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Abstract

The penetration rate of battery electric buses (BEBs) continues to rise, and the design of
BEB networks has become the foundation for establishing efficient and sustainable public
transportation systems. Improving the equity of bus network and reducing the total cost of
the bus system are taken as the targets, a multi-objective programming model for TNDP
is proposed in this study. Among them, the Gini coefficient of bus travel times during
peak hours and the direct travel proportion of the elderly during non-peak hours are
used to describe the equity of the bus network. When calculating the comprehensive cost,
factors such as the fleet size of battery electric buses, charging facilities requirements, and
charging costs are taken into account. To enhance the reliability of the obtained results, the
Non-Dominated Sorting Genetic Algorithm II (NSGA-II) is adopted to generate the Pareto-
optimal solution set. The Mandl’s benchmark network is used for comparative validation,
and a case study based on the road network of Zhengzhou is undertaken. Calculation
results indicate that the proposed model not only minimizes the total travel costs but also
significantly reduces the Gini coefficient of the transportation mode distribution. Under
the constraint of overall expenses, it effectively improves the equity and the direct travel
proportion of the elderly served by the bus system. The results can provide quantitative
support to formulate livelihood transportation policies for local government and optimize
the allocation of public transportation resources.

Keywords: sustainable transportation; bus network design; battery electric bus; equity;
elderly friendly

1. Introduction
With the continuous and rapid growth of the number of vehicles, urban traffic conges-

tion issues have become increasingly severe, affecting the quality of life of residents and
exacerbating environmental pollution. The prioritization development of public transporta-
tion and its electrification hold significant importance in alleviating these issues. Existing
research has indicated that numerous factors influence residents’ travel choices, such as the
traveler’s own characters, travel time, walking distance, fare, etc. [1,2]. Moreover, improv-
ing the service quality of the public transit system can effectively increase the property of
travelers choosing buses for their trips [3]. Therefore, as the foundation of the bus system,
optimizing the design of the network is crucial for enhancing the operational efficiency
of bus transit systems and boosting their appeal to residents. Meanwhile, battery electric
buses (BEBs) have been widely adopted within the bus transit system. For example, by the
end of 2021, China had accumulated a substantial fleet of 419,500 BEBs within urban areas,
marking a 10.8% increase from 2020. In addition, in the current stage of social develop-
ment, many countries have recognized the importance of transportation equity. In China,
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for instance, balancing efficiency and equity is emphasized to construct a transportation
system that satisfies a broader range of travelers. Similarly, transportation equity is also
a key focus, objective, and research strategy outlined in the United States Department of
Transportation’s Research, Development, and Technology Strategic Plan (RD&T Strategic
Plan) for the years 2022 to 2026. However, in the practice of bus network design, the equi-
table distribution of transportation resources among passengers is frequently overlooked,
ultimately hindering the accessibility of public transportation services.

Additionally, in the current situation, the ongoing development of rail transit con-
struction and the increasing number of private cars have significantly affected residents’
travel preferences and altered the demand for bus transit. Under the declining trend in
passenger flow, the composition and spatial distribution of passengers are undergoing
gradual transformations. Notably, the proportion of elderly individuals within the passen-
ger flow is steadily rising, to the point where they now constitute the primary user base for
a substantial portion of bus routes. Therefore, how to better ensure the equity of the elderly
taking public transportation is also an important aspect that needs to be considered in the
design of bus transit network.

The current approach to design bus networks that favors operational efficiency may
lead to inadequate public transportation coverage in peripheral urban areas with relatively
low demand, while areas with higher demand may experience an overabundance of re-
sources and excessive route redundancy. This disparity in public transportation experiences
between different origins and destinations contributes to inequalities in public transporta-
tion access. Review [4] also shows that, although environmental sustainability has been
the primary focus in most studies on transit network design problem (TNDP), integrating
social aspects such as equity is vital for the design of a sustainable bus transit system.
Thus, this study aims to investigate a bus network design method that simultaneously
prioritizes equity and total cost considerations under the growing trend of electric bus
development, particularly in the context of an aging population. The objective is to devise
an approach that effectively balances these crucial aspects within the framework of electric
bus deployment.

1.1. Literature Review

TNDP is a classic problem in the field of transportation. Significant progress has
been made in developing models and solution methods to address TNDP. Key varia-
tions among these studies stem primarily from the selection of objective functions and
the application of distinct solution algorithms. Notably, several comprehensive literature
reviews have been conducted, offering multifaceted insights into the existing body of
TNDP research from various perspectives. Guihaire and Hao (2008) [5] provided a com-
prehensive global review of essential strategic and tactical steps in transit planning, with
an emphasis on network design and scheduling. Kepaptsoglou and Karlaftis (2009) [6]
reviewed over sixty studies of TNDP and categorized elements of these studies into a
three-layer/multi-item structure. Derrible and Kennedy (2011) [7] conducted a literature
review examining how graph theory and network science have been applied to TNDP.
Ibarra-Rojas et al. (2015) [8] focused on reviewing the applications of analytical approaches
to TNDP. They also analyzed the sustainability problem in bus transit systems. Current
research predominantly emphasizes environmental sustainability, particularly in terms
of reducing emissions. However, a truly sustainable transportation system must address
all three essential aspects: environmental, economic, and social [9] (Purvis et al., 2019).
Iliopoulou et al. (2019) [10] collected seventy-five papers and reviewed applications of
metaheuristics for solving TNDP. It is found that the performance of almost a third of the
papers was analyzed utilized Mandl’s (1980) benchmark network [11] for performance
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evaluation. Gkiotsalitis and Cats (2021) [12] systematically reviewed and synthesized the
literature on impacts of COVID on public transport, highlighting the necessity to adapt
planning strategies. Mahmoudi et al. (2024) [4] used Critical Path Method (CPM) to
visualize historical applications of analytical approaches in TNDP. The review further ex-
plored recent applications of these methods to new sub-problems, such as sustainable bus
transit network design and integrating emerging transportation technologies into existing
systems. In terms of solution methodologies for the TNDP, heuristic and meta-heuristic
search algorithms have become the mainstream approaches [13], among which the Genetic
Algorithm (GA) is the most widely applied. With continued research development, other
search-based techniques such as Simulated Annealing (SA) and Particle Swarm Optimiza-
tion (PSO) have also been incorporated into TNDP solutions. However, these algorithms
often struggle to effectively handle multi-objective optimization. Since transportation
problems are typically integrated optimization problems, multi-objective search methods
have gradually been introduced to address optimization tasks in the transportation domain.
Huo et al. (2024) [14] applied the NSGA-II to solve a multi-load automatic guided ve-
hicles scheduling problem, which formulated multi-objective mixed integer program.
Lu et al. (2023) [15] proposed an improved NSGA-II algorithm based on particle swarm
optimization to solve the multi-objective intercity carpooling path optimization problem.
Akopov and Beklaryan (2025) [16] proposed a new multi-agent hybrid clustering-assisted
genetic algorithm (MA-HCAGA) for the design of large-capacity reconfigurable multi-
layer road networks to ensure the effective connection between different layers. The
research shows that using NSGA-II algorithm to solve multi-objective model is still in the
exploratory stage.

With the advancement of environmental policies and the continuous progress of charg-
ing technology, the mileage and charging speed of battery electric buses have made a
qualitative leap, and the electrification of buses has become a trend worldwide. Bus electri-
fication often requires the joint solution of line design, shift setting, charging infrastructure
layout and vehicle scheduling as a multi-objective and coupled optimization problem.
Studies [17,18] indicated that the integration of electric buses necessitates modifications in
the design paradigms, bus stop configurations, timetables and bus scheduling within the
transit network. Iliopoulou et al. (2019) [19] formulated the electric transit route network
design problem as a bi-level optimization problem, which jointly designed efficient transit
routes and located required charging infrastructure. A multi-objective, particle swarm
optimization algorithm, coupled with a mixed linear-integer programming model was
used to solve the model. Liu et al. (2020) [20] used an improved artificial fish swarm algo-
rithm (AFSA), incorporating crossover and mutation operators to optimize the transit route
network, bus fleet allocation, and the location of charging stations. Tong et al. (2021) [13]
proposed an optimization model for the electric transit network design, assuming that
the locations of charging depots are predetermined. The objectives were to maximize
travel reliability while keeping the total cost within an acceptable range. Iliopoulou and
Kepaptsoglou [21] proposed the design framework of battery electric bus network, studied
the design of opportunistic charging electric bus network under the condition of power
supply change and queuing charging, and solved the problem of charging infrastructure
location by robust optimization method. Pylarinou et al. (2021) [22] used a hybrid Genetic
Algorithm to solve the optimal redesign problem of an existing transit route network,
and proposed model aimed to minimize the cost of electrification implementation while
enhancing the service level for passengers. Perumal et al. (2022) [23] reviewed 43 articles
related to the electric bus technologies and give an overview of challenges in the electric bus
planning process. These challenges included investment, charging infrastructure placement,
the electric vehicle scheduling problem (E-VSP), and the charging scheduling problem.
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Liu et al. (2022) [24] presented a multi-objective optimization model for the electric transit
network problem using a Pareto artificial fish swarm algorithm (PAFSA) embedded with
the genetic algorithm (GA), which aimed to design bus routes, frequencies, and charging
station locations and sizes, balancing the objectives of passengers and operators. Mo-
menitabar et al. (2023) [25] proposed a bi-level optimization model for designing electric
transit networks. The upper-level model aimed to minimize the total travel times and the
number of indirect trips. The lower-level problem focused on minimizing the total costs of
acquiring fast and energy storage chargers and demand charges for the transit network
entirely operated by battery electric buses. The discrete multi-objective grey wolf optimizer
algorithm was suggested in a discrete space to search for the feasible solution by providing
the Pareto frontier of two objective functions. Li et al. (2024) [26] optimized design param-
eters of the electric bus network, such as stop spacing, headway, and batteries’ expected
charging range. Aksoy and Alver (2024) [27] developed the multi-objective differential
evolution algorithm to address the integrated problem referred to as the electric transit
network design and frequency setting problem, and tested it on a hypothetical network.
Energy states resulting from the individual evaluation of each bus in the best Pareto optimal
solution considering dynamic aspects of the transit network were presented.

As an important aspect of social sustainability, equity is a critical field of study in
transportation. There has been a recent effort to address equity issues in the transporta-
tion network [4]. In addition, accessibility can break the inequality caused by trans-
portation resource allocation and further promote the realization of equity by improv-
ing the accessibility of various resources and services. Equity is considered as a critical
dimension of accessibility assessment [28]. Feng and Zhang (2014) [29] proposed a multi-
objective optimization model to balance the trade-off between maximizing equity and
minimizing network construction costs, achieving accessibility-based transportation eq-
uity measurements. Li et al. (2018) [30] investigated the efficiency and spatial equity
impacts of a unique island-looping high-speed rail network in Hainan province, China,
using an integrated network and raster-based model to evaluate accessibility indicators.
Behbahani et al. (2019) [31] suggested a framework for simultaneously optimizing network
design and achieving social equity objectives to enhance accessibility. In addition, Lorenz
curve analysis and Gini coefficient have also been widely used in the equity analysis of
transportation networks [28,32–35]. Carleton and Porter (2018) [36] studied the theme of
equity in the spatial distribution of transportation services for vulnerable groups. The
results indicate that Lorenz curve analysis can be used to achieve overall equality between
groups. Ma et al. (2022) [37] used ArcGIS to analyze the accessibility of transportation
networks within urban agglomerations. They proposed the use of the Gini coefficient and
Theil index to measure the disparities in accessibility. The research shows that accessibility
as the core measurement index combined with inequality measurement methods such as
Lorenz curve, Gini coefficient and Theil index has been proved to be an effective tool to
quantify the equity of traffic space, and incorporating equity as a multi-objective optimiza-
tion goal into network design can clearly depict the trade-off between efficiency and equity.
However, there are still significant challenges in the refined measurement of vulnerable
groups and the scalable implementation of large-scale networks.

Previous research has analyzed the travel behaviors of the elderly. He et al. (2020) [38]
explored how satisfaction with transportation systems influences the social inclusion and
overall wellbeing of older individuals. Mitra et al. (2021) [39] examined gender disparities
in the mobility patterns of older adults in the U.S. Villena-Sanchez et al. (2022) [40]
studied the travel habits of older adults in Mexico City, revealing that they tend to utilize
public transit infrastructure when it is accessible, irrespective of whether they own a car.
Ravensbergen et al. (2023) [41] found that older adults are more likely to be occasional
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transit users (such as monthly or annually) compared to younger individuals who often
use buses daily. However, there is a notable lack of studies focusing on elderly-oriented
bus service planning at the route level.

In recent years, research on evaluating the equity of public transport systems based on
accessibility has also emerged and gradually increased. For example, El-Geneidy et al. (2016) [42]
suggested that allocating public transit resources in an equitable manner is not only related to
travel time, but also related to the out-of-pocket cost of transit. Ben-Elia and Benenson (2019) [28]
applied the Gini index and two new developed indices (i.e., the absolute and normalized
accessibility loss) to assess the equity implications arising from adjustments to transit services.
Lyons and Choi (2021) [43] developed an index called the transit economic equity index, which
facilitates the quantitative evaluation of equity in transit service provision. Raza et al. (2023) [44]
constructed a multi-modal accessibility assessment framework for public transport, designed to
capture the overall performance of the entire transport network. Achieving equity in transit
systems is contingent upon its integration into the service planning process from the outset, and
consequently, its incorporation into the TNDP [45]. We have summarized the current research
considering equity in TNDP, as shown in Table 1.

Table 1. Literature on TNDP considering equity.

References Multi/Single
Objective Equity Measurement Equity? BEB? Aging?

[46] Single *

Spatial equity, i.e., dividing the minimum total
travel time between centroid nodes i and j in
the redesigned transit network by that in the
current transit network before the redesign.

Constraint No No

[47] Single
Standard deviation of the difference between
measures of accessibility by transit and
accessibility by automobile.

Objective No No

[45] Single *
Revised Gini coefficient based on the Lorenz
curve, which is constructed with the public
transport need index.

Constraint No No

[48] Single *
Revised Gini coefficient based on the Lorenz
curve, which is constructed with the public
transport need index

Constraint No No

[49] Single

Modal equity is when the extent of the
difference between transit travel time and cars’
travel time is negligible due to the
improvement of the transit network.
Spatial equity is the extent to which the
difference of modal equity across different
regions are minimized through prioritizing
transit network enhancement in
underprivileged areas.

Objective No No

[50] Multi

Standard deviation of transit accessibility is
defined as the discrepancy between travel
durations via private vehicles and those using
the public transit system.

Objective No No

[51] Multi Minimum improvement in the effective travel
cost among OD pairs. Objective No No

This study Multi
Revised Gini coefficient based on the Lorenz
curve, which is constructed with the transit
accessibility.

Objective Yes Yes

* means the study used the weighted sum method to aggravate different costs in one singular value.
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In summary, the TNDP, as a classic topic in the transportation field, has developed
a mainstream research framework centered on minimizing system costs and employing
heuristic search algorithms for problem solving. The differences across existing studies
mainly arise from variations in application scenarios, constraint settings, and the choice of
search algorithms. With the rapid electrification of public transport systems, recent studies
have also incorporated the operational characteristics of electric buses into traditional
TNDP models. Meanwhile, as public awareness of social equity continues to rise, the
issue of fairness in public transit, an essential component of public welfare, has received
increasing attention. However, research addressing fairness considerations during the
network design stage remains insufficient. As shown in Table 1, only seven papers actually
considered equity in the TNDP. But they did not take into account the trend of aging of
bus passenger flow and electrification of public transportation. In addition, three of the
papers used equity as a constraint condition, and four used equity as a goal or one of
the goals. As a constraint, the optimization process mainly focuses on optimizing other
objectives (such as minimizing costs) while satisfying equity constraints. As the objective
function, the optimization process directly focuses on equity, possibly by adjusting decision
variables to maximize or minimize equity indicators. Thus, while progress has been made
in addressing equity within the TNDP framework, there remains a need to integrate the
transition to elderly-oriented services and electric buses into these analyses. Under this
background, objectives of this study are to investigate the TNDP with focuses on both
equity, elderly-oriented and the total cost, while also accounting for the prevailing trend
towards the electrification of buses. It aims to explore how the shift to electric buses can be
incorporated into equitable network design strategies.

1.2. Contributions

Existing studies focus on accessing or evaluating the equity condition of a given transit
network. Equity aspects are neglected in most cases. As shown in Table 1, only seven
papers actually considered equity in the TNDP. But they did not take into account the trend
of aging of bus passenger flow and electrification of public transportation. In addition, three
of the papers used equity as a constraint condition, and four used equity as a goal or one of
the goals. As a constraint, the optimization process mainly focuses on optimizing other
objectives (such as minimizing costs) while satisfying equity constraints. As the objective
function, the optimization process directly focuses on equity, possibly by adjusting decision
variables to maximize or minimize equity indicators. Thus, while progress has been made
in addressing equity within the TNDP framework, there remains a need to integrate the
transition to elderly-oriented services and electric buses into these analyses. Under this
background, objectives of this study are to investigate the TNDP with focuses on both
equity, elderly-oriented and the total cost, while also accounting for the prevailing trend
towards the electrification of buses. It aims to explore how the shift to electric buses can be
incorporated into equitable network design strategies.

Contributions of this paper are as follows: (1) A mathematical model for electric TNDP
is constructed, considering cost, direct travel proportion of the elderly during non-peak
hours, and equity as multi-objective. This model considers characteristics of the battery
electric bus system. The total cost takes into account the charging cost of electric buses and
the related costs of charging facility construction. In addition, in order to make the results
more practical, transfer time was taken into account when calculating passengers’ travel
time. (2) The modified Gini coefficient based on the Lorenz curve, which is constructed
based on transit accessibility is used to characterize equity. Compared with the revised Gini
coefficient based on the Lorenz curve, which is constructed with the public transport need
index, the equity index established by considering transit accessibility not only takes into
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account the demand level of public transportation services, but also reduces the difference
between public transportation and private car travel to reduce the use of private cars.
(3) In order to achieve the optimal balance between equity, elderly-oriented and total cost
objectives, the NSGA-II algorithm is used in this study to solve the model.

The rest of the paper is organized as follows. Section 2 establishes a multi-objective bus
network planning model that takes into account equity and total cost. Section 3 proposes a
model solving method based on the Non-dominated Sorting Genetic Algorithm II (NSGA-
II). Section 4 demonstrates the method’s validity and applicability through 2 networks: a
small-scale Mandl benchmark network and a large-scale Zhengzhou real-world network.
Section 5 presents the conclusions and suggestions for future research.

2. Model for Electric TNDP
2.1. Problem Description

The goal of TNDP is to design a bus network based on the urban road network us-
ing mathematical optimization methods to meet the demand for public transportation.
Compared with traditional buses, the main difference of BEBs lies in its energy replen-
ishment process, which can easily lead to range anxiety, and its limited battery capacity
limits its daily operating range. Due to the difficulty of charging BEBs during operation,
they need to return to the charging station for charging after completing their operational
journey. Therefore, compared to traditional fuel buses, electric bus systems require higher
investment in fleet size and charging facility construction.

The following reasonable assumptions are made for the electric TNDP: (1) All buses in
the public transportation system are BEBs using fast charging technology, and it is assumed
that the average operating speed of buses on different bus routes remains relatively stable
and is not significantly affected by external factors. (2) The arrival time of passengers
at all bus stops follows a unified probability distribution pattern, which simplifies the
randomness of passenger arrival and facilitates model analysis and calculation. (3) Before
daily operation, BEB’s battery is fully charged and charging is only allowed at the terminal
station. During the operation, no form of charging is arranged to ensure operational
efficiency and safety.

2.2. Objective Functions
2.2.1. Equity in Terms of Travel Time

The Lorenz curve is used to describe the degree of distribution equality and has
been widely applied in the evaluation of income distribution equality. Correspondingly,
the Gini coefficient is a specific indicator calculated based on the Lorenz curve, used to
quantitatively reflect the level of distributive equality. In recent studies, the Lorenz curve
has not only been used to evaluate income distribution, but has also been widely applied in
the field of transportation [32]. Everyone has the right to freely choose their own mode of
travel, and equal individuals should enjoy equal travel resources and treatment. Therefore,
based on the concept of transit accessibility proposed by [47,49], as well as the Lorenz
curve, the Gini coefficient of the bus transit system is calculated to evaluate the equality of
the bus transit system in providing services to different travelers.

The traditional Lorenz curve presents the cumulative distribution of wealth of the
entire population in an intuitive graphical way. By sorting the population according to
wealth from low to high and drawing a concave curve towards the origin, it deeply reveals
the differences in wealth accumulation between different social classes, and thus becomes
an important tool for measuring income distribution fairness. As the shape of the curve
deviates from the perfectly equal line, the corresponding Gini coefficient increases, which
intuitively reflects the decline in social equity. Similarly, when evaluating the quality of
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public transportation services, travel time is the most direct experiential indicator, and its
importance is self-evident. However, unlike absolute quantities such as social wealth, the
travel distance and conditions of travelers vary greatly, making it inadequate to rely solely
on the absolute value of travel time to comprehensively reflect the differences in public
transportation service levels. As shown in Figure 1, although the bus travel time between
points C and D is significantly shorter than between points A and B, the quality of bus
service experience in the former may be much lower than that in the latter, highlighting the
limitations of evaluating based solely on absolute travel time. In order to more accurately
measure the equity of public transportation resource allocation and effectively evaluate
the differences in transportation service quality enjoyed by residents, this study introduces
a relative transit accessibility measurement method, which calculates the ratio of the
bus travel time between a certain OD (origin point to destination) pair to the theoretical
shortest car travel time required between the OD pair. This relative indicator can more
reasonably consider the relative value of travel time under different travel conditions,
thereby providing support for achieving more fair and efficient optimization of public
transportation services.

 

Figure 1. A simple schematic diagram.

Subsequently, the cumulative proportion of this relative indicator is correlated with
the cumulative proportion of categorized travelers, yielding a Lorenz curve that mirrors
the distribution of bus transit resources, as depicted in Figure 2. On the horizontal axis lies
the cumulative proportion of public transportation users, while the vertical axis denotes
the cumulative proportion of relative transit accessibility. The solid line depicts the Lorenz
curve, contrasting with the dashed line, which signifies absolute equity. The smaller the area
enclosed between these two lines, the lower the Gini coefficient for public transportation,
indicative of a more equitable distribution of transportation resources in practice.

Figure 2. Schematic representation of the Lorentz curve.



Sustainability 2025, 17, 10149 9 of 23

Accordingly, the computation of the Gini coefficient is formulated as follows:

G =
S1

S1 + S2
= 1 − 2S2 (1)

where G is the Gini coefficient of public transportation; S1 is the area enclosed by the line
representing absolute equity and the Lorentz curve; S2 is the integration of the Lorentz curve
in the horizontal axis direction. Approximately, S2 can be discretized into m trapezoids
along the horizontal axis, and the calculation method can be illustrated as follows:

S2 =
∫ 1

0
Lorenz(x)dx =

m

∑
k=1

(xk − xk−1)(yk−1 + yk)/2 (2)

where xk is the cumulative proportion of population variables, x0 = 0, xm = 1; yk = 0 is
the cumulative proportion of the relative transit accessibility, where the bus travel time
includes the transfer time. The objective function of transit equity is thus as follows:

min G = 1 −
m

∑
k=1

(xk − xk−1)(yk−1 + yk) (3)

2.2.2. Direct Travel Proportion of the Elderly During Non-Peak Hours

With the aggravation of the aging problem in China, the elderly have gradually become
the main component of bus system during the non-peak period. The bus plays a crucial
role as the primary mode of motorized transportation in the daily lives of the elderly [52].
Limited by physical strength and other reasons, the elderly are the vulnerable groups in
public transportation. Therefore, allocating more public transit resources to the elderly
population to a certain extent during non-peak hours is also a reflection of bus equity. This
study not only considers the peak-hour demand for passenger flow, but also considers
the elderly demand during non-peak hours. Research [39] shows that the main reason for
not using public transport is the inconvenience caused by its fixed routes and schedules.
Therefore, increasing the proportion of public transportation by reducing transfers has a
positive impact on elderly bus travel. The direct travel proportion of the elderly during
non-peak hours is shown as follows:

minPd = 1 − BL
BT

(4)

BL = ∑
l∈X

Ql
ij (5)

where Pd is direct travel proportion of the elderly during non-peak hours; BL is direct bus
travel demand of the elderly during non-peak hours; BT is total bus travel demand of the
elderly during non-peak hours; Ql

ij is the passenger flow using bus route l from node i to
node j during non-peak hours.

2.2.3. Total Cost of the Bus System

The daily total cost of the bus transit system includes two parts: user cost and op-
erator cost. The user cost mainly includes the cost of converting the total travel time of
each traveler by the value per unit time, while operator cost includes various expenses
incurred during the operation of the bus transit system. Among them, the travel time of
travelers includes walking time, waiting time, and in-bus time, while the operator cost
mainly includes the purchase cost of BEBs, charging fee, and charging facility cost, shown
as follows.

C = CU + CO (6)

CU = CW + CL (7)

CO = CR + CB (8)
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where C represents the total cost of the bus transit system; CU denotes the user cost;
CO denotes the operator cost; CW represents the cost converted from the walking and
waiting time of travelers based on the value per unit of time; CL is the cost converted from
the in-bus time of travelers based on the value per unit of time; CR is the daily charging
cost, mainly including the charging cost of bus batteries and the fixed cost of charging
infrastructures; CB is the daily purchase and maintenance cost of BEBs.

The calculation methods for each component of the cost are shown in
Equations (7)–(12). A uniform distribution is used to estimate the waiting time of travelers
at bus stops, while in-bus time mainly includes the stop delay at intersections and the travel
time of the bus on each segment along the bus route. The calculation of in-bus time mainly
depends on the average travel speed of each bus route.

CW = Cw
u · ∑

i∈E
∑
j∈E

{
Qi,j/δ · [(LO + LD)/vwk + 1/(2 fi,j)]

}
(9)

CL = Cl
u · ∑

i∈E
∑
j∈E

 ∑
s∈Ni,j

Li,j
s /vb · Qi,j/δ

 (10)

CR = CI
u · PI/DI + Ce

u · ∑
b∈X

(eN · fb · lb) · Td (11)

CB = CB
u · PB/DB + CS

u · ts · PB/365 (12)

PI = ∑
b∈X

[ϕ · fb/(∂ · pc)] (13)

PB = 2 ∑
b∈X

( fb · Tb) (14)

where Cw
u is the unit cost of travelers’ walking and waiting time; E is the set of nodes in the

road network; LO is the distance travelers walk from the starting point to the boarding bus
stop; LD is the distance of travelers walking from the alighting bus stop to the destination;
vwk is the walking speed of the travelers; fi,j is the frequency of the bus route chosen by
travelers when travelling from bus stop i to bus stop j; Qi,j is the passenger flow from bus
stop i to bus stop j in peak hour; δ is the conversion coefficient between passenger flow in
peak hour and daily passenger flow; Cl

u is the unit cost of passenger in-bus time; Li,j
s is the

length of road section s along the bus path from stop i to stop j; vb is the average operation
speed of the BEBs; Ni,j is the set of sections along the bus path from stop i to stop j; Ce

u is the
price of electricity; Td is the daily bus operating time; X is the transit network, which can be
represented as a set of bus routes; eN is the energy consumption per kilometer of the BEBs;
fb is the frequency of bus route b; lb is the length of bus route b; CI

u is the cost of a single
charging pile; PI is the number of charging pile; DI is the service life of the charging pile;
CB

u is the purchase cost of per BEB; PB is the number of buses needed to ensure the normal
operation of the bus network; DB is the service life of the BEB; CS

u is the single maintenance
cost of the BEB; ts is the bus maintenance period; ϕ is the battery capacity of the power
battery; ∂ is the charging efficiency of the charging pile; pc is the charging power of the
charging pile; Tb is the total operating time of one-way bus route, including the driving
time on the line, the average charging time, and the delay time of entering and leaving the
charging stop.

2.3. Constraints

(1) Bus route length

Bus routes should be of appropriate length. Excessively long routes can extend the
duration of a complete trip, affect the flexibility of bus network deployment and potentially
increase the number of buses needed. Conversely, overly short routes may result in an
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excess of routes, raise operational costs, and necessitate more frequent transfers, thereby
diminishing the overall service quality of the bus system.

lmin ≤ lb ≤ lmax (15)

where lmin and lmax are the minimum and maximum values of the bus route length lb, respectively.

(2) The number of bus routes

To ensure convenient travel for residents while managing operating costs, the number
of bus routes K in the network should be maintained at an optimal level.

Kmin ≤ K ≤ Kmax (16)

where Kmin and Kmax are the minimum and maximum values of the number of bus routes,
respectively.

(3) Non-linear coefficient

In a bus transit network, a lower non-linear coefficient can effectively reduce detours
in bus routes, thereby reducing passenger travel costs and improving overall satisfaction
with bus services.

lb/l(s)b ≤ χmax (17)

where l(s)b is the straight-line distance between the starting and ending nodes of bus route b;
χmax is the maximum value of the non-linear coefficient of the bus route.

(4) Departure frequency

The transport capacity of bus routes is significantly influenced by the departure
frequency, which should meet the passenger flow demand of all sections along the route
in both directions. Therefore, based on the results of passenger flow distribution and the
maximum section passenger flow, the constraint on departure frequency is established
as follows:

fb ≥ max
s∈Sb

{
Q(b)

s,up, Q(b)
s,down

}
/Cap (18)

where fb is the departure frequency of bus route b; Sb is the set of sections along bus route
b; Q(b)

s,up and Q(b)
s,down are the passenger flow on section s in the upstream and downstream

directions of bus route b, respectively; Cap is the product of the maximum passenger
capacity and maximum load factor of a bus.

(5) Energy conservation

After each charging cycle, the State of Charge (SOC) reaches 100%, and the electricity
consumed by the bus between two consecutive charges is equal to the amount charged
each time.

eN · lb · nr = pc · tc · ∂ (19)

where nr represents the number of completed runs before charging; tc represents the
duration of charging.

Using bus transit network X consisting of a set of bus routes as the control variable, a
multi-objective nonlinear programming model can be constructed as follows:

min
X∈S

(G(X), C(X), CL(X)) (20)

S.t. 

lmin ≤ lb ≤ lmax

Kmin ≤ K ≤ Kmax

lb/l(s)b ≤ χmax

fb ≥ max
s∈Sb

{
Q(b)

s,up, Q(b)
s,down

}
/Cap

eN · lb · nr = pc · tc · ∂

(21)
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where G(X) is the transit equity; C(X) is the total cost; CL(X) is the direct travel proportion
of the elderly during non-peak hours; S is the set of all feasible bus route network solutions.

3. Solution Algorithm
Due to the NP-hard nature of TNDP, heuristic search algorithms, such as genetic

algorithms, ant colony algorithms, and simulated annealing algorithms, have become
the mainstream methods for solving it in recent years. When applied to multi-objective
optimization models, these methods typically transform the multi-objective model into a
single-objective one by using weighting factors. However, determining the appropriate
weights for each objective is a subjective process that can significantly affect the reliability
of the results. To address this, NSGA-II (Non-dominated Sorting Genetic Algorithm II) has
been implemented for solving multi-objective combinatorial optimization problems. The
NSGA-II algorithm is highly effective, with its solution process mainly encompassing fast
non-dominated sorting, crowding distance calculation, and population selection based on
an elite strategy.

(1) Fast non-dominated sorting. Fast non-dominated sorting involves stratifying the
population based on the dominance relationships among individuals. Specifically, an
individual is considered to dominate another if all of its objective function values are either
superior or equal to those of the other individual. All individuals that are not dominated by
any others are assigned to the first rank (or grade 1). These individuals are then removed
from consideration, and the dominance relationships among the remaining individuals are
recalculated to determine the second rank (or grade 2). This process is repeated until all
individuals in the population have been assigned a rank.

(2) Crowding distance calculation. The crowding distance of the individual is defined
as the average distance on both sides of the individual. According to the fast non-dominated
sorting, the crowding distance of each individual in the same grade is calculated by
Equation (22). As shown in Figure 3, F1, F2 and F3 are the first, second, and third objective
functions values, respectively, namely Gini coefficient, direct proportion, and total cost.

L[r] =
H

∑
h=1

(L[r + 1]h − L[r − 1]h)/( f max
h − f min

h ) (22)

where L[r] is the crowding distance of the r-th individual in a certain grade; H is the number
of optimization objectives in the multi-objective model; L[r + 1]h and L[r − 1]h represent
the function values of adjacent individuals on both sides of the r-th individual for the h-th
objective; f max

h and f min
h represent the maximum and minimum values of the h-th objective

function among the individuals in that grade, respectively.

F2

r

r+1

F1

r-1

Grade 1 Grade 2 Grade 3

F3

Figure 3. Crowding distance calculation diagram.

(3) Selection based on elite strategy. To prevent the degeneration of the optimal solu-
tion, excellent individuals are selected from both parent population and filial population
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in order of increasing grade and decreasing crowding distance to form the new parent
population until the number of individuals matches that of the previous parent population.

Based on the above description and the characteristics of the problem in this research,
the basic solution process is designed specifically shown in Figure 4. Among them, the
setup rules for the core processes are shown in Sections 3.1–3.4.

maxgp

gP

gY

gP gY

maxg g<

 
Figure 4. The basic process of solution algorithm.

3.1. Generation of Initial Populations

The goal of population initialization is to generate an initial population with sufficient
diversity and to cover the solution space, which lays a foundation for the exploration
of global optimal solutions. Firstly, the K-shortest path algorithm is used to calculate
K-shortest paths between any given OD pairs. The paths that do not meet the length and
nonlinear coefficient constraints are eliminated, and the paths that meet the constraints
are retained as candidate routes. Then, all routes within the set of candidate routes are
encoded, and an initial population containing fixed number of individuals (chromosome)
is created at random. Each individual (chromosome) represents a bus network composed
of a certain number of candidate routes that meet the constraints.

3.2. Demand Assignment

For the initial population and the subsequent generations of offspring populations,
operations such as non-dominated sorting and crowding distance calculation require
the objective function values of all individuals in the population to be computed. The
calculation of these objective function values depends on the passenger flow assignment
process. In this study, the passenger flow assignment primarily relies on the Dijkstra
algorithm. When multiple alternative paths exist between OD pairs, direct routes are
prioritized. If no direct routes are available, the passenger flow is randomly distributed
among multiple bus paths.

3.3. Objective Function Calculation

After demand allocation is completed, transit equity, total cost, Direct travel proportion
of the elderly during non-peak hours of each individual need to be calculated. Firstly,
the service frequency and the number of buses running on each route are calculated by
Equations (14) and (18), and the corresponding 3 objective function values are obtained.
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Then, fast non-dominated sorting based on the objective function values, and calculating the
crowding distance of each individual (chromosome) within each grade are accomplished.
Individuals are selected according to the ranking and crowding distance values, and a new
population is generated by merging with the parents.

3.4. Crossover and Mutation

To increase population diversity and avoid local optimality, using sample genetic algo-
rithm, crossing and mutating are applied to the population to generate a filial generation
population. Firstly, based on the crossover probability, two individuals are selected from
the population, and the crossover operation is performed to generate offspring. Then,
based on the mutation probability, the offspring are mutated to obtain a new population.
Until the iteration satisfies the preset algebra, the pareto solution set is obtained.

4. Case Study
4.1. Mandl Benchmark Network

Mandl’s (1980) [11] benchmark network, widely used in case studies by researchers,
consists of 15 nodes and 21 segments representing a road network in Switzerland. Figure 5
displays the Mandl road network along with the travel times (in minutes) between each
pair of nodes.

 
Figure 5. Mandl’s benchmark network.

Based on the Mandl network, existing studies have applied various evolutionary
algorithms for bus network optimization, including: MOSA (an extension of simulated
annealing to multi-objective problems), BCO (a swarm intelligence-based method that
mimics the foraging behavior of honeybees and explores the solution space through coop-
erative search), PSO (which simulates the social behavior of particle groups to converge
toward optimal regions), GAWE (a genetic algorithm enhanced by embedded local search
or weight-adjustment strategies), and AOGA (an improved genetic algorithm designed to
reduce premature convergence). The method proposed in this study is compared against
the above algorithms. The elderly passenger demand is randomly set to be 30–70% of the
total passenger flow during peak hours. Table 2 displays the objective function values, total
operating times, and fleet sizes for the bus network, as computed using various methods.
Figure 6 demonstrates that, in comparison to the results obtained by other methods, the
method proposed in this study not only enhances the direct bus travel proportion for the
elderly but also maintains a favorable balance in terms of equity and total cost.
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Table 2. Comparison of different methods for Mandl benchmark network.

Solution Algorithm Number of
Bus Routes

Total Cost
(Dollar) Equity Direct Travel

Rate Fleet Size Total Operating
Time (min)

[53] MOSA 4 10,440 0.2013 0.8896 74 145
[54] BCO 6 13,138 0.242 0.9642 79 224
[55] PSO 6 13,850 0.2552 0.9596 54 203
[56] GAWE 6 13,424 0.2356 0.9518 81 266
[57] GA + TMO 6 78,839 0.1878 0.9425 74 186
[58] DLN + BB 6 11,104 0.283 0.9853 67 220
[59] AOGA 10 15,546 0.251 0.9760 82 294
[60] GA + AS 12 16,911 0.2719 0.8414 99 261

This study NSGA-II 6 11,989 0.1841 0.9727 76 122
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Figure 6. Comparing results with previous work [53–58,60].

4.2. Network of Zhengzhou City

The main road network of Zhengzhou city, which consists of 44 nodes and 72 segments,
as shown in Figure 7, is used for numerical example. The distances between each node-pair
are provided in kilometers. It is assumed that the peak passenger flow demand for all
origin-destination (OD) pairs is 10. Given the peak hourly passenger demand is 20, and
the hourly elderly passenger demand in the non-peak period is 6. The primary parameter
settings are outlined in Table 3.
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Figure 7. The main road network of Zhengzhou city.

Table 3. Parameters setting.

Parameter Value Parameter Value Parameter Value

Cw
u 6.76 $/h Cl

u 5.07 $/h vb 20 km/h
vwk 1.2 m/s ϕ 100 kWh ∂ 0.9
pc 120 kW Ce

u 0.063 $/kWh eN 1.3 kWh/km
CB

u 98,592 $ CI
u 1408 $ CS

u 56 $
ts 3 times/year lmin 10 km lmax 30 km

χmax 1.5 E 44 gmax 800
Cap 60 persons/bus δ 0.3 Z 100

The objective function values of bus transit network schemes under different numbers
of routes are shown in Table 4. The results indicate that as the Gini coefficient decreases, the
total cost consistently increases. Further analysis of the objective function value’s trend, as
depicted in Figure 8, reveals that as the number of bus routes in the network increases, the
total cost exhibits a notable upward trend. Concurrently, the Gini coefficient experiences a
slight increase, accompanied by fluctuations. The direct travel proportion of the elderly
also undergoes minor changes. Consequently, the number of bus routes is determined to
be 11, and the set of Pareto optimal solutions is illustrated in Figure 9.

Table 4. Objective function values of bus transit network schemes under different numbers of routes.

Number of Bus
Routes Total Cost/$ Gini Coefficient Direct Travel Proportion of

the Elderly

9 1.72 × 105 0.198218221 0.5681
10 1.75 × 105 0.191618563 0.5534
11 1.70 × 105 0.184598629 0.5891
12 1.82 × 105 0.198469225 0.5901
13 1.87 × 105 0.208165351 0.6101
14 1.90 × 105 0.196067902 0.5910
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Figure 8. The objective function value under different number of bus routes.
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Figure 9. Approximate Pareto optimal solution set.
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It can be seen from Figure 10 that when the Gini coefficient is 0.191, the total cost
reaches its minimum of 1.62 × 105 dollar, the direct travel rate is 0.563. When the Gini
coefficient decreases to the minimum value of 0.182, the total social travel cost increases
to 1.76 × 105 dollar, the direct travel rate is 0.607. This trade-off occurs due to conflicting
objectives: a lower Gini coefficient implies greater equity in the bus system, a higher bus
travel sharing proportion, and consequently, an increased demand for battery electric buses
and charging equipment within the network, leading to higher total costs. Additionally,
the direct travel proportion of the elderly increases with total costs, but this growth is not
linear and exhibits fluctuations.
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Figure 10. Algorithm convergence process.

To assess the convergence speed of the method, the average values of the objective
functions are computed by averaging the individual objective function values across each
generation of the Pareto solution set. As illustrated in Figure 10, the algorithm demonstrates
rapid convergence with minimal fluctuations. By the 100th iteration, a solution set close to
the final solution has already been achieved.

According to the Pareto optimal solution set, decision-makers can weigh the travel
needs of residents against the construction and operational costs of battery electric bus
charging equipment to choose the most suitable solution. As an illustration, a solution
with 11 bus routes is selected based on the total cost, transit equity and direct travel rate
for the elderly. In this paper, the transit route network is selected which the total cost is
1.68 × 105 dollar, Gini coefficient is 0.185 and direct travel rate is 0.59, as shown in Figure 11.
It is denoted as network 1, and its Lorentz curve is obtained as shown in Figure 12. The
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dotted line indicates that the mode is absolutely fair. It can be seen that the area between
the Lorentz curve and the dotted line is small, which proves that our proposed network
scheme effectively improves the equity of residents’ travel mode.

Figure 11. Bus transit network.
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Figure 12. Equity Lorenz curve of public transport system.

Details of transit route network 1 are shown in Table 5. From the result analysis,
each node of routes can be traversed, which satisfies the rationality of the transit network.
Meanwhile, under the passenger demand set in this paper, the equity is relatively high,
and the route is suitable for the elderly, that is, the direct travel rate of the elderly is more
than half.
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Table 5. Detailed results of the routes for solution.

Line Label Node Sequence Frequency

1 1, 7, 8, 18, 14 12
2 3, 10, 14, 18, 25, 29, 28, 27, 26, 31 17
3 5, 12, 11, 15, 19, 30, 35, 34 12
4 6, 13, 12, 11, 10, 9, 2, 1 9
5 6, 13, 12, 16, 20, 19, 30 10
6 4, 5, 6, 13, 17, 21, 37, 44 10
7 12, 16, 20, 36, 35, 34, 41, 40 5
8 23, 24, 28, 33, 40, 39, 38 7
9 22, 26, 31, 32, 39, 40, 41, 42, 43 11

10 23, 27, 32, 33, 34, 35, 36, 43 7
11 3, 4, 11, 15, 19, 30, 35, 42 18

5. Conclusions and Discussion
In this study, a multi-objective programming model is established with the goal of

public transport system equity, elderly-oriented bus service level and total social travel
cost. Taking equity as the objective function, it is possible to maximize or minimize the
equity index by adjusting the decision variables, and the direct travel rate for the elderly
and the transition of electric buses are included in the optimization analysis. To solve the
three-objective model, the Pareto optimal solution set is obtained by NSGA-II. Firstly, the
Mandl’s benchmark network is chosen to compare the objective function values of bus
network design results from other studies with this paper. The results show that the equity
index (0.1841) of the proposed method is significantly better than other methods when
the online network scale is 6 lines. The total running time (122 min) is the shortest, the
direct rate (0.9727) is higher, and the total cost (85,121 dollar) is sub-optimal, which reflects
higher cost-effectiveness and performance of the model. And then, we select a large-scale
network, indicating that the algorithm can be applied to the real road network to help
decision makers choose the optimal solution. To get a more practical solution, the transfer
time is taken into account in the calculation of bus travel time, and the cost of charging
facilities required for battery electric vehicles is also considered in the total social cost.
The results show that the proposed method can improve the equity of bus route network
design scheme, raise the direct travel rate of the elderly (direct access rate was 0.59), reduce
the difference of travel cost among different travelers, achieve a good balance in terms of
equity, operational efficiency and aging requirements, and thus raise the attractiveness of
bus travel mode to some extent.

It should be noted that the present study still has several limitations. For example,
this study is a deterministic analysis and does not account for the stochastic factors and
interactions that may exist within the system. In future work, simulation-based methods
can be incorporated to further enhance and optimize the approach; the passenger flow
assignment process adopts a relatively simple random allocation strategy for multi-path
selection, and the consideration of the travel characteristics of elderly passengers is not yet
sufficiently comprehensive. Regarding future work, we plan to conduct a more detailed
analysis of the travel behavior of the elderly and optimize equity-related objectives from
an age-friendly perspective. Moreover, given the high computational complexity of the
TNDP model and its low-dimensional objective structure, this study employed NSGA-
II as the solution method to ensure computational efficiency and algorithmic stability.
However, emerging evolutionary algorithms such as NSGA-III, MORCGA-MOPSO-II,
RCGA-PSO, and CBHPSO may potentially offer better solution performance. Therefore,
future research will explore new path optimization strategies and compare NSGA-II with
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more advanced algorithms to evaluate whether they can further improve solution quality
and computational efficiency.
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27. Aksoy, İ.C.; Alver, Y. Addressing Electric Transit Network Design Frequency Setting Problem with Dynamic Transit Assignment.

Transp. B Transp. Dyn. 2024, 12, 2318566. [CrossRef]
28. Ben-Elia, E.; Benenson, I. A Spatially-Explicit Method for Analyzing the Equity of Transit Commuters’ Accessibility. Transp. Res.

Part A Policy Pract. 2019, 120, 31–42. [CrossRef]
29. Feng, T.; Zhang, J. Multicriteria Evaluation on Accessibility-based Transportation Equity in Road Network Design Problem. J.

Adv. Transp. 2014, 48, 526–541. [CrossRef]
30. Li, X.; Zhang, Y.; Du, M. Analysis of Travel Decision-Making for Urban Elderly Healthcare Activities under Temporal and Spatial

Constraints. Sustainability 2018, 10, 1560. [CrossRef]
31. Behbahani, H.; Nazari, S.; Jafari Kang, M.; Litman, T. A Conceptual Framework to Formulate Transportation Network Design

Problem Considering Social Equity Criteria. Transp. Res. Part A Policy Pract. 2019, 125, 171–183. [CrossRef]
32. Delbosc, A.; Currie, G. Using Lorenz Curves to Assess Public Transport Equity. J. Transp. Geogr. 2011, 19, 1252–1259. [CrossRef]
33. Jang, S.; An, Y.; Yi, C.; Lee, S. Assessing the Spatial Equity of Seoul’s Public Transportation Using the Gini Coefficient Based on Its

Accessibility. Int. J. Urban Sci. 2017, 21, 91–107. [CrossRef]
34. Chen, X.; Wang, Y.; Ma, X. Integrated Optimization for Commuting Customized Bus Stop Planning, Routing Design, and Timetable

Development With Passenger Spatial-Temporal Accessibility. IEEE Trans. Intell. Transport. Syst. 2021, 22, 2060–2075. [CrossRef]
35. Berke, A.; Truitt, W.; Larson, K. Is Access to Public Bike-Share Networks Equitable? A Multiyear Spatial Analysis across 5 U.S.

Cities. J. Transp. Geogr. 2024, 114, 103759. [CrossRef]
36. Carleton, P.R.; Porter, J.D. A Comparative Analysis of the Challenges in Measuring Transit Equity: Definitions, Interpretations,

and Limitations. J. Transp. Geogr. 2018, 72, 64–75. [CrossRef]
37. Ma, S.-H.; Chen, X.-F.; Wu, Y.-J.; Shao, H.; Zhang, J.-J. Equity Analysis of Transportation Networks in Urban Agglomerations

Based on Accessibility. J. Transp. Syst. Eng. Inf. Technol. 2022, 22, 51–59. [CrossRef]
38. He, Y.; Liu, Z.; Song, Z. Optimal Charging Scheduling and Management for a Fast-Charging Battery Electric Bus System. Transp.

Res. Part E Logist. Transp. Rev. 2020, 142, 102056. [CrossRef]
39. Mitra, S.; Yao, M.; Ritchie, S.G. Gender Differences in Elderly Mobility in the United States. Transp. Res. Part A Policy Pract. 2021,

154, 203–226. [CrossRef]
40. Villena-Sanchez, J.; Boschmann, E.E.; Avila-Forcada, S. Daily Travel Behaviors and Transport Mode Choice of Older Adults in

Mexico City. J. Transp. Geogr. 2022, 104, 103445. [CrossRef]
41. Ravensbergen, L.; Varickanickal, J.; Newbold, K.B.; Mohamed, M. A Mixed-Methods Investigation of Older Adults’ Public Transit

Use and Travel Satisfaction. Travel Behav. Soc. 2023, 32, 100577. [CrossRef]
42. El-Geneidy, A.; Levinson, D.; Diab, E.; Boisjoly, G.; Verbich, D.; Loong, C. The Cost of Equity: Assessing Transit Accessibility and

Social Disparity Using Total Travel Cost. Transp. Res. Part A Policy Pract. 2016, 91, 302–316. [CrossRef]
43. Lyons, T.; Choi, D. Transit Economic Equity Index: Developing a Comprehensive Measure of Transit Service Equity. Transp. Res.

Rec. J. Transp. Res. Board 2021, 2675, 288–300. [CrossRef]
44. Raza, A.; Zhong, M.; Akuh, R.; Safdar, M. Public Transport Equity with the Concept of Time-Dependent Accessibility Using

Geostatistics Methods, Lorenz Curves, and Gini Coefficients. Case Stud. Transp. Policy 2023, 11, 100956. [CrossRef]
45. Camporeale, R.; Caggiani, L.; Fonzone, A.; Ottomanelli, M. Quantifying the Impacts of Horizontal and Vertical Equity in Transit

Route Planning. Transp. Plan. Technol. 2017, 40, 28–44. [CrossRef]

https://doi.org/10.1080/15472450.2018.1488131
https://doi.org/10.1177/0361198119838513
https://doi.org/10.1061/JTEPBS.0000393
https://doi.org/10.1016/j.trc.2021.103255
https://doi.org/10.1016/j.ijtst.2021.01.001
https://doi.org/10.1016/j.ejor.2021.10.058
https://doi.org/10.54097/fcis.v1i1.1465
https://doi.org/10.1177/03611981231155904
https://doi.org/10.1080/23249935.2022.2152298
https://doi.org/10.1080/21680566.2024.2318566
https://doi.org/10.1016/j.tra.2018.11.017
https://doi.org/10.1002/atr.1202
https://doi.org/10.3390/su10051560
https://doi.org/10.1016/j.tra.2018.04.005
https://doi.org/10.1016/j.jtrangeo.2011.02.008
https://doi.org/10.1080/12265934.2016.1235487
https://doi.org/10.1109/TITS.2020.3048520
https://doi.org/10.1016/j.jtrangeo.2023.103759
https://doi.org/10.1016/j.jtrangeo.2018.08.012
https://doi.org/10.16097/j.cnki.1009-6744.2022.06.005
https://doi.org/10.1016/j.tre.2020.102056
https://doi.org/10.1016/j.tra.2021.10.015
https://doi.org/10.1016/j.jtrangeo.2022.103445
https://doi.org/10.1016/j.tbs.2023.100577
https://doi.org/10.1016/j.tra.2016.07.003
https://doi.org/10.1177/0361198120970529
https://doi.org/10.1016/j.cstp.2023.100956
https://doi.org/10.1080/03081060.2016.1238569


Sustainability 2025, 17, 10149 23 of 23

46. Fan, W.; Machemehl, R.B. Optimal Transit Route Network Design Problem with Variable Transit Demand: Genetic Algorithm
Approach. J. Transp. Eng. 2006, 132, 40–51. [CrossRef]

47. Ferguson, E.M.; Duthie, J.; Unnikrishnan, A.; Waller, S.T. Incorporating Equity into the Transit Frequency-Setting Problem. Transp.
Res. Part A Policy Pract. 2012, 46, 190–199. [CrossRef]

48. Camporeale, R.; Caggiani, L.; Ottomanelli, M. Modeling Horizontal and Vertical Equity in the Public Transport Design Problem:
A Case Study. Transp. Res. Part A Policy Pract. 2019, 125, 184–206. [CrossRef]

49. Kim, M.; Kho, S.-Y.; Kim, D.-K. A Transit Route Network Design Problem Considering Equity. Sustainability 2019, 11, 3527. [CrossRef]
50. Park, S.J.; Kang, S.; Byon, Y.-J.; Kho, S.-Y. Multiobjective Approach to the Transit Network Design Problem with Variable Demand

Considering Transit Equity. J. Adv. Transp. 2022, 2022, 5887985. [CrossRef]
51. Jiang, Y. Reliability-Based Equitable Transit Frequency Design. Transp. A Transp. Sci. 2022, 18, 879–909. [CrossRef]
52. Zhang, W.; Zhao, H.; Song, Z. Integrating Transit Route Network Design and Fast Charging Station Planning for Battery Electric

Buses. IEEE Access 2021, 9, 51604–51617. [CrossRef]
53. Ahern, Z.; Paz, A.; Corry, P. Approximate Multi-Objective Optimization for Integrated Bus Route Design and Service Frequency

Setting. Transp. Res. Part B Methodol. 2022, 155, 1–25. [CrossRef]
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