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Abstract: To optimize the evacuation process of rail transit passenger flows, the influence of the
feeder bus network on bus demand is pivotal. This study first examines the transportation mode
preferences of rail transit station passengers and addresses the feeder bus network’s optimization
challenge within a three-dimensional framework, incorporating an elastic mechanism. Consequently,
a strategic planning model is developed. Subsequently, a multi-objective optimization model is
constructed to simultaneously increase passenger numbers and decrease both travel time costs and
bus operational expenses. Due to the NP-hard nature of this optimization problem, we introduce an
enhanced non-dominated sorting genetic algorithm, INSGA-II. This algorithm integrates innovative
encoding and decoding rules, adaptive parameter adjustment strategies, and a combination of
crowding distance and distribution entropy mechanisms alongside an external elite archive strategy
to enhance population convergence and local search capabilities. The efficacy of the proposed model
and algorithm is corroborated through simulations employing standard test functions and instances.
The results demonstrate that the INSGA-II algorithm closely approximates the true Pareto front,
attaining Pareto optimal solutions that are uniformly distributed. Additionally, an increase in the fleet
size correlates with greater passenger volumes and higher operational costs, yet it substantially lowers
the average travel cost per customer. An optimal fleet size of 11 vehicles is identified. Moreover,
expanding feeder bus routes enhances passenger counts by 18.03%, raises operational costs by 32.33%,
and cuts passenger travel time expenses by 21.23%. These findings necessitate revisions to the bus
timetable. Therefore, for a bus network with elastic demand, it is essential to holistically optimize the
actual passenger flow demand, fleet size, bus schedules, and departure frequencies.

Keywords: feeder bus; 3D path optimization; departure schedule; multi-objective optimization;
Non-dominated Sorting Genetic Algorithm II

MSC: 90B20

1. Introduction

Amidst swift economic growth and a surge in vehicle numbers, urban traffic pressures
mount, leading to escalating road congestion. Despite hastened efforts in transportation
infrastructure development, city congestion persists [1,2]. Urban rail transit, therefore, garners
significant attention from policymakers for its potential to ease urban traffic woes [3]. Yet, the
hefty construction costs and sparse station distribution hinder its ability to cater to the varied
commuting demands of the populace. The trend of residential shifts to city outskirts further
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intensifies the need for effective and accessible transport solutions. Suburban regions, in par-
ticular, grapple with challenges like extended walks to bus stops, prolonged wait times, and
sporadic bus services, diminishing the appeal of connecting bus systems. Additionally, many
urban feeder bus routes suffer from low ridership, lack of appeal, operational deficits, and re-
stricted reach [4]. To maximize rail transit benefits and foster cohesive public transport system
growth, a key strategy in urban transport planning is the seamless integration of rail and bus
networks, ensuring enduring, sustainable, and efficient bus operations within the urban road
framework [5]. Addressing the coordination between rail transit and buses is essential for
enhancing urban public transportation systems. The robust accessibility and adaptability of
connecting buses, when seamlessly integrated with rail transit, can effectively resolve the “last
mile” dilemma for commuters while preserving bus operational efficiency [6,7]. Thus, refining
the interplay between rail and bus services is critical. In cities with challenging topographies,
such as Chongqing, it is imperative to focus on the comprehensive optimization of the urban
public transport network. Establishing a cohesive system that effectively merges different
modes of transport—rail, buses, and taxis—is vital. This integration ensures efficient, secure,
and comfortable journeys for travelers, offering advantages to both the commuting public
and administrative bodies, and is becoming a pivotal area of research.

2. Literature Review

This section will explore the scholarly contributions to four critical facets of feeder bus
services: bus route optimization, optimization of feeder bus timetable coordination, coordi-
nation optimization of travel modes in a multi-modal environment, and three-dimensional
path optimization.

2.1. In Terms of Feeder Bus Route Optimization

To align feeder bus routes with prevailing conditions, Wei et al. [8] utilized temporal and
spatial data to construct a dual-layer planning model, employing an ant colony optimization
algorithm to reduce total bus travel time for passengers significantly. Cao et al. [9] considered
passenger demand and transfer characteristics to refine feeder bus route optimization, devis-
ing a genetic algorithm to minimize operational and passenger travel expenses and achieve
optimal outcomes. Cipriani et al. [10] developed an algorithm to tailor route plans and
frequencies to concentrated customer demands at a singular destination, while subsequent
research [11] adapted this approach to cater to diverse origins and destinations, reflecting the
unique demand patterns of feeder bus routes. Taplin et al. [12] leveraged genetic algorithms
to fine-tune feeder bus routes, ensuring extensive coverage and convenience of public trans-
port systems and concurrently reducing pedestrian distances. Study [13] enhanced boarding
locations and feeder bus routes to diminish passenger wait times and public transit oper-
ational costs, introducing a genetic algorithm-based metaheuristic solver. The framework
posited in reference [14] is particularly apt for regions experiencing heightened taxi demand
during morning rush hours, identifying apt feeder bus routes.

2.2. In the Optimization of Feeder Bus Timetable Coordination

Optimizing timetables is pivotal for enhancing public transport systems’ efficiency
and service quality. Huang et al. [15] developed a dual-layer network model encom-
passing subways, buses, and stations and crafted a user equilibrium model to refine the
system’s schedule. Recognizing the limitations of static timetables, Ai et al. [16] introduced
a dynamic optimization method for bus schedules using deep reinforcement learning,
employing a deep Q network to produce more cost-effective and higher-quality timetables.
Addressing the synchronization of bus timetables and schedules, Liu et al. [17] formulated
integer linear programming models, applying the ε-constraint method and solvers for
small-scale issues, and devised a strategy to streamline constraints for larger problems.
Dou et al. [18] designed a mathematical model to reduce passenger wait times, transfer,
and operational costs, solved via an artificial bee colony algorithm to mitigate the feeder
bus scheduling challenges. Zhang et al. [19] presented a bi-objective optimization model
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for feeder bus routes, considering environmental and cost factors, and resolved it with a
real-coded genetic algorithm. Given subway disruptions, Chen et al. [20] offered a heuris-
tic approach to thoroughly optimize feeder bus routes and schedules within a dynamic
network, substantiating their model with practical examples.

2.3. In the Field of Coordinated Optimization for Multiple Travel Modes

Addressing the optimization challenges of a multi-modal public transportation net-
work, Zhang et al. [21] engaged in the modeling, measuring, and managing cascading
failures, considering the interplay of various transport modes. Nguyen et al. [22] investi-
gated the effects of car-sharing services on route choices and network efficiency within a
multi-modal framework, introducing a novel link-based model substantiated by compre-
hensive simulation tests. The research confirms the significant role of shared services in
influencing route preferences and network operations. Study [23] introduced a determin-
istic bi-level programming approach to tackle the scheduling of public transit timetables
and vehicles within a multi-modal area, swiftly pinpointing the optimal solution via a
distribution estimation algorithm. Namoun et al. [24] validated the effectiveness of a multi-
modal transport information system in offering eco-friendly routing options, utilizing an
intelligent, agent-based distributed structure. The study highlights the system’s scalability.
The green travel planner employs a heuristic method to present diverse travel options
while gathering data to refine the transportation network and its routes [25].

2.4. In the Research on Three-Dimensional Path Optimization

Three-dimensional path optimization is extensively utilized across various domains
to enhance operational efficiency and decision-making processes. The emphasis is predom-
inantly on unmanned aerial vehicles (UAVs) [26–28], where the main goal is to determine
the most efficient flight trajectories from departure to arrival points, adhering to mission
specifications and autonomous navigation limitations. This field of research also encom-
passes advancements in 3D-printing design [29,30] and extends to robotic applications in
agriculture [31], clinical neurosurgery [32], and visual servoing technologies [33]. A shared
aspect among these applications is the creation of three-dimensional models, consideration
of real-world limitations, refinement of optimization models, and researchers’ widespread
adoption of heuristic algorithms to address these complex problems.

In the research landscape, the design of feeder bus routes, bus operations, and various
travel modes have typically been examined in isolation to simplify the complexity of model
resolution. Integrated optimization of these elements remains underexplored within a
three-dimensional context linked to rail systems. Given the open vehicle routing problem’s
inherent NP-hard nature, heuristic algorithms are commonly employed for solutions. This
paper’s key contributions are:

1. A novel approach is proposed to optimize feeder bus routes, departure schedules
of rail transit and feeder buses, and bus frequencies within a three-dimensional
framework. Passenger flow allocation at rail stations is modeled using the Logit
discrete choice model, introducing a three-dimensional multi-objective optimization
model for feeder bus networks that incorporates timetable considerations.

2. Enhancements to the NSGA-II algorithm are presented, including new encoding
and decoding rules, adaptive adjustments for crossover and mutation operations,
integration of crowding distance and distribution entropy mechanisms, and the
adoption of an external elitist archive strategy.

3. The INSGA-II algorithm’s efficacy is affirmed through standard test functions, show-
casing its proficiency in approximating the true Pareto front, yielding a well-distributed
array of non-dominated solutions, and providing comprehensive analysis and insights
via case study simulations.

The structure of the remaining sections is outlined as follows: Section 3 presents an
analysis of the problem. Section 4 details the construction of a multi-objective optimization
model. Section 5 describes enhancements made to the NSGA-II algorithm. Section 6
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focuses on the validation of the INSGA-II algorithm using standard test functions. Finally,
Sections 7 and 8 provide simulation examples and a discussion of the results, respectively.

3. Feeder Bus Network Combination Optimization Model

Demand-responsive public transport services, tailored to meet specific needs or serve
areas of low population density, are distinguished by their adaptable operations and
service distribution, as depicted in Figure 1. These services eschew rigid schedules, instead
arranging transportation in response to passenger demand, adeptly addressing the unique
needs of sparse regions. Given the scarcity of urban rail transit stations, passengers
frequently rely on demand-responsive transit, personal vehicles, and walking to complete
their journeys. Nevertheless, passengers’ expectations of minimal travel time and transfers
intensify the strain on transit resources, creating a dichotomy between the goals of transit
providers and commuters’ goals. Therefore, customer-centric optimization is imperative
to reconcile these divergent objectives. This study aims to devise optimal bus network
strategies that complement existing rail transit hubs, accommodating demand-responsive
travel from these nodes to various destinations while considering many constraints and
offering a model, showcased in Figure 2, to guide decision-makers.
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4. Optimization Modeling
4.1. Model Assumptions

1. The total demand during the peak hour of transportation remains constant, with
passengers distributed among shuttle buses, private vehicles, and pedestrians. Im-
plementing a predictive model for passenger flow, informed by historical data, can
enhance the daily scheduling of bus services.

2. Feeder buses are homogeneous in type and capacity, operate at fixed speeds, and do
not adjust for time-varying conditions.

3. Each feeder bus route is exclusively linked to a single rail transit station.
4. Feeder buses must halt at every designated stop along their assigned route.
5. Upon the feeder bus’s arrival, passengers at the respective stop board immediately

without the option to delay for subsequent buses.
6. The optimization of feeder bus networks takes into account the mountainous terrain of

the urban areas. Rail and bus stations are plotted using three-dimensional coordinates
to navigate the complex topography.

4.2. Notation

Table 1 summarizes the symbols used.

Table 1. Notation.

Notation Description

Sets

S Meeting at the point of demand for feeder buses, s ∈ S

N Rail vehicle arrival gathering, n ∈ N

M Feeder bus candidate route collection, m ∈ M

Em Meetings of buses departing on feeder bus route m, m ∈ M

Parameters

ωs,n
Demand after disembarkation from rail station n to demand point s,

s ∈ S, n ∈ N

ωbus
s,n

Demand for a feeder bus to reach station s after disembarking from
rail station n, s ∈ S, n ∈ N

ωcar
s,n

Demand for a car to reach station s after alighting from rail station n,
s ∈ S, n ∈ N

ωwalk
s,n

Demand for walking to reach station s after alighting from rail station
n, s ∈ S, n ∈ N

dm
s,n

Distance from rail station n to bus stop s on feeder route m, s ∈ S,
n ∈ N, m ∈ M

tsub
n Time of arrival of rail transport n, n ∈ N

vbus Average speed of feeder buses

vcar Average speed of a car

vwalk Average speed of passengers on foot

cbus Operational costs per unit mile for public transport connections

ε Approved number of passengers for feeder buses

χbus
max

Maximum number of vehicles available for public
transport connections
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Table 1. Cont.

Notation Description

Parameters

Γm Available fleet size for feeder bus route m, m ∈ M

Tbus
m Bus service hours on feeder route m, m ∈ M

µbus
m,s Distance of neighboring station s on feeder route m, s ∈ S, m ∈ M

ηm,s
min

The numerical value of the smallest bus station, s, along route m,
s ∈ S, m ∈ M

ηm,s
max

The numerical value of the largest bus station, s, along route m, s ∈ S,
m ∈ M

γbus
max The maximum departure interval for feeder buses

γbus
min The minimum departure interval for feeder buses

λ Average full occupancy rate of feeder buses

λbus
max The maximum seating capacity of a feeder bus

λbus
min The minimum seating capacity of a feeder bus

lm,max Maximum permissible length of feeder route m, m ∈ M

lm,min Minimum permissible length of feeder route m, m ∈ M

Tbus
m,max

Maximum service time of a single bus trip on route m for feeder
buses, m ∈ M

Tbus
m,min

Minimum service time of a single bus trip on route m for feeder
buses, m ∈ M

τbus
s,n

Utility of passengers disembarking from rail station n and choosing
to arrive at demand point s by feeder buses, s ∈ S, n ∈ N

τcar
s,n

Utility of passengers disembarking from rail station n and choosing
the car to reach demand point s, s ∈ S, n ∈ N

τwalk
s,n

Utility of passengers disembarking from rail station n and choosing
the walking to reach demand point s, s ∈ S,n ∈ N

Pbus
s,n

Proportion of people traveling from rail station n who chose to travel
by feeder bus to reach demand point s, s ∈ S, n ∈ N

θ1,θ2
Utility coefficients, revealed preference survey and stated preference

survey within the service area of a rail station

ς Passenger travel time conversion cost factor

ψbus
m Fare costs for passengers choosing to feeder buses on route m, m ∈ M

qm,max The maximum passenger flow on feeder bus route m, m ∈ M

dcar
s

Shortest distance from point s to point A of demand for the passenger
transfer option feeder bus, s ∈ S

φ Fuel conversion factor per unit distance traveled by bus

dwalk
s

Shortest distance on foot for a passenger to reach demand point s,
s ∈ S

ξ1 Depreciation cost factor for public transport connections

ξ2 Energy cost factor for public transport connections

ξ3 Repair and maintenance cost factor for feeder buses
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Table 1. Cont.

Notation Description

Decision variables

xm
The 0–1 integer decision variable is defined as 1 when candidate route

m is included in the candidate network; otherwise, it is 0, m ∈ M

ym,s
The 0–1 integer decision variable is defined as 1 when there is a
station s on feeder bus route m; otherwise, it is 0, s ∈ S, m ∈ M

zm,s
i,n

The 0–1 integer decision variable is defined as 1 when a passenger
alights at rail transit station n and chooses candidate route m’s i-th

vehicle to arrive at bus station s, otherwise it is 0,
i ∈ Em, n ∈ N, m ∈ M, s ∈ S

lbus
m

The continuous variable is the length of the feeder bus route
m, m ∈ M

f bus
m

The continuous variable is the departure frequency of the feeder bus
route m, m ∈ M

tbus
m,i

A continuous variable is the ready-to-depart time for the i-th bus of
feeder bus route m, m ∈ M, i ∈ Em

4.3. Public Transport Demand for Feeder Buses

When the rail transit arrives at station n, the total demand for passengers to various
destination points is ωs,n. The Logit discrete choice model is used for passenger flow
distribution. The proportion of demand for bus demand point s is Pbus

s,n .

Pbus
s,n =

exp
(

τbus
s,n

)
exp

(
τbus

s,n
)
+ exp

(
τcar

s,n
)
+ exp

(
τwalk

s,n
) (1)

τbus
s,n represents the passenger transfer time, waiting time, travel time, and bus fare for

boarding the bus.

τbus
s,n = −θ1ς

[
zm,s

i,n xm

(
tbus
m,i − tsub

n

)
+

ym,sxmµbus
m,s

vbus

]
− θ2xmym,sψbus

m (2)

Measure τcar
s,n is defined by the time and cost of the passenger traveling by car.

τcar
s,n = −θ1ς

dcar
s

vcar − θ2 φdcar
s (3)

Measure τwalk
s,n takes into consideration the walking time.

τwalk
s,n = −θ1ς

dwalk
s

vwalk (4)

The flow of passengers choosing to take the feeder bus to their destination point s,
based on their travel needs, after the arrival of train n at a certain station on the metro line
is as follows.

ωbus
s,n = ωs,nPbus

s,n (5)

4.4. Objective Function
4.4.1. Maximizing Passenger Capacity

The city’s spatial configuration constrains the feeder bus network from optimizing its
capacity and addressing the entirety of passenger travel requirements within the vicinity. Its
services are primarily conducive to short-distance commutes, reducing transfer frequency
and catering to passengers’ direct travel needs. The public transit operating company is
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committed to enhancing the network’s capacity utilization and attaining the maximum
passenger throughput, thereby striving to comprehensively fulfill and respond to customer
demands, i.e.,

MaxF1 = ∑
m∈M

∑
s∈S

∑
n∈N

ωbus
s,n ym,sxm (6)

4.4.2. Minimizing Average Passenger Time Costs

In meeting travel demand, interchange passengers want to minimize travel time costs
such as waiting time, travel time, and interchange time, i.e.,

MinF2 =

∑
m∈M

∑
s∈S

∑
i∈Em

∑
n∈N

ωbus
s,n xmym,szm,s

i,n

(
tbus
m,i − tsub

n

)
+ ∑

m∈M
∑

s∈S
∑

n∈N

ωbus
s,n ym,sxmµbus

m,s
vbus

∑
m∈M

∑
s∈S

∑
n∈N

ωbus
s,n ym,sxm

(7)

4.4.3. Minimizing the Operating Costs of Feeder Buses

The operational expenditure for bus services is categorized into direct and indirect
costs. Typically, the indirect cost constitutes approximately 12% of the direct cost. The direct
cost encompasses the expenses associated with vehicle operation [34], such as depreciation,
energy, and maintenance costs. These direct costs are proportionally related to the bus’s
operating time or distance covered. The model presupposes that the direct cost is the
product of the total kilometers traveled by bus and the per-kilometer operating cost, namely,

MinF3 = 1.12 ∑
m∈M

2cbus(ξ1 + ξ2 + ξ3)xm f bus
m lm (8)

4.4.4. Multi-Objective Optimization Model

Min(−F1, F2, F3) (9)

s.t.
xm − zm,s

i,n ≥ 0, ∀m ∈ M, s ∈ S (10)

ym,s − zm,s
i,n ≥ 0, ∀m ∈ M, s ∈ S, i ∈ Em, n ∈ N (11)

∑
i∈Em ,n∈N

zm,s
i,n ≥ 1, ∀m ∈ M, s ∈ S (12)

γmin ≤
(

tbus
m,i+1 − tbus

m.i

)
xm ≤ γmax (13)

∑
m∈M

Γbus
m xbus

m ≤ χbus
max (14)

λmin ≤ qm,maxxm

ε f bus
m

≤ λmax (15)

lmin ≤ lm ≤ lmax (16)

ηm,s
min ≤ xmym,s ≤ ηm,s

max (17)

Tbus
m,min ≤ f bus

m ελ

qm,max
≤ Tbus

m,max, ∀m ∈ M (18)

∑
m∈M

∑
s∈S

∑
n∈N

κxmym,szm,s
i,n ≥ tbus

m,i , ∀i ∈ Em (19)

xm ∈ {0, 1}, ∀m ∈ M (20)

ym,s ∈ {0, 1}, ∀m ∈ M, s ∈ S (21)

zm,s
i,n ∈ {0, 1}, ∀i ∈ Em, m ∈ N, n ∈ N, s ∈ S (22)
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Constraint (10) indicates that when the feeder bus route m is included in the feeder
bus network, passengers are able to choose the route m; Constraint (11) signifies that when
feeder bus route m passes through a station, passengers can select route m to reach station s;
Constraint (12) is the integrity constraint for feeder bus routes, indicating that each feeder
bus route should include at least one rail transit station and bus station; Constraint (13)
represents the requirement for the departure interval of feeder bus route m to meet actual
conditions; Constraint (14) expresses the total number of buses required on the feeder
bus route; Constraint (15) denotes the constraint on the capacity utilization rate of feeder
buses; Constraint (16) specifies that the length of feeder bus routes should meet actual
route limitations; Constraint (17) states the number of serviced bus stations required on
feeder bus routes; Constraint (18) demonstrates that the service time for each bus trip on
feeder bus route m should fall within a certain service level range; Constraint (19) indicates
that the departure time for route m at station s should occur after route m passes through
station s, where κ is a large positive number; Constraints (20)–(22) refer to 0–1 integer
decision variables.

5. Design of Solving Algorithm
5.1. Algorithm Selection

Since Deb et al. [35] introduced the NSGA-II algorithm, it has become a preferred
method for addressing combinatorial optimization challenges, including engineering de-
sign, resource allocation, and path planning. Wang et al. [36] utilized this algorithm to
develop an energy consumption model for the Flying Power Transmission Line Inspection
Robot (FPTLIR), targeting its high energy use and lengthy mission durations. Additionally,
under dynamic and time-varying conditions, Zou et al. [37] crafted a multi-objective opti-
mization model using NSGA-II to refine hazardous chemical transport routes, balancing
risk, cost, and carbon emissions. Furthermore, to achieve the rational placement of strain
sensors in a structural-health-monitoring system, Del Priore et al. [38] innovated a sensor
placement strategy for structural-health-monitoring systems with NSGA-II. Finally, to
maximize urban GDP and minimize total water resources, Qu et al. [39] has applied the
NSGA-II algorithm to solve a non-linear multi-objective model, addressing the inherent
information loss problems of the traditional water quota method. Recognized for aiding
decision-makers in navigating conflicting goals, the INSGA-II algorithm emerges as a
solution tailored to the NP-hard nature of these optimization problems.

5.2. Chromosome Encoding Design

In this study, natural number encoding is used with the following encoding rules:
assuming the total number of bus stations is S, the number of rail transit stations is N, and
the maximum number of buses in service is Γ, the length of the entire chromosome encoding
is S + N × Γ. Generate a matrix H for N × Γ, integrate the integers from bus station 1 to
S with matrix H into a row vector, randomly generate a chromosome sequence of length
S + N × Γ to represent a solution to the problem. At this point, the entire chromosome
encoding sequence corresponds to the actual problem.

The decoding rules are as follows: firstly, based on the encoding rules, randomly
arrange S + N × Γ alleles and locate the positions of the gene sequence within the integer
range of S ∼ S + N. Secondly, using the current encoding, divide the set of alleles into
S ∼ S + N segments, then determine the sequence of bus stations served by all segments.

Figure 3 illustrates the encoding and decoding process. Assuming there are 2 rail
stations, each with 2 buses serving 10 bus demand points, H = [11, 11, 12, 12] is the number
of buses. Next, integrate the integers 1 to 10 with matrix H into a vector, and finally
generate a chromosome sequence randomly. In Figure 2, 1 to 10 represent bus stations, and
rail station genes are 11 and 12. The demand point sequence between two adjacent rail
stations genes forms a trip, and identical delimiters are used to specify the trip task set of
bus transportation for the corresponding rail station. Vehicle numbers do not need to be
distinguished from H values, they can be arbitrarily specified.
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5.3. Selection Operation

In this study, the binary tournament strategy was utilized for selection processes. Ini-
tially, a predetermined number of individuals were randomly selected from the population.
Subsequently, pairwise comparisons were made to identify the superior individual, which
was then incorporated into the offspring population. This procedure was iterated until the
population size reached the desired number [40].

5.4. Improved Crossover and Mutation Operations

This study utilized the method described in reference [41] to dynamically adjust the
crossover rate Pc′ and mutation rate Pm′ based on the evolution of the population and the
dominance of individuals. The specific expressions are as follows:

Pc′ =

{
0.1 × exp

(
(1−Ω′

rand)×gen
(E−1)×Gmax

)
+ pc Ω′

rand < Ωrand

1 Ω′
rand ≥ Ωrand

(23)

Pb′ =

{
0.1 × exp

(
−(Ωrand−1)×gen
(E−1)×Gmax

)
Ωrand < Ω

pb Ωrand ≥ Ωrand
(24)

Pc, Pm, gen, and Gmax respectively represent the crossover rate, mutation rate, current
generation, and maximum generation, E represents the highest non-dominated level in
the current population, Ω′

rand, Ωrand, and Ωrand respectively represent the minimum non-
dominated rank among the individuals to be crossed, the non-dominated rank of the
mutated individual, and the average non-dominated rank of all individuals in the current
population. When the non-dominance level of individuals is high, a high crossover and
mutation rate is applied to accelerate evolution; conversely, reducing the crossover and
mutation rate promotes evolution. When the population’s non-dominance level (E) is large,
increasing the crossover and mutation rates hastens convergence; when all individuals in
the population are non-dominated, the maximum crossover and mutation rates are used to
enhance diversity.
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Due to the encoding involving three parts: bus routes, departure times, and departure
frequencies, a mixed crossover and mutation operation is performed separately for bus
routes and departure frequencies [42,43]. The crossover and mutation operations in the
encoding of routes and departure times are based on the selective completion of a random
number generation combined with crossover and mutation probabilities. For the VRP,
where the individual represents a Hamiltonian circuit indicating the sequence of customer
visits, each gene within the individual represents two adjacent customers in the sequence,
from which the objective function is derived. In traditional neighborhood perturbation
operators, two gene positions k1 and k2 are randomly selected, and their positions are
exchanged, resulting in changes in four distances: the distances to the left and right of
position k1, and the distances to the left and right of position k2. In contrast, the perturbation
in this paper only alters two distances: the distance to the left of position k1 and the distance
to the right of position k2. The advantage of this strategy is that it can minimize the degree
of disturbance in each perturbation, thereby aiding in local population search. The specific
crossover steps are illustrated in Figure 4:

1. Randomly select a gene point J1 from the parental chromosome f1, such as J1= 20,
and generate a random decimal number r in the range of [0, 1].

2. If r < pc is true, then randomly select a second gene point J2 from the parental
chromosome f1, such as J2 = 33. Reverse the segment of the chromosome sequence
between gene point J1 and gene point J2, producing a new offspring chromosome f ′.
This operation is based on the principle of the 2-Opt algorithm.

3. If r > pc is false, then select another chromosome f2 randomly from the population.
Identify the position of the previous gene point J3 = 20 in the chromosome f2, such as
gene point J4 = 5. Reverse the genes between gene points J4 = 5 and J3 = 20 in the
chromosome f1, excluding the gene point J3 = 20.
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The traditional genetic algorithm selectively mutates the population, while in this
paper, mutations are targeted at each gene within each chromosome. Each time, a random
number is generated, and each gene position has a mutation probability to be swapped with
any other gene position. This process completes the chromosome mutation, accelerating
the generation of the optimal solution in the population. The specific steps are shown in
Figure 5.

1. In the parental chromosome f1, initially target the first gene J1, J1= 1. Generate a
random decimal r1 in the range [0, 1], if r1 < pm; then generate a random number R1
within the range 1 ∼ S which maps to the corresponding gene position in f1, such as
R1= 6, corresponding to gene J6 in f1.

2. Embed the reversed sequence of alleles between genes J1 ∼ J6 into f1 (including J1,
J6). The chromosome at this point is f ′1.
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3. If r1 > pm, do not generate a random number, and do not process gene J1.
4. Repeat Steps (1)–(3) until all alleles of the entire chromosome have been traversed to

complete the mutation operation.
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The advantage of this crossover and mutation operation is that it maximizes the
utilization of information obtained from the population to guide individuals towards the
optimal direction of evolution, making the genetic operators more efficient and able to
avoid local convergence. This is the biggest difference from traditional genetic algorithms.
Frequency encoding uses partial mapping crossover operation [44] and the multi-points
mutation operation [45] to increase the diversity of the population, ensuring that each
bus route considers the appropriate departure frequency to reduce operating costs while
meeting customer needs.

5.5. Individual Repair Operation

The above encoding and decoding process encounters an issue: it is necessary to
ensure that the starting point of each bus must be a rail station, hence the first gene of an
individual must be a rail station gene. However, in evolutionary algorithms, whether it is
individual initialization or the genetic sequence disorder caused by individual evolution,
it is possible that the condition of the rail station gene being the first gene is not met.
Therefore, before decoding the population individuals, an item repair operation needs to
be performed. The specific solution is: if the first gene of an individual is a bus station gene
rather than a rail station gene, then traverse from left to right to find the first rail station
gene and swap the first gene with that rail station gene. As shown in Figure 6, if S= 30,
N = 3, and Γ= 2 the individual violates the constraint where the first gene is bus station 6,
and the first rail station gene from left to right is 31, hence they are swapped to obtain the
repaired individual, and a new population is obtained after repairing all individuals.
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5.6. Fast Non-Dominated Sorting

Assuming there are k objective functions denoted as fi(x), where i is any integer from
1 to k, and j is also any integer from 1 to k, but i ̸= j.

∀i ∈ {1, · · · , k}, fi(x1) ≤ fi(x2) (25)

∃i ∈ {1, · · · , k}, fi(x1) < fi(x2) (26)

If Condition (25) is satisfied, individual x1 is said to dominate x2; if Conditions (25)
and (26) are satisfied, individual x1 is said to weakly dominate x2. Individuals x1 and x2
are said to mutually non-dominate. The non-dominant level is also known as the Pareto
level, where individuals with Pareto level 1 are called non-dominant solutions, also known
as Pareto optimal solutions, and the curve formed by the solution set is called the Pareto
frontier. As shown in Figure 7, taking two objective functions f1 and f2 as an example,
suppose after fast non-dominated sorting, the individuals are divided into 4 Pareto levels.
The set of individuals forming Pareto level 1 constitutes the Pareto optimal solutions, and
the curve formed by these individuals is the Pareto frontier.
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5.7. Improved Crowding Distance Operator

In order to better represent the crowding level of individuals in the external archive,
the crowding distance is combined with a distribution entropy mechanism [46]. The
crowding distance of an individual is expressed as:

CODij =
m

∑
j=1

∣∣∣ f j
i+1 − f j

i−1

∣∣∣
f j
max − f j

min

(27)
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In the equation, m represents the total number of objective functions, f j
max and f j

min

represent the two extreme values of the j-th objective, and f j
i+1 and f j

i−1 represent the
neighboring objective function values for individual i under objective j. The calculation of
the distribution entropy Ej

i , as represented in Equations (29) and (30), is as follows:

Ej
i = −

[
p f j

i log2

(
p f j

i

)
+ pl j

i log2

(
pl j

i

)]
(28)

 dj
i = d f j

i + dl j
i = f j

i+1 − f j
i−1

p f j
i =

d f j
i

dj
i

, pl j
i =

dl j
i

dj
i

(29)

In the equation, d f j
i and dl j

i represent the distance between adjacent solutions of

individual i on objective j, with dj
i being the sum of the two, as shown in Figure 8. The

better the individual distribution, the greater the distribution entropy. Upon calculating the
distribution entropy, normalization is performed for each objective function. The objective
function values for each individual in the external archiving set are sorted, and infinite
crowding entropy values are assigned to individuals at the boundary of each objective
function. The crowding entropy for individual i on objective j is denoted as CODEj

i , as
calculated by Equation (31).

CODEj
i = CODj

i ∗ Ej
i = −

d f j
i log2

(
p f j

i

)
+ dl j

i log2

(
pl j

i

)
f j
max − f j

min

(30)
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5.8. External Archive Elite Strategy

To ensure that the solutions are non-dominated, the algorithm uses an external archive
set of size γ to store all the non-dominated solutions discovered during the entire evolution-
ary process [47]. The update rules are as follows: initialize the external archive set as empty.
As the population evolves, if a new individual dominates any individual in the external
archive set, the dominated individuals are removed. If the new individual is dominated by
any individual in the external archive set, it is not added to the external archive set. Only
when there is no clear advantage between the new individual and the individuals in the
external archive set, it is added to the external archive set as part of the optimal solution.
When the number of individuals in the external archive reaches the maximum capacity,
denoted as “γ”, the most crowded individual will be removed using crowding entropy
“CODEj

i ” to maintain the entire population size.

5.9. INSGA-II Algorithm Procedure

As shown in Figure 9, the INSGA-II algorithm procedure consists of the follow-
ing steps:
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Step 1: Initialize population, including popsize, Gmax, pc, pm, and γ.
Step 2: Check if the first generation of the population is generated. If yes, proceed to

Step 4.
Step 3: If not, perform non-dominated sorting and binary tournament selection on

the initialized population. Adaptively adjust the crossover and mutation probabilities
based on the genetic parameters themselves according to Equations (23) and (24). Conduct
mixed crossover and mutation operations on the encoding of routes, departure times, and
frequencies as described in Section 5.4 to generate the offspring population.

Step 4: Update the iteration count and merge the parent and offspring populations.
Step 5: Check if a new parent population is generated. If not, conduct Pareto domi-

nance comparison on the new population, store non-dominated solutions in the external
archive, and calculate the crowding entropy values for all individuals in the external archive
based on Equation (31), then rank them in descending order.

Step 6: If there are two or more individuals with the minimum crowding entropy,
randomly select one to be stored in the external archive. Otherwise, remove the individual
with the minimum crowding entropy from the external archive.

Step 7: Check if the capacity of the external archive exceeds the maximum capacity
(γ). If so, remove the surplus individuals; otherwise, return to Step 5.

Step 8: If a new parent population is generated, apply binary tournament selection and
adaptively adjust the crossover and mutation probabilities based on the genetic parameters
themselves according to Equations (23) and (24). Perform mixed crossover and mutation
operations on the encoding of routes, departure times, and frequencies.

Step 9: Check if the evolution count reaches the maximum number of iterations. If yes,
output the non-dominated solutions in the external archive. Otherwise, repeat steps 4 to 8.
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6. Test of Standard Cases

The performance of the algorithm is evaluated using various metrics such as the
generational distance (GD), spacing metric (SP) [48], and hypervolume indicator (HV) [49].
A smaller GD value indicates better convergence of the algorithm towards the Pareto
frontier, while a smaller SP value implies a more evenly distributed solution set. On the
other hand, a larger HV value signifies superior overall algorithm performance. The specific
calculations for these metrics are as follows:

GD(P, P∗) =

√
∑x∈P miny∈P∗d(x, y)2

|P| (31)

SP =

√√√√ 1
|P|−1

|P|

∑
i=1

(
di − d

)2
(32)

HV = ι
(
∪|T|

i=1ϑi

)
(33)

where P∗ is the true Pareto reference set, P is the algorithm’s Pareto solution set, d(x, y)
represents the distance of individuals in set P to individuals in set x in the reference set P∗,
di is the shortest distance of individual i to other individuals, d is the average value of all
di, ι represents the Lebesgue measure, used to measure volume, |T| represents the number
of non-dominated solutions, and ϑi represents the hypervolume formed by the reference
point and the i-th solution in the solution set.

6.1. Function Testing with Biased Constraints

NSGA-II [50], MOPSO [51], SPEA2 [52], MOEA/D [53], NSGA-III [54], and INSGA-
II, respectively, are used in the MATLAB 2022a environment to solve the Pareto front
solutions of 6 biased constrained test functions, including ZDT1, ZDT2, ZDT3 and DTLZ1,
DTLZ2, DTLZ3 [55], etc., to verify the feasibility of the algorithms. Each algorithm has
been configured with a population size of 100 and a maximum number of 500 iterations.
In the same simulation environment, four different test functions were independently run
50 times, with the average values of their GD, SP, and HV shown in Table 2. The Pareto
front of the 6 standard functions solved by INSGA-II is shown in Figure 10.

Table 2. Average of GD, SP, and HV.

Arithmetic Norm ZDT1 ZDT3 DTLZ1 DTLZ2

NSGA-II

GD 1.502 × 10−4 5.325 × 10−5 4.556 × 10−4 8.826 × 10−4

SP 8.094 × 10−3 7.341 × 10−3 2.371 × 10−2 5.803 × 10−2

HV 7.025 × 10−1 5.786 × 10−1 4.385 × 10−1 5.263 × 10−1

MOPSO

GD 1.706 × 10−4 8.193 × 10−5 9.856 × 10−4 7.706 × 10−3

SP 9.058 × 10−3 6.392 × 10−3 5.419 × 10−2 6.002 × 10−2

HV 6.982 × 10−1 5.104 × 10−1 4.163 × 10−1 4.967 × 10−1

SPEA2

GD 1.380 × 10−4 6.963 × 10−5 3.331 × 10−4 8.515 × 10−4

SP 6.99 × 10−3 7.52 × 10−3 2.03 × 10−2 6.62 × 10−2

HV 6.587 × 10−1 5.893 × 10−1 4.572 × 10−1 5.669 × 10−1

MOEA/D

GD 1.878 × 10−4 11.85 × 10−5 6.987 × 10−4 7.038 × 10−4

SP 8.492 × 10−3 20.28 × 10−3 3.151 × 10−3 6.137 × 10−2

HV 6.243 × 10−1 5.268 × 10−1 4.096 × 10−1 4.773 × 10−1
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Table 2. Cont.

Arithmetic Norm ZDT1 ZDT3 DTLZ1 DTLZ2

NSGA-III

GD 1.102 × 10−3 4.515 × 10−5 2.766 × 10−4 6.583 × 10−4

SP 5.937 × 10−3 5.833 × 10−3 1.675 × 10−2 4.965 × 10−2

HV 7.584 × 10−1 6.194 × 10−1 4.779 × 10−1 5.486 × 10−1

INSGA-II

GD 1.091 × 10−4 4.255 × 10−5 2.679 × 10−4 6.809 × 10−4

SP 5.7423 × 10−3 5.515 × 10−3 1.618 × 10−2 4.392 × 10−2

HV 7.951 × 10−1 6.328 × 10−1 4.816 × 10−1 5.638 × 10−1
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According to the GD data in Table 2, it can be observed that in INGA-II, the adaptive
crossover probability, a new crossover operator, and the introduction of crowding entropy
sorting enable the algorithm to adaptively adjust its convergence as the population evolves.
This effectively reduces the impact caused by the randomness of the algorithm’s seed,
resulting in smaller deviations compared to other algorithms. From the SP statistical data,
it is evident that INSGA-II utilizes an external elitist archive strategy based on crowding
entropy sorting to accurately calculate the distribution of non-dominated solutions, guiding
individual solutions towards the true Pareto front and yielding smaller SP values. At the
same time, the design of adaptive mutation probability and the new mutation operator
enhances the algorithm’s local search capability, effectively escaping local optima and
achieving larger HV values.

6.2. Function Testing with Full Constraints

In this section, NSGA-II [50], MOPSO [51], SPEA2 [52], MOEA/D [53], NSGA-III [54],
and INSGA-II are used to solve the test functions with full constraints on the independent
variables, respectively, the test functions are shown in Table 3, and all objective functions
are to be minimized. The Pareto fronts of INSGA-II are shown in Figures 11 and 12. The
average values of GD, SP, and HV are shown in Table 4 for 50 independent runs in the same
simulation environment.

Table 3. Test function details.

Problem Dimension Variable Bounds Objective Functions Constraints

SRN [35] 2 xi ∈ [−20, 20], i = 1, 2
f1 = (x1 − 1)2 + (x2 − 1)2 + 2

f1 = 9x1 − (x2 − 1)2
g1(x) = x2

1 + x2
2 ≤ 225

g2(x) = x1 − 3x2 ≤ −10

CUSTOM 3 xi ∈ [−1, 1], i = 1, 2, 3
f1 = x2

1 + x2
2

f2 = (x1 − 1)2 + x2
2

f3 = x2
1 + (x2 − 1)2

g1(x) = 2x1 + x2 ≤ 2
g2(x) = x1 + 2x2 ≥ 1
g3(x) = −x1 + x2 ≤ 1
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Table 4. Average of GD, SP, and HV.

Arithmetic Norm SRN CUSTOM

NSGA-II

GD 4.937 7.965 × 10−2

SP 7.861 × 10−2 1.965 × 101

HV 9.073 × 105 8.774 × 102

MOPSO

GD 5.598 1.813 × 10−1

SP 1.145 × 10−1 2.616 × 101

HV 7.98 × 105 7.302 × 102

SPEA2

GD 3.828 6.557 × 10−2

SP 8.724 × 10−2 1.601 × 101

HV 8.76 × 105 9.338 × 102

MOEA/D

GD 4.611 8.624 × 10−2

SP 9.776 × 10−2 3.461 × 101

HV 6.23 × 105 6.814 × 102

NSGA-III

GD 2.948 4.77 × 10−2

SP 5.918 × 10−2 1.248 × 101

HV 9.837 × 105 1.008 × 103

INSGA-II

GD 2.339 5.909 × 10−2

SP 5.173 × 10−2 7.029

HV 1.197 × 106 1.314 × 103

Through simulation of 6 algorithms on two constrained functions, the data in Table 4
show that INSGA-II has smaller GD and SP values compared to other algorithms, and
higher HV values. This proves the good performance of INSGA-II from the three indicators
and demonstrates its capability in solving multi-objective optimization problems. From
Figures 11 and 12, it can be observed that the distribution of the Pareto front obtained by
INSGA-II is good, with other Pareto solutions being close to the Pareto front, representing
good convergence.

In summary, testing across two distinct function categories has shown that the INSGA-
II algorithm is adept at closely approximating the true Pareto front, securing a set of evenly
distributed non-dominated solutions. It also demonstrates strong rapid convergence
properties. Consequently, the INSGA-II algorithm is well-suited for solving multi-objective
optimization problems.

7. Case Study
7.1. Description of the Scenario

The case study is dedicated to refining the feeder bus routes and scheduling from
urban rail transit hubs to adjacent potential bus demand points in a three-dimensional
space. The objective is to facilitate the most efficient journey for passengers post-departure
from rail transit. The focus is on the evening rush hour, specifically from 17:40 to 18:40.
Utilizing the established Sioux Falls public transit network, the spatial arrangement of
rail and feeder bus stations is illustrated in Figure 13. Here, stations 1–23 are identified as
prospective bus stops, with station 24 serving as the central urban rail transit hub. Figure 14
presents a demand matrix detailing the intervals at which passengers board feeder buses
in sync with the urban rail transit’s n-th arrival, set at a consistent 6 min frequency. On
candidate route m, the walking time for passengers from rail station n to the first feeder
bus station s is 5 min, and the departure time of the first feeder bus is 17:45.
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7.2. Parameter Definition

In INSGA-II, the popsize is 100, the pc and pm are 0.8 and 0.02, respectively. The Gmax
is 500, and the size of γ is 100. The vbus is 40 km/h, the vcar is 60 km/h, the vwalk is 5 km/h,
the ς is $0.1/min, the ψbus

m is $1, the cbus is $2/km, the θ1 and θ2 are 0.1 and 0.2, respectively,
the φ is $7.5/km, π1,π2, and π3 are $1.3/km, $0.8/km, and $1.5/km, respectively, γbus

min and
γbus

max are 6 min and 25 min, respectively, the χbus
max is 13, the λbus

min and λbus
max are 0.5 and 1,

respectively, the lm,min and lm,max are 3 km and 12 km, respectively, the ηm,s
min and ηm,s

max are 4
and 12, respectively, the Tbus

m,min and Tbus
m,max are 8 and 25, respectively, and the ε is 70.

7.3. Optimization Results and Analysis

The algorithm was implemented using MATLAB R2022a. Due to the synchronization
optimization of bus schedules and the transit network, it has been found through a litera-
ture review that the uncertainty in the number of feeder bus routes may result in longer
processing times and potential combinatorial explosion during the handling process. In
order to enhance the efficiency of the algorithm, it is beneficial to draw from the research
findings of Fan et al. [56]. Specifically, this involves predefining the number of feeder bus
routes and the available bus fleet size to simulate and obtain optimization results.

Assuming the number of feeder bus routes to be three, the optimization results are as
follows. The candidate bus routes for the shuttle service generated based on the K-shortest
path algorithm and the three-dimensional spatial relationship between the rail stations and
the feeder bus stops shown in Figure 11 are listed in Table 5 below.

Assuming the number of feeder bus routes to be three, the optimization results are
as follows.

1. The number of available vehicles is five. The Pareto front during the algorithm opti-
mization process is shown in Figure 15a, where the blue represents Pareto solutions
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and the red arrows represent the optimized results as shown in Table 6. The opti-
mized route combinations are shown in Figure 15b, the three colors represent three
different routes.

2. The available number of vehicles is seven. The Pareto front during the algorithm
optimization process is shown in Figure 16a, where the green represents Pareto
solutions and the pink arrows represent the optimized results as shown in Table 7.
The optimized route combinations are shown in Figure 16b, the three colors represent
three different routes.

3. The available number of vehicles is nine. The Pareto front during the algorithm
optimization process is shown in Figure 17a, where the red represents Pareto solutions
and the black arrows represent the optimized results as shown in Table 8. The
optimized route combinations are shown in Figure 17b, the three colors represent
three different routes.

4. The simulation optimization results when the number of available vehicles is 11 are
shown in Table 9.

5. The simulation results for 13 available vehicles are shown in Table 10 below.
6. Assuming there are four feeder bus routes, the number of available vehicles is nine.

The Pareto front during the algorithm optimization process is shown in Figure 18a,
where the black represents Pareto solutions and the red arrows represent the opti-
mized results as shown in Table 11. The optimized route combinations are shown in
Figure 18b, the four colors represent four different routes.

Table 5. Candidate bus feeder route collection.

Line
Number Candidate Routes Line

Length/km
Line

Number Candidate Routes Line
Length/km

A 24-18-7-6-2 4.88 G 24-21-15-14-12-11-10-9-5-4-3-1 10.51
B 24-19-17-16-8-7-18 3.82 H 24-15-14-11-12 4.34
C 24-19-17-16-18-7-8-6-2 5.84 I 24-15-10-9-6-2-5-4-3-1 10.11
D 24-19-17-16-8-10-9-5-4-3-1 8.41 J 24-20-23-22-13 3.5
E 24-21-20-23-13-22-14-11-12 6.81 K 24-20-21-22-23-13 3.82
F 24-21-15-10-9-5-4-3-1 7.34 I 24-20-23-13-22-14-11-12 5.84

Table 6. Optimization results for a number of available vehicles of 5.

Number of
Vehicles Available

Vehicle
Requirements

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F2 F3

5 5

E 4 0.92 17:45, 18:00, 18:15,
18:30

146 7.50 1313.02B 3 1.14 17:45, 18:05, 18:25

I 5 0.86 17:45, 17:57, 18:09,
18:21, 18:33

Table 7. Optimization results for a number of available vehicles of 7.

Number of
Vehicles Available

Vehicle
Requirements

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F2 F3

7 7

G 6 0.72 17:45, 17:55, 18:05,
18:15, 18:25, 18:35

164 6.23 1542.69J 4 1.06 17:45, 18:00, 18:15,
18:30

C 5 0.84 17:45, 17:57, 18:09,
18:21, 18:33
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Number of
Vehicles Available

Vehicle
Requirements

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F2 F3

9 9

F 5 0.66 17:45, 17:57, 18:09,
18:21, 18:33

183 5.41 1645.21C 7 0.82
17:45, 17:53, 18:01,
18:09, 18:17, 18:25,

18:33

I 6 0.75 17:45, 17:55, 18:05,
18:15, 18:25, 18:35
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Table 9. Optimization results for a number of available vehicles of 11.

Number of
Vehicles Available

Vehicle
Requirements

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F2 F3

11 11

F 6 0.72 17:45, 17:57, 18:03,
18:15, 18:27, 18:34

183 5.37 1638.08C 9 0.50
17:45, 17:51, 17:57,
18:03, 18:09, 18:15,
18:21, 18:27, 18:33,

I 8 0.63
17:45, 17:52, 17:59,
18:06, 18:13, 18:21,

18:28, 18:33

Table 10. Optimization results for a number of available vehicles of 13.

Number of
Vehicles Available

Vehicle
Requirements

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F2 F3

13 11

F 6 0.72 17:45, 17:57, 18:03,
18:15, 18:27, 18:34

183 5.37 1638.08C 9 0.50
17:45, 17:51, 17:57,
18:03, 18:09, 18:15,
18:21, 18:27, 18:33,

L 8 0.63
17:45, 17:52, 17:59,
18:06, 18:13, 18:21,

18:28, 18:33

Table 11. Optimization results for a number of available vehicles of 9.

Number of Vehicles
Available

Route Combination
Program

Departure
Frequency

Average Full
Load Factor Timetable

Objective Function Value

F1 F1 F3

9

K 6 0.72 17:45, 17:57, 18:03, 18:15,
18:27, 18:34

216 4.23 2167.67
E 7 0.65 17:45, 17:53, 18:01, 18:09,

18:17, 18:25, 18:33

H 8 0.62 17:45, 17:52, 17:59, 18:06,
18:13, 18:21, 18:28, 18:33

A 5 0.68 17:45, 17:57, 18:09, 18:21,
18:33
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7.4. Results Analysis

1. The results given in Table 6 show that when the number of feeder buses is five, the
average load factor of route B is greater than 1. The results given in Table 7 also show
that when the number of feeder buses is seven, the average load factor of route H is
also greater than 1. This indicates that under the limited number of feeder buses, the
feeder bus route combinations struggle to meet the current system’s passenger flow
service requirements, leading to insufficient supply in the bus network and difficulty
in meeting the actual passenger flow distribution requirements, thereby reducing the
experience and satisfaction of customers’ bus travel.

2. The results from Tables 6–10 show that with changes in the available number of buses,
the composition of the entire bus network, the departure times, and frequencies of each
bus route also change, leading to fluctuations in the number of bus passengers. The
results from Tables 10 and 11 show that when the number of feeder bus routes increases
from three to four, the number of passengers increases by 18.03%, while operating costs
increase by 32.33%. However, passenger travel time costs decrease by 21.23%, and bus
routes and departure schedules also change. Therefore, for a bus network with flexible
demand, decision-makers should make choices by comprehensively optimizing bus
vehicle supply, route departure schedules, and frequency.

3. From Figure 19, the relationship between the number of available buses and various
objective functions can be seen that as the number of available buses increases from
5 to 11, the increase in the number of buses available on the bus routes will lead
to an increase in the frequency of bus services, resulting in reduced waiting, travel,
and transfer times and a decrease in passenger travel time cost. This increase in
service level leads to an increase in the number of customers choosing bus travel, from
146 people to 183 people, an increase of 25%. When the number of buses increases
from 9 to 11, the required number of buses for the bus network remains at 11. The
passenger demand, average passenger travel cost, and bus operating costs remain
unchanged, indicating that the bus network only requires 11 buses to meet the current
bus transportation demand.
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8. Conclusions

To tackle the complexities of on-demand bus routing and scheduling in a three-
dimensional setting, this research formulated a multi-objective optimization model and
introduced the INSGA-II algorithm for its resolution. The simulation results of standard
test functions indicate that, compared to other algorithms, INSGA-II adeptly harmonizes
multiple objectives to obtain a set of Pareto optimal solutions. A case study demonstrated
that increasing on-demand bus routes from three to four led to an 18.03% rise in passenger
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volume and a 32.33% hike in operational costs, while travel time expenses fell by 21.23%.
The deployment of 11 on-demand buses proved sufficient to meet public transit demands.
The study underscores the significant influence of the number of bus routes and fleet size
on passenger volumes, travel times, and operational costs, showcasing a clear mecha-
nism of elastic change. Hence, transit authorities are encouraged to optimize routes and
timetables holistically. This research contributes substantially to the discourse on urban
public transport integration, with future inquiries set to explore dynamic on-demand bus
networks responsive to fluctuating passenger needs, time-varying networks, and multi-
modal transport participation, thereby informing the refinement of urban rail and bus
system integration.
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