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Abstract

A reasonable urban transport structure is necessary to develop low-carbon transport and
establish a cleaner and more efficient urban transport system. Urban rail transit plays
a significant role in the development of low-carbon transport due to its advantages of
efficiency, punctuality, safety, and environmental protection. In this paper, we construct
a multi-objective model driven by urban rail transit to optimize the urban passenger
transport structure from a systemic perspective. The objective functions of this model
include minimizing transport CO2 emissions and travel costs while maximizing travel
quality and the utilization rate of public transport operation lines. The non-dominated
sorting genetic algorithm II (NSGA–II) is a classic multi-objective optimization algorithm
used to optimize conflicting objectives simultaneously. In this paper, the multi-objective
optimization model is solved using an improved NSGA–II, extending the local search
mechanism into the NSGA–II. To evaluate the validity of the model, this paper takes
Beijing, China, as the case area. Based on the development plans of urban rail transit,
we analyze from a specific year and multiple years. The results illustrate a structural
transformation in urban passenger transport and embody a sustainable urban passenger
transport structure driven by urban rail transit. This paper proposes a valid method,
providing guidance for optimizing the urban transport structure.

Keywords: low-carbon transport; transport structure; carbon emissions; multi-objective
optimization model; NSGA–II

1. Introduction
Excessive CO2 (carbon dioxide) emissions will aggravate global warming and threaten

the sustainable development of the whole society [1]. It is necessary to reduce CO2 emis-
sions, especially in the transport sector, which accounts for about 25% of global CO2

emissions [2]. The transport sector has great potential for carbon emission reduction. How-
ever, the issue of transport CO2 emissions has received insufficient attention in the urban
transport development process.

With the acceleration of global urbanization, urban travel demand has continued to
increase in recent years. The growing tension between travel demand and limited road
resources has led to issues such as traffic congestion, air pollution, and energy waste [3].
Prioritizing the development of public transport is an important way to alleviate these
problems [4]. Because there are major differences in the performance of various transport
modes in terms of energy conservation and emission reduction. The average energy
consumption and CO2 emissions of private cars are more than 10 times those of buses and
approximately 20 times those of urban rail transit [5].
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At present, passengers tend to choose more convenient and comfortable transport
modes to meet their travel demands, and the government is committed to building a
modern urban transport system that is more efficient and environmentally friendly. How
to balance the relationship between meeting residents’ travel demands and achieving
carbon emission reduction is a practical challenge in urban transport development. In
fact, public transport plays a crucial role in urban transport [6]. In particular, urban rail
transit has the advantages of efficiency, punctuality, safety, and environmental protection.
It effectively alleviates traffic congestion and fosters the development of a sustainable
transport system. The government is committed to promoting the development of rail
transit by implementing the policy of switching from road to rail transit, making urban rail
transit development plans, and so on.

Reasonable urban transport structures play a significant role in low-carbon transport.
Optimizing the transport structure is an effective measure for promoting the achievement of
carbon emission reduction goals [7]. In this paper, we propose a multi-objective optimization
model to construct a more rational urban transport structure and explore the potential for
carbon emission reduction. We seek to optimize transport CO2 emissions, travel costs, travel
quality, and the utilization rate of public transport operation lines based on meeting the con-
straints of travel demand, accessibility, energy consumption, transport land, normalization
and non-negativity constraints, and range, striving to achieve a balance among multiple
objective functions. The improved non-dominated sorting genetic algorithm II (NSGA–II)
is mainly reflected in the embedded local search mechanism, which is used to solve the
multi-objective model. In the case study, we optimize the urban passenger transport structure
of Beijing, China, based on the Beijing Rail Transit Lines Plan 2016–2035 and the Beijing
Urban Master Plan 2016–2035. The innovation of this paper is reflected in three aspects:

1. From individual and public perspectives, we construct a multi-objective optimization
model driven by urban rail transit.

2. Based on urban rail transit development plans, we improve the NSGA–II by embed-
ding a local search mechanism to solve the multi-objective optimization model.

3. We analyze the evolutionary trends of various transport modes over several years in the
future, which indicates a structural transformation in urban passenger transport and
reflects a sustainable urban passenger transport structure driven by urban rail transit.

The rest of this paper is organized as follows. Section 2 summarizes the existing
literature; Section 3 mainly introduces the methods proposed in this paper; Section 4
presents the case study; Section 5 presents the conclusions of this paper.

2. Literature Review
There are various optimization problems in the field of transportation, such as trans-

port structure optimization [8], timetable optimization [9], and route optimization [10].
Regarding optimization of the passenger transport structure, scholars have conducted a lot
of research. In this paper, the urban passenger transport structure refers to the proportion
of the urban passenger volume attributed to different transport modes, such as urban rail
transit and private cars.

Goal programming models [11] based on linear programming theory have gained
widespread application due to their operational flexibility and maturity. Qiang et al. [12]
proposed some energy-efficiency models of sustainable urban transport structure opti-
mization, with the objective function being to minimize energy consumption while sub-
ject to constraints on CO2 emissions and traffic efficiency. However, the optimization
perspective employed by single-objective models for transport structure optimization
lacks comprehensiveness.
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With deeper exploration, models have shifted from single objectives like improv-
ing transport efficiency [13] toward achieving multiple objectives such as low CO2 emis-
sions [14] and low generalized costs [15]. Scholars have developed various transport
structure optimization models from different perspectives. Conway et al. [16] developed
a new method to find Pareto sets of paths, jointly minimizing fares and travel time, and
conducted the analysis using data from Greater Boston, Massachusetts, USA. Considering
passengers, operators, and construction, Li et al. [17] built a multi-objective optimization
model of an urban passenger transport structure oriented to low-carbon and conducted
a case study of Qingdao, China. Based on the characteristics of different transportation
modes, Li et al. [18] proposed a multi-objective optimization model to maximize transporta-
tion utility, minimize ecological impacts, and minimize the generalized cost. Lin at al. [19]
constructed a multi-objective optimization model of China’s transportation structure to
explore the carbon emission reduction effect of transportation structure adjustment from
the perspectives of transportation structure optimization and transportation mode shift.

Research on urban rail transit has shown the positive effects of low-carbon transport.
The rapid development of urban rail transit has a significant impact on passenger travel
behaviors. With the formation of the urban rail transit skeleton network, the number
of rail transit passengers has significantly increased [20]. Zhang et al. [21] found that
subway proximity reduces a household’s probability of owning a car and their subsequent
fuel consumption, and an increase in subway stations reduces nearby households’ car
ownership rate by a greater extent. Basso et al. [22] studied the role of public transport,
including subways, in shaping the urban structure and explored the effects of pricing
pollution externalities together with extending the public transport network on the urban
structure. Lin et al. [23] analyzed the impact of urban rail transit on energy efficiency and
identified that the introduction of urban rail transit significantly improves the level of green
total factor energy efficiency. Yang et al. [24] combine the following planning strategies
together: controlling the percentages of oil-fueled cars, metro and rail network construction,
and providing better public transit services around metro stations.

It is difficult to find a unique solution that optimizes each objective because there is
often conflict among multiple objectives [25]. For multi-objective optimization problems,
the overall optimal solution represents a tradeoff among the various objectives, achieving
a state of equilibrium [26]. Recently, different algorithms have been proposed for solving
multi-objective optimization models. The most common solution is to transform the
multi-objective optimization model into a single-objective optimization model. Zhang
et al. [27] constructed a multi-objective optimal urban traffic structure model from diverse
perspectives, converting it into a single-objective programming problem based on the
concept of carbon emission satisfaction to explore the impacts of urban traffic structure
changes on reducing transport CO2 emissions. Considering carbon emissions, transport
costs, and resource utilization, Zhang et al. [28] developed a multi-objective model to
optimize the passenger traffic system and transformed the model into a single-objective
optimization model by combining the ideal point method with the entropy weight method,
thereby obtaining the optimal solution.

In addition, heuristic algorithms are widely popular for directly solving multi-objective
problems. The particle swarm optimization (PSO) [29] algorithm, Ant Colony Optimization
(ACO) [30] algorithm, and genetic algorithm (GA) [31] are intensively used multi-objective
evolutionary algorithms in real-world applications. These algorithms are modified to
achieve better performance. A hybrid particle swarm optimization with crossover operator
(C–PSO) is employed for solving high-dimensional bilevel multi-objective programming
problems [32]. The Clustering-Based Hybrid Particle Swarm Optimization (CBHPSO)
algorithm is presented to solve bi-objective optimization problems [33]. Based on the idea
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of a hybrid algorithm, Song et al. [34] proposed a new improved PSO–ACO algorithm to
solve the problem of poor energy-dispatching efficiency between sites. The matrix-based
hybrid genetic algorithm (MBHGA) [35] has been developed to solve an agent-based model
of firms’ behavior with controlled trade interactions. The multiagent hybrid clustering-
assisted genetic algorithm (MA–HCAGA) [36] is proposed for finding the best configu-
rations of reconfigurable multilayer road networks. It is worth noting that the NSGA–II
performs well when solving multi-objective models. Ma et al. [37] introduced the concept
of multi-objective optimization and the foundation of NSGA–II, reviewed the family of
NSGA–II and their modifications, and categorized their applications. Liu et al. [38] pre-
sented a novel algorithm based on NSGA–II to address the issues of local optima trapping
and non-smooth paths in mobile robot path planning. Aiming to solve the problems of
slow convergence speed and low precision probability in the multi-objective optimization
of energy storage materials, Hu et al. [39] proposed a multi-objective optimization model
of energy storage materials based on NSGA–II.

There are various aspects involved in constructing optimization models. However,
scholars have neglected the utilization rate of public transport operation lines from a public
perspective. In this paper, we consider it in the urban passenger transport structure optimiza-
tion model. In addition, we improve the NSGA–II by embedding a local search mechanism
to solve the constructed model. Moreover, most scholars who propose transport structure
optimization models only solve and analyze results for a specific year. However, optimizing
for just one year has limitations, failing to capture overall trends over a period. In this paper,
we focus on optimizing the transport structure over multiple years in the future and analyze
the evolutionary trends of various transport modes driven by urban rail transit.

3. Method
Optimizing the urban transport structure is an effective measure for the development

of low-carbon transport. In this section, we establish a multi-objective optimization model
for optimizing the urban passenger transport structure from both individual and public
perspectives. The overall flow of the model framework in this paper is shown in Figure 1.

 

Figure 1. Overall flow of the model framework.
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The objective functions comprise four components: transport CO2 emissions, travel
costs, travel quality, and the utilization rate of public transport operation lines. Constraints
are defined across six aspects: travel demand, accessibility, energy consumption, transport
land, normalization and non-negativity, and range. Based on urban rail transit development
plans, we employ the improved NSGA–II to solve the optimization model. The final
solutions serve as the basis for the optimization of the transport structure.

3.1. Model Assumptions

This paper constructs a multi-objective optimization model to provide guidance for
the government in formulating low-carbon transport development plans. Considering the
macro characteristics of government decision-making, the following assumptions are made
in this paper:

1. The urban system is treated as a relatively closed system. Only internal urban passen-
ger transport is considered.

2. The optimization model is constructed based on existing urban transport resources,
with the relevant parameters of each transport mode in a stable state. It does not
account for the impact of sudden or major events on the urban transport system.

3. The parameters in this model are taken as the average parameters at the macro level.
Individual traveler parameters are disregarded.

4. In this paper, the optimization model incorporates transport CO2 emissions, energy
consumption, the road occupancy area, and so on. Four motorized modes (private car,
taxi, bus, and urban rail transit) are selected for analysis.

3.2. Transport Structure Optimization Model

In this section, we construct the transport structure optimization model, including
four objective functions and six constraints, to solve Problem A.

Problem A. The need to minimize the values of objective functions F1(x), F2(x), and F3(x) and
maximize the value of the objective function F4(x) is through a set of decision variables X:

minF1(x) = ∑
i

PLibixi, (1)

minF2(x) = W1 + W2 = ∑
i

Pw1ixi + ∑
i

Pw2itixi, (2)

minF3(x) = ∑
i

Ni
mi

xi, (3)

maxF4(x) = U3 + U4 =

PL3x3/∑
i

PLixi

d3/∑
i

di
+

PL4x4/∑
i

PLixi

d4/∑
i

di
, (4)

s.t.

∑
i

PLixi ≥ NQ, (5)

∑
i

PLivixi

∑
i

PLixi
t ≥ NR, (6)

∑
i

Lieixi ≤ Emax, (7)
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∑
i

PLisixi

∑
i

PLixi
≤ S, (8)

∑
i

xi = 1 (xi ≥ 0), (9)

|xi(τ + 1)− xi(τ)| ≤ θxi(τ), i ∈ {1, 2, 3, 4}. (10)

Here, Equations (1)–(4) are objective functions: F1(x) is the transport CO2 emissions; F2(x)
is the travel costs; F3(x) is the crowding degree; F4(x) is the utilization rate of public transport
operation lines. X = {x1, x2, x3, x4} is the set of decision variables at time τ, corresponding to the
proportion of private cars, taxis, buses, and urban rail transit, respectively. The constraints of travel
demand, accessibility, energy consumption, transport land, normalization and non-negativity, and
range are shown in Equations (5)–(10).

For convenience in subsequent calculations, Equation (4) is reformulated as

minF′4(x) = −
PL3x3/∑

i
PLixi

d3/∑
i

di
−

PL4x4/∑
i

PLixi

d4/∑
i

di
(11)

We will describe the content covered by the objective functions in Section 3.2.1 and
introduce the constraints in Section 3.2.2.

3.2.1. Objective Functions

In the transport structure optimization model, objective functions are considered
based on four aspects: transport CO2 emissions, travel costs, travel quality, and the utiliza-
tion rate of public transport operation lines. Practically, it is desirable to optimize these
objective functions.

Objective Function 1: Transport CO2 Emissions

The top-down method and the bottom-up method are the mainstream methods for
calculating transport CO2 emissions. The former is based on energy consumption, while
the latter is based on the calculation of vehicle ownership and vehicle mileage [40]. Since
different transport modes are involved, the bottom-up method is applied in this paper.
It is imperative to develop low-carbon transport under the low-carbon background. The
optimization of the urban passenger transport structure should strive toward low carbon
emissions. Therefore, the objective function of minimizing transport CO2 emissions is
first proposed, as shown in Equation (1). In Equation (1), P is the total traffic volume
across the four transport modes; Li and bi denote the travel distance and carbon emission
factors, respectively. Referring to Reference [27], the carbon emission factors of different
transport modes are presented in Table 1. The units of the carbon emission factors are
kg/(person·km).

Table 1. Carbon emission factors of transport modes.

Transport Modes Private Car Taxi Bus Urban Rail Transit

Carbon emission factors 0.1169 0.1402 0.0198 0.0075

Objective Function 2: Travel Cost

Travel costs are from the perspective of the passenger and include economic costs
and time costs. It is desirable to minimize travel costs for passengers. Thus, the objective
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function of minimizing travel costs is proposed, as shown in Equation (2). The details are
as follows:

• Economic costs

Economic costs refer to the expenses generated by using transport modes. W1 is the
total economic cost; w1i is the economic cost of the i–th transport mode.

• Time costs

Time costs refer to the value generated by the time spent by passengers on a trip,
which is measured using the minimum hourly wage standard. W2 is the total time cost;
w2i is the time cost of the i–th transport mode; ti is the average travel time for the i–th
transport mode.

Objective Function 3: Travel Quality

Nowadays, passengers are increasingly pursuing high-quality travel. Enhancing travel
quality is one of the objectives in optimizing the urban passenger transport structure. This
paper uses the crowding degree as an indicator to measure travel quality. A lower crowding
degree indicates higher travel quality. Therefore, the third objective function is proposed,
as shown in Equation (3). Ni and mi are the average passenger carrying rate and vehicle
area of the i–th transport mode.

Objective Function 4: Utilization Rate of Public Transport Operation Lines

Transport infrastructure is improved continuously alongside urban development. It
should be fully utilized to avoid wasting public transport resources. The fourth objective
function is the pursuit of maximizing the utilization rate of public transport (meaning
buses and urban rail transit) operation lines, which is displayed as Equation (4). Ui is the
utilization rate of public transport operation lines; di is the operational mileage of the i–th
transport mode.

3.2.2. Constraints

In the transport structure optimization model, constraints are considered from several
aspects: travel demand, accessibility, energy consumption, transport land, normalization
and non-negativity, and range.

Constraint 1: Travel Demand

Optimization of the urban passenger transport structure should meet travel demand,
meaning the total transport supply in the planning year should exceed passengers’ travel
demands. The travel demand constraint is expressed as Equation (5), where NQ represents
passenger turnover in the planning year. It can be estimated using Equation (12):

NQ = NP · L · NR
R

= NP · L ·
√

NA
A

(12)

where NP, NR, and NA are the passenger volume, urban equivalent radius, and scale
of urban land in the planning year, respectively; L is the average travel distance for all
transport modes; R and A are the urban equivalent radius and scale of urban land in the
current year, respectively.

Constraint 2: Accessibility

Accessibility can be measured by the distance or time achievable within a reasonable
travel time. The accessibility constraint reflects that the optimization of the urban transport
structure is limited by the ability of passengers to use various transport modes to fulfill
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their travel needs. The accessibility constraint is shown in Equation (6), where vi denotes
the average operating speed of the i–th transport mode; t denotes the average travel time
for all transport modes.

Constraint 3: Energy Consumption

Transport CO2 emissions are primarily caused by energy consumption. It is necessary
to control total energy consumption under low-carbon background. The constraint on en-
ergy consumption is displayed in Equation (7), where ei represents the energy consumption
factor of the i–th transport mode; Emax denotes the upper limit for energy consumption. It is
noted that the energy consumption factors [28] of transport modes follow defined standards,
as shown in Table 2. The units of energy consumption factors are MJ/(person·km).

Table 2. Energy consumption factors of transport modes.

Transport Modes Private Car Taxi Bus Urban Rail Transit

Energy consumption factors 1.46 1.82 0.23 0.21

Constraint 4: Transport Land

The urban transport system has limited land resources. The constraint of transport
land should be incorporated into the model, meaning that the weighted average per capita
dynamic land area for all transport modes must not exceed the per capita road occupancy
area. This is calculated by Equation (8), where si is the per capita dynamic land area of the
i–th transport mode; S is the per capita road occupancy area.

Constraint 5: Normalization and Non-Negativity

Model variables have the mathematical characteristics of normality and non-negativity.
According to these mathematical characteristics, the fundamental constraint regarding the
proportion of transport modes should be satisfied, as shown in Equation (9).

Constraint 6: Range

The optimization of a multi-year transport structure should also take into account the
range constraint. In general, the results between two consecutive years should vary within
a certain range without drastic changes. The range constraint is shown in Equation (10),
where xi(τ) is the proportion of the i–th transport mode in year τ and θ is the upper limit
of the range.

3.3. Solution Method

In multi-objective optimization models, the objectives often have conflicts, making
it difficult to achieve simultaneous optimization. Consequently, objectives should be
coordinated and balanced to seek Pareto optimal solutions within the feasible region. In
recent years, multi-objective intelligent optimization algorithms have continuously evolved,
demonstrating superior performance and efficiency to traditional solution methods.

Based on the principles of Pareto optimality and the genetic algorithm, NSGA–II
can be employed to solve the transport structure optimization model. In this paper, we
propose the improved NSGA–II by integrating a local search mechanism to balance global
exploration and the local search. The general steps of the improved NSGA–II are described
as follows:

Step 1—Initialize algorithm parameters and generate the initial population.
Step 2—Execute the non-dominated sorting and crowding calculation.
Step 3—Generate base offspring through genetic operators (selection, crossover,

and mutation.
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Step 4—Merge the parental and offspring populations to perform non-dominated
sorting and calculate crowding among individuals.

Step 5—Select the new population using the elitism strategy.
Step 6—Activate the local search module at specified generational intervals.
Step 7—Perform an elitist local search based on Gaussian perturbation, and conduct

neighborhood refinement through multiple iterations to generate optimized offspring.
Step 8—Repeat the evolutionary process until termination conditions are met.
Finally, a set of Pareto optimal solutions is obtained. The improved NSGA–II can be

implemented using programming code. The algorithm flowchart is shown in Figure 2.

 

Figure 2. The flowchart of the improved NSGA–II.

As shown in Figure 2, the core mechanism involves regularly conducting neighbor-
hood searches on elite individuals during the global search process, thereby enhancing the
quality of the solutions. The Gaussian perturbation is described as follows. For the current
solution x = [x1, x2, x3, x4]

T , generate a neighborhood solution x′: x′ = x + ε, where ε is a
perturbation term that follows a multivariate dynamic distribution: ε ∼ N(0, σ2I), where
σ is the parameter of step size and I is the identity matrix. For xi, the calculation formula
is x′i = max(ai, min(bi, xi + εi)), εi ∼ N(0, σ2), where [αi, βi] is its domain (here, αi = 0,
βi = 1).

It is necessary to explain the situation where solution x′ dominates solution x. For
minimization problems (with M objective functions), solution x′ dominates solution x
(denoted as x′ ≺ x) if and only when

1. ∀i ∈ {1, 2, · · · , M} : fi(x′) ≤ fi(x).

All objective functions of x′ are not inferior to the objective functions of x.

2. ∃i ∈ {1, 2, · · · , M} : fi(x′) < fi(x).

At least one objective function of x′ is superior to the objective function of x.
The pseudo-code for the improved NSGA–II is shown in Algorithm 1.
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Algorithm 1. The improved NSGA–II

1: Initialize algorithm parameters and generate initial population SetP0 (population size N)
2: Evaluate objectives and constraint violations for SetP0

3: Perform non-dominated sorting and crowding distance calculation of SetP0

4: For Gen = 1 to Genmax do
5: SetQ ← GeneticOperators(SetPgen)
6: SetR ← SetPgen∪SetQ

7: Perform non-dominated sorting and crowding distance calculation of SetR

8: SetPgen+1 ← ElitistSelection(SetR)
9: If Gen = specified generation interval then
10: For elite individual in SetPgen+1 do
11: For k = 1 to kmax do
12: x’← x + Gaussian (0, σ)
13: If x’ dominates x then x← x’
14: End for
15: End for
16: End if
17: If termination condition met then break
18: End for
19: Return feasible individuals in SetPgen+1

4. Case Study
In this section, we will conduct a case study to validate the methods we proposed.

The case area in this paper is Beijing, the capital of China. We describe the data sources
firstly. Based on available data, we use the improved NSGA–II to solve the urban trans-
port optimization model. The results are analyzed from both single-year and multi-
year perspectives.

4.1. Data Resources

The case area of this paper is Beijing, the capital of China. The rapid development
of Beijing in recent years has brought an increase in travel demand, placing enormous
pressure on the urban transport system. To promote the sustainable development of urban
transport, this paper explores the optimization of the urban passenger transport structure
in Beijing.

The data used in this paper are mainly from the Beijing Transport Development Annual
Report, Beijing Statistical Yearbook, and China Urban Transportation Report. This paper
refers to the Beijing Urban Master Plan 2016–2035 and the Beijing Rail Transit Lines Plan
2016–2035. The period from 2024 to 2035 is treated as the planning years. The operating
mileage and the scale of urban land are determined through the same annual increase, and
the data on passenger volume is assumed to grow by 1% annually. Passenger turnover and
the urban equivalent radius can be estimated using the corresponding equations. To prevent
excessive variation between consecutive years, threshold θ is set to 30%. The importance of
the objective functions determines the weights. Based on the Pareto dominance relationship
in the improved NSGA–II, all objective functions are treated equally in this paper, weighted
as 0.25.

In the improved NSGA–II, the size of the initial parent population is set to 100, and
the maximum generation is set to 3000. To avoid excessive computational overhead, we
perform a local search on the top 15% elite individuals and conduct three neighborhood
searches for each solution, strengthening the high-quality solutions without causing pre-
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mature convergence. The standard deviation σ of the Gaussian perturbation is set to 0.02,
which covers 2% of the decision variable range, making it easy to make local adjustments
and satisfy the constraints. The improved NSGA–II terminates early if the population
remains stable for 30 consecutive generations, which can improve the efficiency of the
algorithm to some extent.

4.2. Case 1: Single Year

The year 2035 is the target year for China to basically realize socialist modernization,
so it is one of the important time points in China’s planning. We take 2035 as an example to
analyze the multi-objective optimization model of Beijing’s passenger transport structure
in this paper. The improved NSGA–II is applied to solve the multi-objective optimization
model of Beijing’s passenger transport structure. Figures 3–6 present the Pareto front for
the objective functions.

The figures illustrate the Pareto front derived from the four objective functions. The
visualization approach provides a clear and intuitive illustration of the distribution charac-
teristics of non-dominated solutions generated by the improved NSGA–II. It is important to
note that all solutions depicted in the figures satisfy the complete set of constraint conditions
defined in the multi-objective optimization framework. Each figure presents a projection
of the Pareto front onto a two-dimensional plane, where the x-axis and y-axis respectively
represent combinations of the decision variables x1, x2, x3, and x4. The colors represent
the objective functions’ values, which are smaller for deeper colors and larger for lighter
colors. Clearly, the decision variables have varying effects on the values of the objective
functions. Figure 3 corresponds to the objective function F1. The first subfigure shows the
combination of decision variables x1 and x2. It can be seen that x1 and x2 are positively
correlated with F1. The fifth subfigure shows the combination of decision variables x2

and x4. Under the same conditions, the larger the value of x2 is, the larger the value of F1;
conversely, the smaller the value of x4 is, the larger the value of F1. Figure 3 aligns with
reality. Similarly, Figures 4–6 also reflect reality.

 

Figure 3. The Pareto front for F1.
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Figure 4. The Pareto front for F2.

 

Figure 5. The Pareto front for F3.
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Figure 6. The Pareto front for F4.

Figure 7 shows one set of optimization results for Beijing’s passenger transport struc-
ture in 2035.

 

Figure 7. The urban passenger transport structure of Beijing in 2035.

As can be seen from Figure 3, x1 = 28.59%, x2 = 2.05%, x3 = 17.28%, x4 = 52.08%.
This indicates that Beijing’s urban passenger transport structure in 2035 will consist of
28.59% private vehicles, 2.05% taxis, 17.28% buses, and 52.08% urban rail transit. The
significant share of urban rail transit highlights its critical role in reducing transport CO2

emissions and costs while improving travel quality. The proportion of private cars has
been reduced from the previous level. Buses and taxis complement the overall structure
by providing flexible and accessible options for passengers. The values of the objective
functions are calculated as follows: F1 = 1148.82, F2 = 58, 211.17 F3 = 3.93, F4 = 1.95,
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corresponding to transport CO2 emissions, travel costs, travel quality, and the utilization
rate of public transport operation lines in 2035, respectively. The single-year case study not
only provides a snapshot of Beijing’s potential passenger transport structure in 2035 but
also establishes a foundation for comparing the scenarios of multiple years.

To provide a more intuitive comparison between the improved NSGA–II and the
standard NSGA–II, a comparison in terms of the cardinality of the Pareto front (CPF),
hypervolume (HV), average crowding distance (ACD), and processing time (PT in seconds)
is shown in Table 3.

Table 3. Comparison between the improved NSGA–II and the standard NSGA–II.

Metrics The Improved NSGA–II The Standard NSGA–II

CPF 100 100
HV 0.5432 0.5429

ACD 0.0827 0.0847
PT in seconds 111.2641 122.5556

As shown in Table 3, the indicators of the improved NSGA–II are superior to those of
the standard NSGA–II overall. CPF represents the number of non-dominated solutions in
the Pareto frontier. The two algorithms perform uniformly in this aspect. HV represents the
volume proportion of the Pareto frontier covering the target space. The improved NSGA–II
has a slightly higher HV value than the standard NSGA–II, indicating that the improved
NSGA–II performs better. ACD indicates the degree of uniformity of the distribution of
solutions in the Pareto frontier—they are nearly identical. PT in seconds refers to the
processing time. The improved NSGA–II is faster according to the results.

The advantages of the improved NSGA–II are as follows. It incorporates the local
search mechanism, making it show better performance when solving the multi-objective
model. Additionally, its processing time is reduced. Regarding its limitations, the perfor-
mance of the improved NSGA–II is influenced by its parameter settings, where adaptive
strategies have not yet been considered. It is one of the research directions we plan to
explore in the future.

4.3. Case 2: Multiple Years

Results analysis for a specific year is insufficient; it is necessary to analyze results over
multiple years. The results of the multi-objective optimization model of Beijing’s passenger
transport structure from 2024 to 2035 are displayed in Figure 8.

Figure 8. Beijing’s passenger transport structure from 2024 to 2035.
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The evolution trend of the passenger transport structure in Beijing is clear from 2024 to
2035. Urban rail transit corresponds to x4, maintaining its dominant position with relatively
small fluctuations in the proportion. It indicates that urban rail transit will become a core
component of the transport system, and passengers will become more dependent on urban
rail transit. x1 corresponds to private vehicles, showing some fluctuations but remaining
significant, indicating a significant role within the transport system. x2 corresponds to
taxis, which account for a relatively small proportion but still play a vital role in providing
flexible services for certain travel demands. x3 corresponds to buses, which have shown
a gradual trend of change over the years, adapting to the overall transformation of the
transport network. The interplay among components reveals the intricate mechanisms of
interaction within the urban transport system. The evolution of the proportion of the four
transport modes from 2024 to 2035 indicates a structural transformation in urban passenger
transport, reflecting the ongoing dynamic equilibrium of the system.

Transport CO2 emissions, travel costs, crowding degree, and utilization rate from 2024
to 2035 are shown in Figure 9.

  
(a) (b) 

  
(c) (d) 

Figure 9. Evolution of the objective functions. (a) Transport CO2 emissions; (b) travel costs; (c) crowd-
ing degree; (d) utilization rate.

A comprehensive analysis based on four sets of time series data indicates that the
transport system exhibits significant tradeoffs among multiple objectives, including envi-
ronmental benefits, economic benefits, and service quality. This means that an improvement
in one aspect often leads to damage in other aspects. Transport CO2 emissions show a
fluctuating downward trend, which indicates the effectiveness of the emission reduction
measures. Travel costs fluctuate more significantly, demonstrating a certain degree of
economic controllability. The fluctuating increase in crowding degree indicates that there
is a certain degree of reduction in the system’s comfort. The utilization rate of resources
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shows a significant and continuous downward trend, and the operational efficiency of the
system is gradually declining.

5. Conclusions
A scientific and rational transport structure is indispensable for achieving sustainable

urban development. To address the pressing challenges of escalating travel demand
and environmental pressures, it is imperative to develop low-carbon transport modes,
particularly the establishment of an urban rail transit-backed backbone system.

From a systemic perspective, we construct a multi-objective optimization model aimed
at minimizing transport CO2 emissions and travel costs while maximizing travel quality
and the utilization rate of public transport operation lines. In this model, we consider the
constraints from travel demand, accessibility, energy consumption, transport land, normal-
ization and non-negativity, and range. The model is solved using the improved NSGA–II.
We improve NSGA–II by incorporating a local search mechanism, thereby balancing global
exploration with local digging.

A case study of Beijing, China, is conducted to validate the proposed methods. The
results are analyzed from both single-year and multi-year perspectives. We plot the Pareto
front figures and analyze the results in a single year. The evolution trends in transport
structure are presented based on results from multiple years. The findings affirm that
optimizing the passenger transport structure can reduce transport CO2 emissions. The
improved NSGA–II performs better than the standard NSGA–II. The methods presented in
this paper are transferable to other cities and offer some guidance for policymakers and
researchers engaged in optimizing the urban transport structure.

Author Contributions: K.L. (Corresponding Author): Conceptualization, Methodology, Resources,
Supervision, Project Administration, Funding Acquisition, Writing—Review and Editing. H.S.: Con-
ceptualization, Methodology, Software, Validation, Investigation, Data Curation, Writing—Original
Draft, Visualization, Writing—Review and Editing. Y.X.: Formal Analysis, Validation, Investigation,
Data Curation, Writing—Review and Editing. Y.L.: Formal Analysis, Validation, Investigation, Data
Curation, Writing—Review and Editing. All authors have read and agreed to the published version
of the manuscript.

Funding: This research was supported by Beijing Natural Science Foundation (Grant No. L231009)
and National Natural Science Foundation of China (Grant No. 72288101).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. James, N.; Menzies, M. Global and Regional Changes in Carbon Dioxide Emissions: 1970–2019. Phys. A Stat. Mech. Appl. 2022,

608, 128302. [CrossRef]
2. Sun, Y.-F.; Zhang, Y.-J.; Su, B. How Does Global Transport Sector Improve the Emissions Reduction Performance? A Demand-Side

Analysis. Appl. Energy 2022, 311, 118648. [CrossRef]
3. Yang, H.; Zhai, G.; Liu, X.; Yang, L.; Liu, Y.; Yuan, Q. Determinants of City-Level Private Car Ownership: Effect of Vehicle

Regulation Policies and the Relative Price. Transp. Policy 2022, 115, 40–48. [CrossRef]
4. Sun, H.; Li, K.; Ma, Z.; Xu, Y.; Liang, Y. Passenger Travel Behavior in Urban Rail Transit Based on the Networked Model. Commun.

Theor. Phys. 2025, 77, 125001. [CrossRef]
5. Yang, Y.; Wang, C.; Liu, W.; Zhou, P. Microsimulation of Low Carbon Urban Transport Policies in Beijing. Energy Policy 2017, 107,

561–572. [CrossRef]

https://doi.org/10.3390/app16104769

https://doi.org/10.1016/j.physa.2022.128302
https://doi.org/10.1016/j.apenergy.2022.118648
https://doi.org/10.1016/j.tranpol.2021.10.025
https://doi.org/10.1088/1572-9494/addd8a
https://doi.org/10.1016/j.enpol.2017.05.021
https://doi.org/10.3390/app16104769


Appl. Sci. 2026, 16, 4769 17 of 18

6. Yang, Z.; Xiang, D.; Cheng, Y. VR Panoramic Technology in Urban Rail Transit Vehicle Engineering Simulation System. IEEE
Access 2020, 8, 140673–140681. [CrossRef]

7. Labib, S.W.; Labib, M.W. Cutaneous Sarcoid Reaction in a Case of Acute Lymphoblastic Leukemia. Indian J. Dermatopathol. Diagn.
Dermatol. 2018, 5, 57. [CrossRef] [PubMed]

8. Chen, R.; Zhang, Y. Freight Transport Structure Evaluation and Optimization Toward Sustainable Development: New Evidence
from the SBM-DEA Model with Undesirable Outputs. Environ. Dev. Sustain. 2023, 26, 14257–14280. [CrossRef]

9. Zhang, Z.; Zhao, H.; Yao, X.; Xing, Z.; Liu, X. Metro Timetable Optimization for Improving Regenerative Braking Energy
Utilization Efficiency. J. Clean. Prod. 2024, 450, 141970. [CrossRef]

10. Yang, W.; Yan, X.; Hu, D.; Jiang, X.; Song, J.; Lang, R.; Xu, K.; Lian, J. A Novel Emergency Evacuation Route Optimization Model
in Flood Disasters Using Hydrodynamic Model and Intelligent Algorithm. Saf. Sci. 2025, 182, 106709. [CrossRef]

11. Akbari, N.; Jones, D.; Arabikhan, F. Goal Programming Models with Interval Coefficients for the Sustainable Selection of Marine
Renewable Energy Projects in the UK. Eur. J. Oper. Res. 2021, 293, 748–760. [CrossRef]

12. Qiang, Y.; Tian, G.; Liu, Y.; Li, Z. Energy-Efficiency Models of Sustainable Urban Transportation Structure Optimization. IEEE
Access 2018, 6, 18192–18199. [CrossRef]

13. Dryuchin, D.A. Improvement of Urban Passenger Ground Transport Structure Based on Coordinated Development of Subsystems.
Vestn. SibADI 2024, 21, 74–87. [CrossRef]

14. Li, X.; Lv, T.; Zhan, J.; Wang, S.; Pan, F. Carbon Emission Measurement of Urban Green Passenger Transport: A Case Study of
Qingdao. Sustainability 2022, 14, 9588. [CrossRef]

15. Wang, Z.; Pei, Y.; Zhang, J.; Gao, Z. Dynamic Vulnerability Analysis of Multi-Modal Public Transport Network Using Generalized
Travel Costs from a Multi-Layer Perspective. Reliab. Eng. Syst. Saf. 2025, 264, 111375. [CrossRef]

16. Conway, M.W.; Stewart, A.F. Getting Charlie off the MTA: A Multiobjective Optimization Method to Account for Cost Constraints
in Public Transit Accessibility Metrics. Int. J. Geogr. Inf. Sci. 2019, 33, 1759–1787. [CrossRef]

17. Li, X.; Zhan, J.; Pan, F.; Lv, T.; Wang, S. A Multi-Objective Optimization Model of Urban Passenger Transportation Structure
under Low-Carbon Orientation Considering Participating Subjects. Environ. Sci. Pollut. Res. 2023, 30, 115839–115854. [CrossRef]
[PubMed]

18. Li, Y.; Lu, S. Study on the Optimization of Urban Passenger Traffic Structure Based on Multi-Objective Linear Programming—A
Case Study of Beijing. Environ. Sci. Pollut. Res. 2021, 28, 10192–10206. [CrossRef]

19. Lin, S.; Wang, J. Carbon Emission Reduction Effect of Transportation Structure Adjustment in China: An Approach on Multi-
Objective Optimization Model. Environ. Sci. Pollut. Res. 2022, 29, 6166–6183. [CrossRef]

20. Yang, L.; Wang, Y.; Lian, Y.; Guo, Z.; Liu, Y.; Wu, Z.; Zhang, T. Key Factors, Planning Strategy and Policy for Low-Carbon
Transport Development in Developing Cities of China. Int. J. Environ. Res. Public Health 2022, 19, 13746. [CrossRef] [PubMed]

21. Zhang, Y.; Zheng, S.; Sun, C.; Wang, R. Does Subway Proximity Discourage Automobility? Evidence from Beijing. Transp. Res.
Part D Transp. Environ. 2017, 52, 506–517. [CrossRef]

22. Basso, L.J.; Navarro, M.; Silva, H.E. Public Transport and Urban Structure. Econ. Transp. 2021, 28, 100232. [CrossRef]
23. Lin, S.; Li, C.; Huang, J.; Zhou, Z. How Can Urban Rail Transit Promote Green Total Factor Energy Efficiency? Evidence from

China. J. Clean. Prod. 2025, 522, 146387. [CrossRef]
24. Yang, L.; Wang, Y.; Lian, Y.; Dong, X.; Liu, J.; Liu, Y.; Wu, Z. Rational Planning Strategies of Urban Structure, Metro, and Car Use

for Reducing Transport Carbon Dioxide Emissions in Developing Cities. Environ. Dev. Sustain. 2023, 25, 6987–7010. [CrossRef]
25. Sharma, S.; Kumar, V. A Comprehensive Review on Multi-Objective Optimization Techniques: Past, Present and Future. Arch.

Comput. Methods Eng. 2022, 29, 5605–5633. [CrossRef]
26. Liang, J.; Ban, X.; Yu, K.; Qu, B.; Qiao, K.; Yue, C.; Chen, K.; Tan, K.C. A Survey on Evolutionary Constrained Multiobjective

Optimization. IEEE Trans. Evol. Comput. 2023, 27, 201–221. [CrossRef]
27. Zhang, L.; Long, R.; Li, W.; Wei, J. Potential for Reducing Carbon Emissions from Urban Traffic Based on the Carbon Emission

Satisfaction: Case Study in Shanghai. J. Transp. Geogr. 2020, 85, 102733. [CrossRef]
28. Zhang, W.; Song, Y.; Zhou, G.; Song, Z.; Xi, C. Multiobjective-Based Decision-Making for the Optimization of an Urban Passenger

Traffic System Structure. Sustainability 2023, 15, 13644. [CrossRef]
29. Wang, Z.-X.; Li, Q. Modelling the Nonlinear Relationship between CO2 Emissions and Economic Growth Using a PSO Algorithm-

Based Grey Verhulst Model. J. Clean. Prod. 2019, 207, 214–224. [CrossRef]
30. Sun, H.; Zhu, K.; Zhang, W.; Ke, Z.; Hu, H.; Wu, K.; Zhang, T. Emergency path planning based on improved ant colony algorithm.

J. Build. Eng. 2025, 100, 111725. [CrossRef]
31. Katoch, S.; Chauhan, S.S.; Kumar, V. A Review on Genetic Algorithm: Past, Present, and Future. Multimed. Tools Appl. 2021, 80,

8091–8126. [CrossRef]
32. Zhang, T.; Hu, T.; Guo, X.; Chen, Z.; Zheng, Y. Solving High Dimensional Bilevel Multiobjective Programming Problem Using a

Hybrid Particle Swarm Optimization Algorithm with Crossover Operator. Knowl. Based Syst. 2013, 53, 13–19. [CrossRef]

https://doi.org/10.3390/app16104769

https://doi.org/10.1109/ACCESS.2020.3009326
https://doi.org/10.4103/ijdpdd.ijdpdd_28_17
https://www.ncbi.nlm.nih.gov/pubmed/35534427
https://doi.org/10.1007/s10668-023-03192-2
https://doi.org/10.1016/j.jclepro.2024.141970
https://doi.org/10.1016/j.ssci.2024.106709
https://doi.org/10.1016/j.ejor.2020.12.038
https://doi.org/10.1109/ACCESS.2018.2818738
https://doi.org/10.26518/2071-7296-2024-21-1-74-87
https://doi.org/10.3390/su14159588
https://doi.org/10.1016/j.ress.2025.111375
https://doi.org/10.1080/13658816.2019.1605075
https://doi.org/10.1007/s11356-023-30423-w
https://www.ncbi.nlm.nih.gov/pubmed/37897580
https://doi.org/10.1007/s11356-020-11358-y
https://doi.org/10.1007/s11356-021-16108-2
https://doi.org/10.3390/ijerph192113746
https://www.ncbi.nlm.nih.gov/pubmed/36360636
https://doi.org/10.1016/j.trd.2016.11.009
https://doi.org/10.1016/j.ecotra.2021.100232
https://doi.org/10.1016/j.jclepro.2025.146387
https://doi.org/10.1007/s10668-022-02344-0
https://doi.org/10.1007/s11831-022-09778-9
https://doi.org/10.1109/TEVC.2022.3155533
https://doi.org/10.1016/j.jtrangeo.2020.102733
https://doi.org/10.3390/su151813644
https://doi.org/10.1016/j.jclepro.2018.10.010
https://doi.org/10.1016/j.jobe.2024.111725
https://doi.org/10.1007/s11042-020-10139-6
https://doi.org/10.1016/j.knosys.2013.07.015
https://doi.org/10.3390/app16104769


Appl. Sci. 2026, 16, 4769 18 of 18

33. Akopov, A.S. A Clustering-Based Hybrid Particle Swarm Optimization Algorithm for Solving a Multisectoral Agent-Based Model.
Stud. Inform. Control 2024, 33, 83–95. [CrossRef]

34. Song, Q.; Yu, L.; Li, S.; Hanajima, N.; Zhang, X.; Pu, R. Energy Dispatching Based on an Improved PSO-ACO Algorithm. Int. J.
Intell. Syst. 2023, 2023, 3160184. [CrossRef]

35. Akopov, A.S. MBHGA: A Matrix-Based Hybrid Genetic Algorithm for Solving an Agent-Based Model of Controlled Trade
Interactions. IEEE Access 2025, 13, 26843–26863. [CrossRef]

36. Akopov, A.S.; Beklaryan, L.A. Evolutionary Synthesis of High-Capacity Reconfigurable Multilayer Road Networks Using a
Multiagent Hybrid Clustering-Assisted Genetic Algorithm. IEEE Access 2025, 13, 53448–53474. [CrossRef]

37. Ma, H.; Zhang, Y.; Sun, S.; Liu, T.; Shan, Y. A Comprehensive Survey on NSGA-II for Multi-Objective Optimization and
Applications. Artif. Intell. Rev. 2023, 56, 15217–15270. [CrossRef]

38. Liu, S.; Tian, Q.; Tang, C. Mobile Robot Path Planning Algorithm Based on NSGA-II. Appl. Sci. 2024, 14, 4305. [CrossRef]
39. Hu, Z.; Liu, S.; Yang, F.; Geng, X.; Huo, X.; Liu, J. Research on Multi-Objective Optimization Model of Power Storage Materials

Based on NSGA-II Algorithm. Int. J. Comput. Intell. Syst. 2024, 17, 76. [CrossRef]
40. Sun, H.; Li, K.; Ma, G. The Influence of the Railway Industry on Transport CO2 Emissions under Low–Carbon Background. Int. J.

Mod. Phys. C 2025, 36, 2550037. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/app16104769

https://doi.org/10.24846/v33i2y202408
https://doi.org/10.1155/2023/3160184
https://doi.org/10.1109/ACCESS.2025.3539460
https://doi.org/10.1109/ACCESS.2025.3554054
https://doi.org/10.1007/s10462-023-10526-z
https://doi.org/10.3390/app14104305
https://doi.org/10.1007/s44196-024-00454-3
https://doi.org/10.1142/S0129183125500378
https://doi.org/10.3390/app16104769

	Introduction 
	Literature Review 
	Method 
	Model Assumptions 
	Transport Structure Optimization Model 
	Objective Functions 
	Constraints 

	Solution Method 

	Case Study 
	Data Resources 
	Case 1: Single Year 
	Case 2: Multiple Years 

	Conclusions 
	References

