Figure 1. Its
projection onto the horizontal plane is referred to as the
HA. The VA is the projection of this alignment onto a plane
where the length (mileage) of the HA and the elevation
serve as the x-axis and y-axis, respectively.
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TABLE 4 Parameters of adjacent construction distance (Dong,
2014; Ministry of Transport of the People’s Republic of China, 2014).

Adjacent construction distance Value

dpnin 5.0m

d 8.0m

d, 25.0m

d, Dynamic value®

2This value depends on the land boundary of the existing and designed railway.

The parameters of HA and VA have been intro-
duced in previous studies (Gao et al., 2023). The
horizontal PI (HPI) has four dimensions (x,y, Ry, Ls),
while the vertical PIs (VPI) has three dimensions
(K,H,Ry). We present the mathematical representation
of the HA and VA as Equation (1) and Equation (2),
respectively:

HA = f (HPIy,...,HPI,, ...,HPI 1)) € R?

HPI = (x’y’RHaLS) (1)

X € [xlower’xupper] » Y E [ylower’ yupper] >

Ry € [RHlower’RHupper] , Ls € [leower’LSupper]

where f(-) is the function that determines the HA; the
index i = O indicates the starting HPI, with i increas-
ing sequentially along the route’s direction toi = N +1
for the final HPI; (x,y) denotes the coordinates of HPI,
Ry denotes the radius of the horizontal circular curve,
Ls denotes the length of the transition curve; x4, and
Xyupper denote the lower bound and upper bound of x,
respectively; yjower and Yy pper denote the lower bound and
upper bound of y, respectively; Ryjjower a0d Ry, p per denote
the lower bound and upper bound of Ry, respectively;
Lsiower and Lsyppe, denote the lower bound and upper
bound of Ls, respectively.

VA=g(VPI,...,VPIj,..,VPIy1)) € R?
VPI = (K,H,RU)

()
K e [Klower’K

, He [HlowewH

upper] MPPW] ’

R, € [RVlower’RVupper]

where g(-) is the function that determines the VA; the index
Jj = Oindicates the starting VPI, with j increasing sequen-
tially along the route’s direction to j = M +1 for the
final VPI; K denotes the mileage of the HA; H denotes the
design elevation; (K, H) denotes the coordinates of VPI;
Ry denotes the radius of vertical circular curves; K,y er
and K, ,p.r denote the lower bound and upper bound
of K, respectively; Hj,yper and Hy,p,, denote the lower

bound and upper bound of H, respectively; Ry o and

@ GAO ET AL.

Ryypper denote the lower bound and upper bound of Ry,
respectively.

3.1 | Constraints

In order to meet the design speed criteria of the railway,
the following simplified geometric parameter limitations
on HA are introduced based on the Code for Design of
Railway Line (2017):

Rycmin —Ryi £0, i = 0,1,...,N+1 (3)
Lscmin —Ls; <0, i = 0,1,...,N +1 4)
Lycmin — Ry 0,1 = 0,1,..,N +1 (5)

LT min — LTi <0,

Lo
2 2 Si
Ly~ \/ (Yary = 21)" + (e —xi) " = <RHi * 24RH->
1

%41 Lsi + Lsi
2 2 ’

- tan i=12,..,N+1 (6)
where Rycmin denotes the minimum allowable radius in
HA; LScynin denotes the minimum allowable length of tran-
sition curves; o is the central angle of the Ry; Lycmin
denotes the minimum length of circular curves; Ly denotes
the length of the tangent between two adjacent horizon-
tal curves, while Lr,,;, denotes the minimum allowable
length of L. We adopt the clothoid curve as the transition
curve, the detailed calculations have been presented in the
research of Yi (2017) and will not be reiterated in this paper.

These HA geometric constraints can be denoted as
¢i(HPI) <0.

The Code for Design of Railway Line (2017) illustrates
the major design constraints that affect VA construction as
follows:

Gj—Gpax <0, j = 0,1,..,M+1 7)
Rycmin —Ryj <0, j = 0,1,..., M +1 (8)
Lsmin — (K'+1_Kj) <0,j =12,.,M+1 9)

J

Where G; denotes the gradient of two adjacent VPIs;
Gynax denotes the maximum allowable G ; Ry cpin denotes
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the minimum allowable radius in VA; Lg,,;, denotes the
minimum length of a grade section (Li et al., 2017; Yi, 2017).

These VA geometric constraints can be denoted as
,(VPI) 0.

3.2 | Biobjective functions

3.2.1 | Minimize the total construction cost
The total construction cost (C.) is defined as the first
objective function, which includes the following major
components:

CC:CE +CB+CT+CL+CR+CBD (10)

where Cp denotes the earthwork cost, Cz denotes the
bridge cost, Cr denotes the tunnel cost, C; denotes the
length-dependent cost, Cz denotes the right-of-way cost,
and Cpp denotes the building demolition cost.

Our previous study (Gao et al., 2023) illustrated the
earthwork cost (Cg), bridge cost (Cg), tunnel cost (Cr),
length-dependent cost (C} ), and building demolition costs
(Cpp) formulations in detail.

(1) Earthwork cost (Cg)

ngin—1
Cp = Z qri (Kis1 —K3) (Apis + Agi) /2
i=1
Moy —1

+ Z qci (Kis1 —Kp) (Api + Ap) /2 (1)
i=1

where qr; and gc; are the unit fill and cut costs of the i th
cross-section (USD/m?), respectively; n i and ng,,; are the
amount of fill and cut cross-section, respectively; Ag; is the
measured area of the i th cross-section; K; is mileage of the
i th cross-section (m).

(2) Bridge cost (Cg)

np
Cp = Y (gsiLpi +2Ca) (12)
i=1
where njp is the (integer) number of bridges, gg; represents
the cost per unit length of the ith bridge (USD/m), Lp; is the
length of the ith bridge, and C 4; is the cost of one abutment
of the ith bridge (USD).

(3) Tunnel cost (Cr)

nr
Cr= Z @riLrui + 2Cpi) (13)
i=1
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where ny is the (integer) number of tunnels, qr; represents
the cost per unit length of the ith tunnel (USD/m), Ly; is
the length of the ith tunnel, and Cp; is the cost of one portal
of the ith tunnel (USD).

(4) Length-dependent cost (C)
CL=qrLa (14)

where q; is the total unit length-dependent cost (USD/m)
and L, is the total railway alignment length (m).

(5) Building demolition costs (Cgp)

ncp

Cpp = Z(ABqu + 1 AgiqnL) (15)
i=1

where ncp is the number of buildings that need to be
demolished; gy is the unit cost of compensation for res-
idents’ original house (including the compensation of
residents) (USD/m?); qy;. is the unit cost of purchas-
ing land for resettling the residents (USD/m?); 7 is an
area conversion factor, the value of which is determined
according to the regulations of each region; Ap; is the
construction area of the i th building (m?).

(6) The right-of-way cost (Cy) is also computed by the rel-
evant equations in Kang et al. (2012). The specific unit
price varies based on the types and unit prices of land
parcels:

Npe

Cr = Ay Z qr (16)
K=1

where n,. is the number of land parcels affected by the
highway alignment generated; gy is the unit cost of the kth
land parcel affected by the highway alignment (USD/m?);
and Ay is the area of the kth land parcel affected by the
generated highway alignment (m?).

Minimizing construction costs is one of the optimiza-
tion objectives in the biobjective HA optimization process.
Furthermore, in the VA optimization process, the mini-
mization of construction costs is considered as a single
objective.

3.2.2 | Minimize the CRAEOR
Minimizing construction risk is another one of the opti-
mization objectives in the biobjective HA optimization
process.

During the construction of a new railway project, if the
construction method is improper, it may pose a significant
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threat to the traffic safety of the adjacent existing railway
(Ministry of Transport of the People’s Republic of China,
2014). Therefore, it is essential to account for construc-
tion risks when designing new railways adjacent to existing
operating railways.

To ensure the uninterrupted progress of new rail-
way construction and maintain the efficient and secure
operation of existing railways, a railway management
department must strengthen the management of new
railway construction. For this purpose, the department
may classify the construction of adjacent existing railways
into three categories, Z,, Zp, and Z., and assess the
construction management difficulty according to the
construction type (Jinan Railway Bureau, 2013).

The risk expression generally recognized in the field of
engineering is that the risk is expressed by the product of
the probability of the accident and the consequences of
the accident (Sturk et al., 1996). Then the risk § can be
expressed as:

B = P Cjy (17)

where C), is used to represent the consequences or losses
of the accident; P is used to represent the probability of the
accident.

Inspired by Erkut et al. (2007) and by Kwon et al.
(2013), we adapted Equation (17) for the construction
characteristics of the existing operating railways, and
proposed the CRAEOR index 8, whose expression is as
follows:

kme

B = / (oPOCZ’)M+~--+UP-C(p +--+0P, C/ )dK

J " lossj Mpa ~lossnpg

kms=0

(18)

1,d,;, < d<d
o = min - S (19)
0, otherwise

¢Aifdmins dsds
¢ =3ppifdys<d<dp (20)
¢cl'fdb<dﬁdl

where j is the jth type of accident whose total number
is np, (generally not exceeding three digits); P; is the
probability of the jth accident; kms and kme are the
lengths of the starting and ending points of the alignment
in terms of mileage, respectively; d;;;, is the minimum
allowed lateral proximity distance; d is the lateral distance
of the alignment segment between the existing railway
as shown in Figure 2; d;, dp, and d; are the maximum
lateral distance of construction management type Z,4, Zp,

/@ GAO ET AL.

and Z., respectively; ¢ is the construction management
difficulty factor (CMDF); ¢4, ¢p, and ¢ are the grading
indicators of CMDF, respectively, and the values of this
index are provided in Table 1.

At present, different scholars apply different methods
for research on risk consequence estimation. In order to
meet the needs of fast and massive computations required
by the alignment optimization algorithm, we present a
method for construction risk consequence estimation from
Gong (2006) and Winter et al. (2016). The construction risk
consequence Cj,s can be expressed as:

ngs

Closs = 2 Creili (21)

i=0

where C,,; is the replacement cost of the i th damaged
structure; A; is the i th structural damage rate; ny is the
number of damaged structures.

3.2.3 | Model formulation

BA-FORA preserves the bilevel optimization framework
and incorporates the dual objectives of cost and risk
minimization at HA:

Minimize CC = CE + CB + CT + CL + CR + CBD

kme
Minimize g = [ (0P0C£580+"'+0P1C1§fjssj+
kms=0

-4 0P, C¥ K

"pa ™~ lossnpg

Subject to: ¢;(HPI) <0,i = 0,1,...,N+1
VA optimization with a single objective of cost:

Minimize CC = CE + CB + CT + CL + CR + CBD
Subject to: zpj(VPI) <0,j =0,1,.,M+1

4 | ADP-BASED RAILWAY ALIGNMENT
OPTIMIZATION

The general optimization process of the BA-FORA frame-
work is shown in Figure 3: (1) The input values consist
of the manual alignment (baseline), terrain data, surface
object data, objective function, and constraints. (2) The HA
parameters of the baseline are obtained and segmented.
Subsequently, the corresponding HA ADP model is con-
structed to ensure the fulfillment of all constraints. (3)
We obtain the optimized HA from step (2) and the man-
ual VA; they are used to construct the corresponding VA
ADP model, to ensure that all constraints are met. (4) The
combination of HA and VA is checked to verify whether
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it meets the requirements. (5) The termination condition
is examined to determine if it is met. If satisfied, the
optimal result is outputted. If not, the process returns to
step (2).

4.1 | Basic principle
The development of the ADP approach (Ghasempour &
Heydecker, 2020) in decision making has aimed to address
challenges associated with DP.

By resolving the recursive equations of Bellman (1957),
the optimal performance, represented as J, can be deter-
mined by considering initial state s; at step t:

J (s0) = min E{L(se, u, 8p41) + I (8141 (W)} (22)

where s € S to represent the system’s state variables; u €
U to represent the decision variables; I(-) represents the
function that determines the cost of moving from one
optimization stage to the next according to the state and
decision of the system; s, is the initial state; p is the future-
discount factor; E denotes the expectation over random
information.

The ADP process approximates the value function J(-)
with J(-). So it avoids having to compute Equation (22) for
each state s, at subsequent time steps by not computing the
exact value function J(-).

We estimate the value of the current state at each time
step t by making explicit decisions for the immediate
future and utilizing the approximation Jf(-) to reflect per-
formance going forward while implicitly assuming optimal
decisions going forward after time ¢ + T. This relation is
expressed as follows:

T
J (s) = IJEII}E {,20 Pil (Se4i> Uetis Seyie1) + Pt+T+1f (Sz+T+1)}
(23)

where T denotes the steps in ADP, so that each time step ¢
implements the following:

T
u; = argminE { Z Pl (Seats Uesis Staint) + Prarsnd (st+T+1)}

uel i=0

4

Equation (23) significantly lessens the computational
workload by computing expenses I(-) only for states s;
that are visited. The approximation function Jf(-) is used
to represent future costs implicitly, limiting the number of
explicit cost estimates.
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In railway alignment optimization, the entire alignment
is divided into small segments that can be computed iter-
atively. We use a straightforward illustration of an HA to
demonstrate the ADP procedure, as shown in Figure 4. We
select a section of alignment with +1 HPIs. The intersec-
tion points are HPI, to HPI. Itis divided into T steps, and
then the optimization problem of HA can be regarded as
the decision problem of these ¢ steps in the DP method.
The state space of the DP model at the tth steps can be
represented by a set: §; = {HPIO, ,HPIti, ,HPIZ} .

When the S, is a vector, the number of states y grows
exponentially with the number of dimensions. If S; is con-
tinuous, then we cannot use the strategy of DP at all.
Instead of working backward through computing the value
of being in each state, the ADP steps forward to the end
point. The essence of ADP is to replace the true value func-
tion J(s,) with a statistical approximation denoted J(s,).
Furthermore, the neural network can be used to estimate
the value function J(-).

The cost function I(-) represents the total construction
cost (Cc) and CRAEOR index () between two steps.
For this cost, a set of parameters is selected for com-
puting the state of the next steps. We assume that the
state S, is a continuous space in which to search for HA
variables.

The optimization process of the DP method for VA is
similar to that of HA, except that a VA does not need
transition curves.

4.2 | Optimization algorithm

We consider the overall alignment to be controlled by a
sequence of HPI segments: Each alignment between two
HPISs corresponds to steps of dynamic optimization. Thus,
we utilize the general representation of ADP as presented
in Section 4.1 to the approximate control of the railway
alignment fine-grained optimization by explicitly consid-
ering the decision u; for steps t within the range of T steps.
We compute a sequence of decisions u; by solving:

T
u; = argmin E { 2 Ol (Styis Ursio Stvinr) + Ayrin] (Sz+1‘+1)}

uelU i=0

(25)

where each stage cost I(S;yj, Usyis Styiv1) represents the
total construction cost (Cc;) and CRAEOR index () at
one segment. This is repeated for each segment. In the
railway alignment optimization case, state s, is a com-
bination of state parameters and control parameters for
steps t. The decision variables u specify the parameters
of HPI in the next steps, so the spatial alignment can be
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computed according to f(-) of Equation (1). Therefore,
the objective function represents the stage cost functions
I(:) of Equation (25) together with the implicit future
costs J(-).

421 | Biobjective ADP algorithm

A conventional ADP algorithm has some limitations in
handing the complexities associated with multiobjective
optimization problems (Lin et al., 2020). Therefore, it is
necessary to develop and integrate multiobjective opti-
mization methods with ADP, thereby forming a multi-
objective ADP algorithm. In a previous investigation, a
similar endeavor was undertaken by incorporating a deep
Q-network (DQN) with an envelope algorithm, designed
for multiobjective optimization, as proposed by Yang et al.
(2019). This approach aimed to address the challenges
posed by multiobjective optimization in the context of
ADP.

This study introduces a novel BA-FORA method for
railway alignment design, inspired by the work of Yang
et al. (2019). The primary objective of this method is to
minimize both the total construction cost and construc-
tion risk associated with railway alignments. Through the
proposed method, multiobjective values are optimized to
achieve a coherent and efficient alignment within the
entire preference space of the domain while adhering to
the corresponding optimal policy. To accomplish this, a
Pareto front (PF) is sought during the optimization process
(He et al., 2023).

At each iteration, we randomly produce N}, (batchsize)
sets of preferences W = {w;,w,}' . The cardinality of the
set is limited to two elements due to the presence of two
objective functions.

4.2.2 | Iterative ADP framework

The horizon ADP algorithm is proposed in this subsec-
tion. This iterative algorithm is employed to search for
a nearly optimal solution to the hamilton-jacobi-bellman
(HJB) equation, as outlined by Lin et al. (2020). The algo-
rithm involves successive cycles of policy evaluation (PE)
and improvement.

oJ* (s;)
as]

V(sl,u,,W)} = 1(s;,uf, W)

(26)
where V(s;, u;, W) represents the state transition function
from s; to s;,;. Neural networks can parameterize the
value function as well as policy approximation. The main
objective of the proposed algorithm is to iteratively solve

min {l(s,,u,,W) +
uelU
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the HJIB equation (26). Within the general policy iteration
framework, it performs two iterative steps.

(1) Policy evaluation

The purpose of PE is to solve the value function J(s;),
which is the solution to the self-consistency condition.
Given a policy 7°(-) (x is the iteration step), the J(s;) can
be solved by

H, <s,u, aJ; (Tsf),w> = I(s(T),u(T),W)  (27)
S

t

Here, Hamiltonian H P is slightly different from a true
Hamiltonian, as its optimal value J*(s;) is replaced with
an estimated value J(s,).

(2) Policy Improvement (PIM)

PIM is employed to seek an imporved policy 7%+ (s, W)
by minimizing the “weak” HJB equation. In this context,
“weak” refers to the true optimal J*(s;) in the Hamiltonian
with the estimated Jf(s,) at each ADP iteration.

aJ™
7+ (s, W) = argmin< H, | s,u, (St),W
u as;

(28)

4.2.3 | Value function and policy
approximation

In order to achieve a fast approximation of a nearly optimal
solution, the value function and policy are both parameter-
ized by the approximation functions shown below:

J(sp) =T (55 0) (29)
u =7 (s;0) (30)

The value function, also known as the critic, is repre-
sented by the parameter w. The policy, also referred to as
the actor, is represented as a function by the parameter
6. To update the value function and policy, loss functions
are designed and optimized using the gradient descent
method. The approximate function operates as follows.

(1) Updating rule for the parameterized value function

The critic aims to minimize the average square error
based on the self-consistency condition at the x-step
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ALGORITHM 1 ADP process for horizontal alignment.

Step 1: Initialization:
1.1 Choose an initial state s,;
1.2 Choose the horizon T stages to be computed explicitly;
1.3Sett = 0.
Step 2: Evaluate control decisions u:
2.1 Randomly generate a set of preferences W;;
2.2 Find the optimal decisions u; using Equation (26).
Step 3: Update approximate function J(-):
3.1 Compute the new observation j(s;) using Equation (23);
3.2 Initialize with arbitrary w°, 6°;
Repeat
Policy evaluation
Policy improvement
Repeat until w, & converge
Step 4: Output:
4.1 Value function J (s;; w*) = J* (s;);
4.2 Optimal control policy 7 (s;;0*) = 7* (s;)

iteration of PE:

Teritie = E{%(Hp ~1Gs (T>,u(T)>,W)2} (31)

(2) Updating the rule for the parameterized policy

To minimize weak HJB equation, the parameterized
actor is used:

0J (5;; ™
]Actor =E {Hp <S,7T(S[,@K), %’W>} (32)
t

With the given update gradients provided, the neural
networks can be updated. The pseudo-code of the ADP
framework is shown in Algorithm 1. The PE and PIM
loop solves the parameterized value function J(s;; w) itera-
tively and parameterized policy u = 7(s;; 8). The iteration
of PE and PIM gradually approximates the HIB solution. In
other words, Algorithm 1 iteratively converges to the value
function, J (s;;w™) =J* (s;), and optimal control policy
7 (81;0%) = 7 (sp).

5 | CASESTUDY

5.1 | Projectdescription

This research selects a segment of a new high-speed rail-
way in Shandong Province for model validation. The total
length of the section is 15.8 km, and the design speed is
250 km/h.
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Geographic information systems (GIS) provide us with
the target locations’ topographical data. This terrain is
depicted as a digital elevation model (DEM) made up of
several square lattices. Each of these 3D square lattices is
1 m wide and made up of 23,547 X 36,248 cells. Together
with projection data for houses, the DEM data also include
information on related infrastructures.

The location of this new high-speed railway is in an
urban area and uses existing stations, so it must parallel
the existing normal-speed railway in operation. For the
operational safety of the existing railway, the manual
scheme is kept at a certain safe distance from the existing
normal-speed railway. Since the alignment standards
of normal-speed railways are not consistent with those
of high-speed railways (e.g., the minimum radius of
normal-speed railways is smaller than that of high-speed
railways), the two railways cannot be completely parallel
(unless the slow railway is built to the geometric design
standards of the fast one). As a result, it is difficult to
minimize the sandwich area between the new railway
and the existing railway. As shown in Figure 5, the area
between the land boundary line of the existing railway
and the land boundary line of the new railway is called
the sandwich area. Generally speaking, these plots are
relatively long and narrow, making them difficult for
commercial development. Therefore, the investors of the
newly built railway should acquire these sandwich lands
together. At the same time, the houses in the sandwich
plot are not suitable for living due to railway noise and
environmental issues; they should also be compensated
together. When the parallel sections of the new railway
and the existing railway are long, the expenditure on the
sandwich land and house demolition is high and cannot be
neglected.

In this case, we use (Xypper — Xiower) =
(yupper = Yiower) = 50m, (RHupper — Rylower) = 1000 m
with a step size of 100 m, and (Lsy,pper — LSjower) = 100 m
with a step size of 10 m to align with design conventions
for each horizontal point of intersection (HPI). For vertical
points of intersection (VPI), we use (Kypper — Kiower) =
100 m with a step size of 10 m, (Hypper — Higwer) = 2 m,
and (Ryypper — Ryiower) = 5000 m with a step size of
1000 m to align with design conventions.

Table 2 lists the primary constraints, while Table 3 lists
the global unit cost. Parameters of adjacent construction
distance are listed in Table 4, and the probabilities and
economic consequences of an accident are listed in Table 5.

5.2 | Optimization results

The baseline input into this model is the manually
designed alignment created during the preliminary design
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TABLE 5 The probabilities and economic consequences of an
accident (Liu, 2019; Zou et al., 2007).

The economic

The consequences
probabilities of of an accident
The accidents an accident (USD/m)
Structure damaged 3543 2941.17
Track damaged .2398 562.97
Signaling equipment .0312 147.05
damaged
Power system damaged .0448 294.11
People trespass on tracks  .0676 132.17
Mechanical equipment 1587 304.68
intrusion
Invasion of falling .1036 248.35

objects and leftovers

stage. This baseline must be further optimized during the
railway design process.

First, we parametrize the baseline, read the terrain
map and constraint data, and then insert these data into
the model for optimization. Once the manual design
of the railway alignment is complete, elements of both
HPI and VPI are stored as data. Even if no data are
available, information about these elements is labeled
on the design drawings. We extracted this information
and followed Equations (1) and (2) to parametrize the
baseline. Second, the biobjective ADP is applied to opti-
mize the HA resulting in the determination of the opti-
mal parameter combination. Subsequently, this optimal
parameter combination is used to generate a new HA.
Third, the ADP optimization of the VA is performed
by using the optimized HA, and the input parame-
ters of VA come from the baseline. Finally, the model
checks whether the horizontal and vertical combination
meets the requirements, and if not, continues to optimize
the VA.

Figure 7 shows the alignment schemes among all the
solutions generated by BA-FORA. Not only the total con-
struction cost and CRAEOR of all solutions are shown, but
also the PF of all solutions is displayed. As can be seen from
Figure 6, manual alignment schemes are excluded from
the PF, suggesting that the BA-FORA model can match
or even outperform skilled railway designers in optimizing
these two objectives.

The optimized results are summarized in Table 6 and
depicted in Figure 7. We have selected three representa-
tive alignments generated by BA-FORA from the PF for
comparison. To showcase the efficacy of our proposed
BA-FORA approach, we utilize a commonly employed
multiobjective method NSGA-II (Deb et al., 2002) for com-
parative analysis in this study. Due to space constraints,

Detailed comparison of the manual and biobjective approximate fine-grained optimization model for railway alignments (BA-FORA) generated alignments.

TABLE 6

BA-FORA solutions
Alignment A

NSGA solutions

Alignment C

Alignment B

Genetic algorithm
(GA)-alignment

15822.49
52438.4

(least-risk Pareto)

15831.67
53242.4

(balanced Pareto)

15823.24
52251.2

(least-cost Pareto)

15819.87
52352.1

Manual
15825.12
52483.5

Index

Railway length (m)

Cut volume (m?)

135972.5 136189.5

135780.3

135798.1

135842.4

Fill volume (m?)
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TABLE 7 Values of construction management difficulty factors
(CMDFs).

Index CMDFs Values

() Pas Pp> Pc 1.0,1.0,1.0

(b) Pa> Pp> Pc 1.25,1.0, 0.75

© Pa> Ps> Pc 1.5,1.0,0.5
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FIGURE 6 Utility comparison of alignments generated by
biobjective approximate fine-grained optimization model for
railway alignments (BA-FORA) and manual work.

we only compare the GA solution (indicated as “GA-
Alignment” in Table 6 and Figure 7) generated by NSGA-II.
The first representative alignment, Alignment A, has the
lowest construction cost, which is 4.91% below that of the
manual alignment. However, the CRAEOR has more than
quadrupled. On the other hand, Alignment B, the second
representative alignment, represents a relatively average
resulting alignment between the two objectives of con-
struction cost and CRAEOR. In comparison to the manual
alignment, Alignment B not only achieves a 2.07% sav-
ing in construction cost but also reduces the CRAEOR by
17.02%. What’s more, Alignment C, the third representative
alignment, focuses on minimizing the CRAEOR. Although
it incurs a 2.33% increase in construction cost, it signifi-
cantly reduces the CRAEOR to zero. Lastly, the style of
GA-Alignment is similar to Alignment B, with both achiev-
ing optimization in terms of total construction cost and
CRAEOR compared to manual alignment. However, the
optimization effect of GA-Alignment is slightly inferior to
that of Alignment B.

By analyzing these representative alignments, we can
observe how different factors such as construction cost
and CRAEOR are interrelated. While computer-generated
railway alignments outperform manually designed align-
ments in terms of optimization objectives, it is important
to note that this does not indicate that the superiority of
the proposed optimization model surpasses the expertise
of experienced human designers. The model fails to
consider certain practical factors, such as the difficulty in
coordination with transportation agencies and the future
development of the city’s road network. As a result, com-
puter alignment selection only enhances the diversity of
alignment options to a certain extent, offering additional

references for human designers. Therefore, it is necessary
to emphasize that the model’s performance should be
viewed as a complementary tool rather than a complete
replacement for human expertise. By incorporating the
strengths of both computer-generated alignments and
human design experience, a more comprehensive and
robust design process can be achieved. For instance,
after a human designer completes the selection of a
corridor, the railway alignment is further optimized using
algorithms. The generated results are then reviewed by
human designers for final adoption.

5.3 | Sensitivity analysis

As the CMDF is newly defined in this paper, the CMDF
indexes ¢4, @p, @c are selected as sensitivity analysis
parameters for the HA. As shown in Table 7, three sets
of parameter combinations have been selected to investi-
gate the relations between CRAEOR and construction cost.
In order to consider the importance of each objective in a
balanced manner, we carefully select an appropriate set of
parameters and strive to minimize the disparity between
the two objective function values.

Figure 8 shows the PF formed by the values of the
dual objective function with different parameter sets. We
analyze PF from three dimensions.

(1) Degree of curvature

The PF in Figure 8b exhibits the least curvature, suggest-
ing a weak correlation between the targets and implying
that it is possible to enhance one target without sig-
nificantly affecting the others. Conversely, the PF in
Figure 8c demonstrates the highest degree of curvature,
indicating that improving one target is likely to result
in a compromise in the performance of other targets.
The PF in Figure 8a falls within the range of moderate
curvature.

(2) Distance from the coordinate origin
The PF in (a) is situated farthest from the origin, indi-

cating a slight deviation from the PF. Conversely, the PFs
in (b) and (c) are closer to the origin. When a PF is closer
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FIGURE 7 Solutions produced by biobjective approximate fine-grained optimization model for railway alignments (BA-FORA): (a)
horizontal alignment (HA) and (b) vertical alignment (VA).

to the origin, it means that the solutions on that front The PF in (c) has high diversity, while the solutions of (a)
have achieved superior results in at least one objective and (b) are concentrated in one of the objective function
function. spaces.

Therefore, an optimal PF requires an appropriate com-
(3) Diversity bination of parameters. Improper parameter combinations
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FIGURE 8 Pareto comparison under different construction

management difficulty factor (CMDF) values: (a)
Pa>Pp> Pc = 1.0,1.0,1.0; (b) DasPBs Pc = 1.25, 1.0, 0.75; (C)
®4,Pp, pc = 1.5,1.0,0.5.

will reduce diversity in the PF and fail to obtain a better
solution. Through sensitivity analysis, we recommend (b)
as the parameter combination for this case.
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6 | CONCLUSION

This paper develops a model of approximate FORA
(BA-FORA). It further optimizes the alignment without
changing the corridor and proves its good optimization
performance through actual cases. It performs well in opti-
mizing the land area, demolition area, construction cost,
and CRAEOR. The main findings of this paper are as
follows:

(1) The proposed BA-FORA demonstrates effectiveness
in constructing the PF and optimizing the tradeoffs
between the total construction cost and CRAEOR.

(2) In our case study, BA-FORA can indeed obtain better
results than manually designed alignments, not only
achieving a 2.07% saving in construction cost but also
reducing the risk by 17.02%.

(3) This method is not limited to railway parallel construc-
tion cost optimization and is also applicable to other
biobjective functions.

(4) Reducing the lateral distance between newly designed
and existing railways within a certain range increases
controllable construction risks. However, it can sig-
nificantly decrease the amount of sandwich area and
demolition.

It is assumed in this study that (i) geometric constraints
related to alignment are exclusively focused on the prin-
cipal constraints outlined in Section 3.1; (ii) the transition
curve is implemented as a cubic parabola, while the
vertical curve is realized as a circular curve; (iii) within
CRAEOR, the types of accidents considered are limited to
those enumerated in Table 5. When employing BA-FORA
for calculations in different cases, one could modify cor-
responding assumptions based on design guidelines and
specific project conditions. The limitation of this method
is that if the manually selected alignment is of poor quality,
the refined results could be hardly optimal. This is because
BA-FORA only optimizes alignment within a preexisting
corridor, also with a fixed number of PIs. Therefore, it is
only applicable during the preliminary design stage (one
of the four stages in railway design) (Gao et al., 2023)
where the alignment direction has been established.

In future studies, the following potential research direc-
tions can be explored:

(1) Standardized baseline data set: one could construct a
standardized baseline data set that provides a com-
mon benchmark for the comparison of the efficacy of
different methods.

(2) Objective functions: future models shall include objec-
tives addressing ecological impacts, carbon emissions,
and safety to foster sustainable railway solutions.
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(3) Constraint construction: one could focus on build-
ing coupling multiconstraints to tackle the complex
and diverse challenges in railway alignment under
extensive constraint sets.
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APPENDIX: LIST OF ABBREVIATIONS AND
SYMBOLS
See Tables Al and A2.

TABLE A1 List of abbreviations.

BA-FORA Biobjective approximate fine-grained
optimization for railway alignments

ADP Approximate dynamic programming

DP Dynamic programming

CRAEOR Construction risk adjacent to existing
operating railways

SEA Sequential exploration algorithm

PI Point of intersection

GA Genetic algorithm

PSO Particle swarm optimization

DDPG Deep deterministic policy gradient

DRL Deep reinforcement learning

DT Distance transform

NOMAD Nonlinear optimization with mesh
adaptive direct search

SQp Sequential quadratic programming

RRT-connect Rapidly exploring random-tree connect

DE Differential evolution

DFO Derivative-free optimization

HOPSPACK Hybrid optimization parallel search
package

COHA Cross-section optimization for

highway alignment

SD Stochastic dominance

FORA Fine-grained optimization for railway
alignment

HA Horizontal alignment

VA Vertical alignment

HPI Horizontal point of intersection

VPI Vertical point of intersection

CMDF Construction management difficulty
factor

DQN Deep Q-network

PF Pareto front

PE Policy evaluation

PIM Policy Improvement

DEM Digital elevation model

GIS Geographic information systems

TABLE A2 Listof symbols.

@ The function that determines the HA

(x,y) The coordinates of HPI

Ry Radius of the horizontal circular curve
(Continues)

Xiowers xupper
Yiower» yupper
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TABLE A2 (Continued)
Ls The length of the transition curve
N The number of HPI s

The lower bound and upper bound of x
The lower bound and upper bound of y
The lower bound and upper bound of Ry
The lower bound and upper bound of Ls
The function that determines the VA
The mileage of the HA

The design elevation

Radius of the vertical circular curve

The number of VPI s

The lower bound and upper bound of K
The lower bound and upper bound of H
The lower bound and upper bound of Ry,
The minimum allowable Ry,

The minimum allowable Ls

The central angle of horizontal circular
curve

The minimum length of circular curves

The length of the tangent between two
adjacent horizontal curves

The minimum allowable length of Ly
HA geometric constraints

The gradient of two adjacent VPIs

The maximum allowable G

The minimum allowable radius in VA
The minimum length of a grade section
VA geometric constraints

The bridge cost

The building demolition cost

The total construction cost

The earthwork cost

The length-dependent cost

The right-of-way cost

The tunnel cost

The unit fill and cut costs

The amount of fill and cut cross-section
The measured area of the cross-section
The (integer) number of bridges

The cost per unit length of the bridge
The length of the bridge

The cost of one abutment of the bridge
The (integer) number of tunnels

The cost per unit length of the tunnel
The length of the tunnel

The cost of one portal of the tunnel

(Continues)
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TABLE A2

qL
L

ncp

qu

qHL

qr

Zy,s 2, Z¢

dmin

ds, dy, d,

(Continued)

The total unit length-dependent cost
The total railway alignment length

The number of buildings that need to be
demolished

The unit cost of compensation for
residents’ original house

The unit cost of purchasing land for
resettling the residents

The area conversion factor for purchasing
land

The construction area of the building

The area of the kth land parcel affected by
the generated highway alignment

The amount of land parcels affected by
the highway alignment generated

The unit cost of the kth land parcel
affected by the highway alignment

Three categories of the construction
management difficulty

Risk

The amount of accident types

Probability of the accident

The consequences or losses of the
accident

The mileage of the starting and ending
points of the alignment

The lateral distance of the alignment
segment between the existing railway

The minimum allowed lateral proximity
distance

The maximum lateral distance of
construction management type Z,, Zg,
Zc

(Continues)

TABLE A2

P
Pas P> Pc
CI‘E

Q= »n e o~

~- =
~
~—
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(Continued)

The CMDF index
The grading indicators of CMDF

The replacement cost of damaged
structure

The amount of damaged structures
The structural damage rate
A vector of system state
Asetofs

A decision vector
Asetofu

A one-step cost function
Time step

A horizon of steps

An initial state
Future-discount factors

The true value function associated with
state s

An approximate function of J(s)

The expectation over random information
The number of states

The amount of batchsize

A set of preferences

Preferences of the two objectives

Policy function

The iteration step

The state transition function from s, to

St41

Parameter of value function (critic)

Parameter of policy (actor)
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