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Abstract

The rapid growth of electric vehicles (EVs) has significantly increased the demand for
charging infrastructure, posing a challenge in balancing charging demand and infrastruc-
ture supply. The development of battery swapping and charging stations (BSCSs) is crucial
for addressing these challenges and serves as a fundamental pillar for the sustainable
advancement of EVs. This study develops a bi-level optimization model for the location
and route planning of BSCSs. The upper-level model optimizes station locations to min-
imize total cost and service delay, while the lower-level model optimizes driver travel
routes to minimize total time. An updated Non-Dominated Sorting Genetic Algorithm
(UNSGA) is applied to enhance solution efficiency. The experimental results show that
the bi-level model outperforms the single-level model, reducing total cost by 1.5% and
travel time by 6.6%. Compared to other algorithms, the UNSGA achieves 9.43% and 8.23%
lower costs than MOPSO and MOSA, respectively. Furthermore, BSCSs, despite 15.42%
higher construction costs, reduce driver travel time by 22.43% and waiting time by 71.19%,
highlighting their operational advantages. The bi-level optimization method provides more
cost-effective decision support for EV infrastructure investors, enabling them to adapt to
dynamic drivers’ needs and optimize resource allocation.

Keywords: electric vehicles; location and route planning; genetic algorithm; bi-level
model optimization

1. Introduction

The global emphasis on environmental protection and energy transition has acceler-
ated the growth of the electric vehicle (EV) industry, resulting in a continuous increase in
market demand. As a sustainable and efficient mode of transportation, EVs are emerging
as a key trend in the future of mobility [1,2]. However, the widespread adoption of EVs
has revealed key challenges in charging infrastructure, such as facility shortages, long
queuing times, high costs, inefficient layouts, and poor management. The charging and
queuing problem is a result of the limitation of land resources, high construction and
operation costs, and inconsistent technical standards. Reasonable planning of the loca-
tion and routing of EV battery swapping and charging stations (BSCSs) is important for
improving the convenience of EVs, promoting the enhancement of the EV industry, and
achieving sustainable transportation [3]. In response to these challenges, several cities have
begun deploying comprehensive BSCS networks that integrate both battery swapping and
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charging services. These mixed-service stations provide efficient energy replenishment
solutions for EV users, enabling faster turnaround and improved convenience. Combining
charging and battery swapping in a single infrastructure represents an emerging scenario
with significant research potential and practical value for the development and planning of
EV infrastructure.

In order to improve the coverage and rationality of BSCSs, enhance the level of
charging technology, and establish mature business models, investigators have started
to attempt to introduce objective optimization methods to analyze the characteristics
of various problems in BSCS, in order to broaden the thinking of planning methods.
However, single objective optimization often only focuses on one objective and ignores
other important factors, making it difficult to meet the needs of practical problems [4].
The location and route planning of EV BSCSs is a complex multi-objective optimization
(MOO) problem. On the one hand, it is necessary to consider minimizing the total cost,
and on the other hand, it is necessary to minimize the total service delay. MOO aims
to simultaneously optimize multiple conflicting objective functions in order to find a
set of optimal solutions that balance different objectives. As a powerful optimization
algorithm, the Non-Dominated Sorting Genetic Algorithm (NSGA) possesses the benefits of
robust worldwide searching capabilities, good adaptability, and high parallelism, making
it appropriate for resolving MOO problems [5]. This research aims to design a multi-
objective bi-level optimization model based on the NSGA to meet the various charging
needs of EV drivers, obtain suitable planning solutions, and provide guarantees for the
sustainable development of the transportation industry. The novelty of this research
can be divided into two aspects. Firstly, a multi-objective bi-level optimization model
integrating both charging and battery swapping modes is developed, addressing the
hybrid charging scenario rarely considered in existing studies. Secondly, the research fully
considers multiple limiting factors in practical application scenarios. And it establishes
bi-level models to more accurately meet the diverse charging needs of EVs. There are three
primary contributions of this paper:

First, a bi-level programming framework is constructed to jointly optimize the location
of battery swapping and charging stations (BSCSs) and the routing behavior of electric
vehicle users. This structure enables hierarchical coordination between infrastructure
investment and user demand, improving planning rationality and operational efficiency.

Second, this study incorporates EV user behavior analysis to examine how drivers
respond to different service conditions, such as battery levels and queuing times. The results
provide decision-making support for designing user-oriented charging and swapping
infrastructure.

Finally, a comparative analysis is conducted between hybrid charging-swapping
stations and traditional charging-only stations. The results demonstrate that BSCSs offer
superior cost-efficiency and service satisfaction under different planning scenarios. The
findings provide theoretical support and practical guidance for the commercial deployment
of mixed charging infrastructure.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature on EV charging infrastructure planning and optimization techniques. Section 3
defines the problem and design of the bi-level solving scheme. Section 4 introduces the
notation and mathematical formulation. Section 5 presents the updated NSGA used for
model optimization. Section 6 conducts a case study and analyzes the model’s performance.
Section 7 concludes this study and discusses future research directions.
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2. Literature Review

Early studies on the location and sizing of EV CSs primarily adopted deterministic or
single-objective formulations aimed at minimizing either construction or travel costs [6].
Subsequent works introduced MOO methods to balance system cost, service quality, and
spatial coverage, with objectives including minimizing cost, user delay, and unmet de-
mand [6,7]. Geographic information system (GIS)-based approaches have been applied to
filter candidate sites using land use, grid access, and traffic flow data, thereby enhancing
spatial realism [8]. However, most of these models treat user demand as static and ignore
feedback effects between station placement and routing or congestion. Another stream of
research integrates queuing models into station planning, recognizing that waiting time
is a major determinant of perceived service quality [4]. These models account for arrival
rates, station capacity, and dwell times, revealing that cost-driven designs alone can create
congestion externalities that degrade service performance.

While the majority of research has focused on pure CSs, recent work has examined
hybrid battery swapping and charging stations (BSCSs) to alleviate long charging times
and improve peak throughput. Battery swapping can reduce dwell times and smooth load
profiles. This heterogeneity complicates inventory management and limits coverage. Some
studies address this by treating swap penetration as a scenario variable or by segmenting
the fleet into compatible and incompatible classes. Even moderate swapping penetration
has been shown to reduce charging congestion, but its cost advantage depends heavily on
swap-pack inventory strategies and logistics operations [9,10].

Bi-level optimization has emerged as a natural framework for EV infrastructure plan-
ning, with investors in the upper level determining station locations and capacities, and
users in the lower level choosing routes and refueling actions [6,8,9]. Compared to sequen-
tial two-stage models, bi-level formulations capture the feedback between infrastructure
layout and user response, reducing the risk of suboptimal deployment. Lower-level models
range from shortest-path formulations with range constraints [8] to stochastic user equi-
librium with time-dependent costs [4,11]. Given the computational complexity of exact
bi-level models, researchers often adopt multi-objective evolutionary algorithms (MOEAs),
such as the NSGA-II [6,12], Multi-Objective Particle Swarm Optimization (MOPSO) [13], or
Multi-Objective Simulated Annealing (MOSA) [14], with enhancements including adaptive
crossover/mutation rates and elitist strategies to maintain solution diversity.

Recent studies have highlighted the importance of incorporating driver heterogeneity,
including range anxiety, value of time, and detour tolerance [6,7]. Integrating Origin—
Destination (OD) demand patterns and time-of-day variations can shift optimal station
placement toward high-betweenness corridors and hubs, while capacity must be tuned
to empirical arrival distributions to avoid bottlenecks. For BSCSs, user routing decisions
are also influenced by swap availability and the perceived reliability of charged inventory,
linking route choice directly to station-level inventory management.

Infrastructure planning interacts closely with power system constraints and logistics
operations. For CSs, transformer capacity limits and time-of-use tariffs affect operational
costs and encourage load shifting [8,10]. For BSCSs, swap-pack inventory management and
charging cycles introduce an additional battery logistics layer, including inventory sizing,
recharge scheduling, and inter-station redistribution [10]. Neglecting these factors can lead
to underestimation of costs or overestimation of service reliability, especially under peak
demand conditions.

Despite advances, three main gaps remain: (1) limited treatment of hybrid infrastruc-
tures: few studies jointly optimize CS-BSCS networks under realistic compatibility and
inventory constraints; (2) insufficient integration of behavior and layout: sequential models
often ignore the feedback between routing and location decisions; and (3) lack of algorith-
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mic adaptability: many MOEAs use static parameters, whereas adaptive operators can
improve feasibility and Pareto-front quality in bi-level settings [11]. This study addresses
these gaps by conducting the following: proposing a bi-level, multi-objective model for
BSCS location and driver routing with explicit service-delay terms; considering hybrid
charging-swapping networks with scenario-based swapping compatibility; and developing
an improved NSGA with elitism and adaptive probabilities to enhance convergence and
diversity. The model is validated on a real urban network using OD-based demand data
and is compared with MOPSO, MOSA, and a two-stage baseline.

3. Problem Description and Design of the Solving Scheme
3.1. Problem Description

With the continual advancement of technology and the ongoing implementation of
supportive policies, the number of EVs is growing rapidly, which in turn increases the
demand for efficient charging and swapping infrastructure. Although the current number
of BSCSs and their development scale remain limited, the BSCS mode represents a forward-
looking approach to EV infrastructure. By integrating battery swapping and charging in a
single station, BSCSs address key challenges in energy replenishment, reduce user waiting
time, and improve overall convenience. Therefore, studying the location and routing
optimization of BSCSs is not only relevant for emerging pilot projects but also provides
valuable insights for future large-scale deployment, making this research both timely and
forward-looking [11].

In our problem, the decision-makers in the upper-level location model are the investors
who must select N sites from M candidate locations to establish BSCSs, where N < M.
Investors need to balance the number of stations with driver experience while considering
various costs and land constraints, aiming to achieve a high level of driver satisfaction at a
relatively low construction and operational cost. The decision-makers in the lower-level
model are EV owners, whose primary objective is to minimize their total travel time, which
includes both driving time and detention time at the station.

EV drivers depart from their original location, based on their remaining battery level
and personal needs, and navigate to the nearest established BSCS. Upon arrival, they
assess the waiting time and their current battery status before deciding whether to charge
or swap their battery. Finally, they continue their journey toward their destination. The
time drivers spend at the station is fed back to the upper-level decision-makers, who
use this data to refine the station layout. This feedback mechanism allows investors to
continuously optimize BSCS locations, ensuring an improved driver experience while
maintaining cost efficiency. Due to significant design differences across EV brands, it is
difficult to accurately determine which vehicles are compatible with battery swapping
services. Moreover, variations in battery health and degradation among individual vehicles
make it challenging to estimate available charging capacity. To simplify the modeling
process, the following assumptions are adopted:

(1) Al EVs are battery electric vehicles and capable of both charging and battery swap-
ping.

(2) The battery capacity of each EV has no significant variation.

(3) EV arrivals follow a bimodal Poisson distribution.

3.2. Design of Bi-Level Solving Scheme

Understanding different Origin—Destination (OD) routes can help drivers choose the
most convenient and efficient driving route, so that a suitable BSCS can be quickly found
when charging is needed. The length of the OD path, traffic conditions, and other factors
can also affect drivers’ charging needs and decisions [12]. By statistically analyzing the
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EV Driver Arrival

OD path data of a large number of EVs, potential high-demand areas can be identified,
allowing for targeted planning of BSCS locations. The example of an OD travel path is
represented in Figure 1.

-
l-

Figure 1. Behavior of EV drivers at a BSCS.

As shown in Figure 2, when there are four nodes on the path, two BSCSs have two
feasible solutions. In Figure 2a, it can be seen that the percentage of vehicle travel required
for a car to cross the OD path between nodes is 40%, 60%, and 30%, respectively, which
exceeds the energy capacity of a single charge. As shown in Figure 2b, when BSCSs
are added at two consecutive nodes along the way, 50% of the power still remains after
completing all trips, and the percentage of vehicle mileage at the second node is 72%. As
shown in Figure 2c, when BSCSs are added at intervals, all power is consumed at the last
node, and the percentage of vehicle mileage at the second node is 93%. Under the same
total distance, the second solution requires less charging. In practical applications, GIS
technology can be combined to conduct detailed analysis of urban transportation networks,
land use, power supply layout, etc. The location of BSCSs is planned based on the traffic
flow, distribution of EV ownership, and potential charging demand in different regions [15].
Specific evaluation factors need to be selected based on quantifiable indicators in GIS. The
digital elevation model is integrated into GIS, distance buffering analysis is performed
on the road network map of the power supply area, and the model is used as a reference
object to perform hierarchical analysis on single factors. After assigning weights to each
factor, the overall evaluation is calculated to ultimately select the appropriate location for
the BSCSs [9]. The schematic diagram of the expanded network generation is shown in
Figure 3.

i )40% . 60% ( ) 30%@
(@)

50% 10%-60%  0%—-80% 50% 50% 10%-100%  40% 0%

@g@—'@ % @—éﬁ@

(c)
Figure 2. Example of an OD travel path. (a) path node; (b) feasible plan 1; (c) feasible plan 2.

As shown in Figure 3, after using GIS, it is found that when the shortest path between
two nodes can be completed before the power is consumed, there is no need to charge at
the intermediate node. As shown in Figure 3a, there are four initial nodes, and the power
consumption decreases when one path is added. As shown in Figure 3b, after expanding
the network, two artificial nodes are added to ensure the possibility of a round-trip. The
power consumption of nodes 1 to 4 has undergone a transition, allowing them to travel from
the departure node to the destination node at half battery level. This means that the EV can



World Electr. Veh. ]. 2025, 16, 499

60f17

complete the round-trip travel without having to fully recharge at the intermediate nodes,
further improving the energy efficiency and convenience of the charging infrastructure.

Figure 3. Expanding network generation. (a) sample network; (b) expanded network.

The bi-level model for the location and route planning of an EV BSCS is shown in
Figure 4.

Upper-level model

( Location of BSCS )

Construction cost of Service delay
—>
BSCS cost

v 1

Operaling Charging ¢ Electricity

costs cost storage cost
- Minimize
Minimize
total travel
total cost S
Lower-level model
( Route planning optimization )

T _# &

User demand quantity ————» Time limit

Limitations of road Car battery

network  €— level ~ <«—— Capacity of BSCS

Figure 4. Bi-level solving scheme for location and route planning of a BSCS.

As shown in Figure 4, the model for the location and route planning of an EV BSCS
is divided into two levels. The upper-level model determines the location of the BSCS
based on minimizing the total cost and service delay while simultaneously considering the
coverage area and service quality of the BSCS. The entire cost consists of the construction
cost, operation cost, and charging cost. Service delays include waiting time for the EV
to arrive at the BSCS and charging and battery swapping time. The waiting time can be
calculated based on the capacity of the BSCS and the arrival rate of EVs. The service time
can be calculated by the battery swapping capacity and the EV’s charging capability. The
lower-level model determines route planning based on minimizing the total travel time,
while considering traffic congestion and the range of the EV. This includes the travel time
of EVs from the departure point to the BSCS, as well as the travel time from the BSCS to the
destination. After clarifying multiple objective functions, a weighted sum is used to handle
conflicts between multiple objective functions, and a multi-objective optimization model
for EV BSCSs is constructed.
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4. Formulation of a Bi-Level Optimization Model for Location and Route
Planning of BSCSs

4.1. Upper-Level Model of Location

In the location planning of EV BSCSs, relying on a single-objective function often
fails to capture the complexity of real-world requirements. In practice, both economic
efficiency and service quality need to be considered simultaneously. Therefore, multiple
objectives should be incorporated, including minimizing drivers’ charging or swapping
time, minimizing construction and operational costs of BSCSs, and ensuring adequate
coverage and accessibility for EV users.

The upper-level model is primarily designed to determine the optimal locations of
BSCSs by balancing these competing objectives. Specifically, it aims to achieve the following:

1.  Minimize total costs: This includes the fixed investment for constructing stations,
operational costs, and costs associated with component usage and battery distribution.

2. Minimize service delay for drivers: Efficient service reduces waiting times and im-
proves user satisfaction. The model evaluates service delays based on drivers’ arrival
times and the times when they actually receive charging or swapping services.

3. Satisfy practical constraints: Station capacity, geographic coverage, and the maximum
number of stations are explicitly considered to ensure feasibility and operational
reliability.

By explicitly formulating these objectives, the upper-level model provides a systematic
framework for selecting BSCS locations that can effectively balance cost efficiency and
user satisfaction. The output of this model serves as input for the lower-level routing
optimization, which determines optimal EV paths and charging strategies.

P1:
MinC = min(Sw + Cr + Cz + G + Cd)Di (1)
Min Z = minS,
subject to:
Yo ditie + Y fioi < Py 2)
kek ieNO
dmm < dzj < dmax (3)
Ql S Qmax (4)
Qmin < Qz (5)
LD <M (6)
(1 + Y)D; >0, Vie N* 7)
ZK: Yi
1
S — Sir, Sir < 0553
S' — i s <y = 1 9
" { 0,S; > 0.58; ©)

1  if a charging station is located at node i, . 0
D; = i€eN (10)
0  otherwise.

1, if t, < t

Y, = 11
k { 0, otherwise (11)

Equation (1) represents the multi-objective function, aiming to minimize the total cost
associated with the construction and operation of BSCSs, including construction costs, trans-
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portation costs, component losses, charging and swapping service costs, battery dispatching
costs, and service delay time; Sy, is the total costs of the BSCSs, Cr is the transportation cost,
C, is the cost of component loss, Cs is the total charging service and swapping service costs,
C; is total cost of battery dispatching, S; is the service delay time, and D; is the decision
variable. Equation (2) imposes a constraint on the fixed cost, ensuring that it does not exceed
the available budget, thereby guaranteeing economic feasibility. d is the budget k requirement
for OD, t; is the amount of electricity required to complete the trip, f; is the fixed cost of
setting up the BSCS, g; is the node location i conditions of a BSCS, and f is the maximum
budget. Equation (3) specifies the minimum and maximum allowable distances between
stations to avoid excessive proximity that could lead to resource waste, as well as overly large
distances that could result in insufficient service coverage. d,;, is the minimum distance from
one charging station to another, d;,y is the maximum distance from one charging station to
another, and d;; is the distance between charging station i and charging station j. Equations (4)
and (5) constrain the maximum and minimum service capacities of each station, ensuring that
stations are neither overloaded nor underutilized. Q; is the total number of services provided
by charging station 7, Qyqy is the maximum service capacity of the charging station, and Q,y,;;, is
the minimum number of services to ensure the operation of the charging station. Equation (6)
limits the total number of BSCSs to be constructed, considering that each station requires
significant land occupation and imposes a substantial load on the power grid. Therefore,
the number of stations must be controlled to balance infrastructure availability, investment
constraints, and grid stability. Equation (7) ensures that station i, selected by driver k, exists.
Equation (8) limits the utilization rate of battery swapping equipment to prevent overload, S;
is the capacity of the swapping service at station 7, and Ujyay is the maximum swapping service
rate. Equation (9) regulates the battery replenishment quantity to avoid insulfficient inventory,
Si, is the battery replenishment quantity of station i, S¢ is the maximum stocking capacity of
batteries at station 7, 5;, is the current quantity of batteries at station i, Equations (10) and (11)
are decision variable constraints, t;, is the waiting time of user 7, and t;, is the charging time.
The specific formulations of the multi-objective function are as follows:

Sw =) (S; + Z)) (12)
T =) ) Cydyly (13)
jeJrer
C: = ) GX (14)
kekK
N K i\ ~C i s
Co=) 1) (1 - Y)C + YC (15)
Ca = Y CiNp (16)
N
Sq =), ( —t) (17)

i=1

Equation (12) represents the construction and operating costs of each BSCS. The fixed
investment S; includes the land cost, construction cost, and equipment cost required to
build the station, while the operating cost Z; covers daily maintenance, labor, and energy
consumption. Considering the need to deliver electricity from the power transmission
center to each BSCS, Equation (13) captures the corresponding transportation cost, C; is
the freight rate, d,; is the relative distance between the power transmission centers and
drivers, and L, is the power consumption. Equation (14) quantifies the cost of component
loss to account for wear and usage of the BSCS, where Cj is the fixed cost of component
operation, and X}, is usage of the BSCS. Equation (15) represents the total cost of charging
and swapping services at the BSCS, where C; is the cost of the charging service, and C; is
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the cost of the swapping service. Equation (16) represents the cost of battery dispatching
from the distribution center, where C/, is the cost of dispatching from the distribution center,
and Nj, is total number of batteries required to be distributed. Equation (17) expresses the
maximum satisfaction as the minimum service delay, calculated based on the difference
between the arrival time and the service start time of each EV, where #{ is the time when
the ith EV arrives at the charging station, and ¢{ is the time when the ith EV starts receiving
service.

4.2. Lower-Level Model of Routing

The lower-level model focuses on optimizing the routing of electric vehicles (EVs) to
minimize total travel and service time. While the upper-level model determines the loca-
tions of battery swapping and charging stations (BSCSs), the lower-level model addresses
the operational aspect of EV movement, determining which stations drivers should visit
and in what sequence. Practical feasibility is ensured by imposing constraints such as the
maximum number of vehicles that a single BSCS can serve, limiting each driver to receive
service only once during the planning horizon, and restricting drivers’ travel distance and
waiting time to maintain satisfactory service levels. By explicitly defining these constraints,
the lower-level model evaluates feasible routing plans for all drivers based on the locations
of BSCSs determined in the upper-level model. Its objective is to minimize total travel and
waiting times while respecting operational limits, thereby improving service efficiency and
user satisfaction. Additionally, the outputs of the lower-level model can be fed back to
the upper-level model in an iterative bi-level optimization process to further refine station

locations.
P2:
. m
Min T = YY) iy Z; (TI" + ") (18)
subject to:
i < tmax (19)
dy < iy (20)
Tlow < Ti < Thigh, Vi (21)
n
Y.z =1 (22)
ZPM(E!" + 0 = pEy) <0 (23)
M .
Y1 Zm(t) < Ci(t) + B (24)
7 = 1if user m travels to charging station i (25)
0 otherwise

Equation (18) minimizes the total travel time of EVs from their starting points to the
charging stations and during charging service, Z" is the decision variable, Ty, is the total
travel time from the starting point to the charging station, T}" is the time when electric
vehicle m travels to charging station 7, and t}" is the time when EV m receives service at
charging station i. Equations (19) and (20) represent the constraints on the maximum
detour distance and the maximum time that EV drivers are willing to wait, ensuring service
remains acceptable, where t};, is the waiting time of the driver m, t,,, is the maximum
time that the driver will wait, di, is the distance from driver m to the charging station i,
and d},, is the maximum distance that the driver will accept. Equation (21) represents
the adaptation constraints between a BSCS and the surrounding traffic flow, ensuring
that station operations remain compatible with road conditions. T; is the average traffic
flow of roads around the charging station i during peak hours, T}y, is the lower limit of
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the set adaptive traffic flow, and Ty, is the upper limit of the set adaptive traffic flow.
Equation (22) represents the service frequency constraint, ensuring that each EV driver
can receive charging or swapping service only once during a single trip. Equation (23)
represents the energy constraint of EVs traveling to a BSCS, ensuring that vehicles have
sufficient energy to reach the station safely under traffic conditions, where E}" is the required
energy from driver m to BSCS i, E/,, is the remaining energy of user 1, o is the safety energy,
and p is the traffic congestion coefficient [16]. Equation (24) represents the maximum
number of vehicles that can travel to a BSCS during a given period, ensuring that the
station does not exceed its service capacity, where C;(t) is the service capacity of station i
during t period, and f is the coefficient of queuing. Equation (25) is a decision variable
constraint.

5. Design of an Updated NSGA

After building a bi-level model for the location and route planning of BSCSs, the
NSGA is applied to address the upper-level model due to its suitability for solving non-
deterministic polynomial (NP-hard) problems. When solving the location and route plan-
ning problem for EV BSCSs, the NSGA can increase the possibility of finding global optimal
solutions or approximate global optimal solutions by simulating biological evolution pro-
cesses. Traditional genetic algorithms may find it difficult to find satisfactory solutions
when dealing with multi-objective optimization problems due to conflicts between objec-
tives. The NSGA is a multi-objective optimization genetic algorithm based on the Pareto
optimal. It was proposed by Srinivas and Deb in 1995, and it solves the multi-objective
optimization problem. Meanwhile, the research aims to improve the performance of algo-
rithms in multi-objective optimization problems by introducing elite retention strategies
and adaptive probability to better balance the relationships between multiple objectives.

This paper incorporates an adaptive probability mechanism that dynamically adjusts
these rates based on population diversity and convergence status. When diversity decreases
or premature convergence occurs, mutation probability increases to enhance exploration
and avoid local optima; when far from convergence, crossover probability is prioritized to
accelerate convergence. This adaptive strategy improves search flexibility, solution quality,
and robustness.

As shown in Figure 5, in the optimization process, an updated NSGA is applied to the
bi-level model. The steps of the updated NSGA are as follows:

Step 1: Initial population. Randomly generate the initial population Py,

Py = {x1,x2,...,x4},x; € R" (26)

where x; represents the ith individual, and n represents the population size.
Step 2: Non-dominated sorting and Crowding Distance Calculation:

Vm € {1,2}, fu(xi) < fu(xj) and Im, fu(x;) < fu(x;) (27)

where f,(x;) represents the fitness value of the mth objective function for the individual x;.
If Equation (27) holds, then x; is said to dominate x;. Based on this dominance relationship,
the population is divided into multiple non-dominated fronts, Fy, F», ..., F,, where F;
contains all non-dominated solutions. Once the non-dominated sorting is completed, the
crowding distance for each solution is calculated. In the NSGA, the crowding distance is a
metric used to estimate the density of solutions surrounding a particular solution in the
objective space, which helps maintain population diversity. For each objective function, f,
individuals within a given front are sorted in ascending order. The boundary individuals
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are assigned an infinite crowding distance to ensure they are always selected. For an
individual x, the crowding distance for objective m is calculated as follows:

dm(x) _ fm(xi+1) - fm(xifl) (28)

max __ fmin
m m

where x;,1 and x;_; are the immediate neighbors of x in the sorted order for objective m,
and M3 and fMi" represent the maximum and minimum values of f, in the front.

upper-level model lower-level model

o total traveling
[l poputatio —

Non-dominated reaching N
— e i

Crowding Distance Combine
Calculation Chromosome

—»| —»
~

Crossover

B
:
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Figure 5. Procedure of the bi-level optimization model based on the updated NSGA.

The overall crowding distance for x is then given by summing the distances over all
objectives:

2
() = X dn(x) (29)

Step 3: Select an adaptive crossover and mutation.

Based on crowding distance and non-dominated sorting, a subset of chromosomes is
selected; individuals with lower crowding distances are more likely to be selected, while
those with higher non-dominated rankings are more likely to be selected. Then, the selected
individuals undergo crossover and mutation operations, where the crossover probability
and mutation probability are as follows:

o) (1
e (e ) (1)
. , R, — 1
Py = P o (P — ppin) <1 R > (31)

where P is the crossover probability, P"®™ is the maximum crossover probability, and
P™in js the minimum crossover probability. R; represents the non-dominated ranking of
individual i. Similarly, Py, is the mutation probability, P,’,i‘i“ is the minimum mutation
probability, and P3® is the maximum mutation probability. By employing adaptive
crossover and mutation probabilities, the search space of solutions is enhanced, thereby
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preventing premature convergence and reducing the likelihood of the solution set becoming
trapped in local optima.

Step 4: Chromosome merging and iteration.

After the crossover and mutation operations are completed, the chromosomes from
both the parent and offspring populations are merged and subjected to non-dominated
sorting, thus eliminating the individuals with poorer fitness. If the current iteration has
not reached the maximum limit, the process returns to Step 2; otherwise, the final result is
output.

Similarly, the lower-level model iterates through the steps of initializing the population,
selection, crossover, and mutation until the threshold is reached, yielding the total travel
time of drivers. This feedback further influences the decision-making of the upper-level
model. The process is repeated until three iterations have been completed.

6. Case Study
6.1. Basic Information and Data

In order to analyze the effectiveness of the bi-level model for the location and route
planning of EV BSCSs designed for research, and evaluate the computational performance
of genetic algorithms on actual road networks, the basic performance of the research
method was tested by comparing the calculation deviation, running time, and total costs
of the algorithms. This study selected specific areas of Chengdu for the analysis and
carried out a multi-objective optimization test of EV BSCS positioning and line planning in
specific areas of Chengdu. The city of Chengdu was divided into multiple zones using GIS
technology, including industrial, commercial, residential, and restricted areas. The rational
layout of Chengdu city’s EV facilities provides effective methods and references. However,
due to the large volume of data, the detailed test results are not presented in this study.
By testing the network, we aimed to evaluate the positioning and line planning of target
optimization effects to cope with the growing demand of EV drivers and further optimize
the structure of urban traffic and energy.

This study used three different algorithms. The updated NSGA (UNSGA) was com-
pared with the Multi-objective Particle Swarm Optimization (MOPSO) algorithm and the
Multi-Objective Simulated Annealing (MOSA) algorithm to evaluate the relative advan-
tages and disadvantages of the genetic algorithm in EV BSCS location and route planning
problems. This paper introduces the two-stage model for comparison with the bi-level
model. The two-stage model optimizes decisions sequentially in two separate phases,
treating location decisions first and routing decisions second. In contrast, the bi-level model
integrates these decisions hierarchically, where the upper-level problem influences the
lower-level problem, allowing for a more coordinated and interactive optimization process.

Considering the conflict between functional objectives, the upper-level decision-
makers prioritize the lowest-cost solution, while the lower-level decision-makers prefer the
most convenient option. Since investors, as the upper-level decision-makers, typically hold
a dominant position in practice, the location solution is chosen from the Pareto front gener-
ated by the upper-level model based on the lowest cost. The lower-level decision-makers
then provide feedback and further optimize the upper-level model accordingly.

6.1.1. System Cost Analysis

As shown in Figure 6a, the cost of the UNSGA is 9.43% and 8.23% lower than that of
the MOPSO and MOSA algorithms, respectively. Figure 6b illustrates the performance of
the three algorithms in the bi-level model, with the NSGA results being 9.29% and 7.90%
lower than MOPSO and MOSA, respectively. Comparing graphs a and b in Figure 6, it can
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be observed that the bi-level model offers better optimization results. After two iterations
of feedback from the lower-level model, the cost decreased by 1.67%.
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Figure 6. The performance of algorithms in solving the location problem: (a) two-stage model;
(b) bi-level model.

6.1.2. User Travel Behavior Analysis

Figure 7a shows the number of OD pairs based on the two-stage model, and Figure 7b
shows the number based on the bi-level model. Compared to the two-stage model, the
number of OD pairs in the 0-10 km range increased by 4, the 2040 km range decreased
by 6, the 40-60 km range increased by 2, and there was no change in the 60-80 km range.
Although some drivers’ travel distances increased, the average travel distance decreased by
10.26%. The bi-level model demonstrates superior performance in avoiding local optima.

-

- | —

(a) (b)
Figure 7. Comparison of OD in different models: (a) two-stage model; (b) bi-level model.

Compared to the two-stage model Figure 8a, the bi-level model Figure 8b optimization
reduces travel time by 6.60%, 11.22%, and 10.49%, respectively. In the bi-level model, the
NSGA algorithm achieves the smallest optimization improvement of only 6.6%. However,
in terms of travel time, the NSGA outperforms MOPSO and MOSA by 8.03% and 25.58%,
respectively. The NSGA provides a more stable solution set, with better optimization ability
and higher efficiency than the other two algorithms.

Under the bi-level optimization framework, the optimization results of the lower-level
path planning model feed into the upper-level location decision-making. For example,
with the NSGA, the lower-level model influences the upper-level model, reducing the total
cost by 1.5%. After adjusting the upper-level model, the driver travel paths are further
optimized, resulting in a 6.6% reduction in travel time. This demonstrates that the bi-
level optimization model offers significant advantages over the two-stage model by better
balancing infrastructure construction costs and driver travel efficiency and improving the
overall planning outcome.
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6.2. Performance Tests for BSCS Mode and CS Mode
6.2.1. Cost and Detention Time Analysis

The test results based on replacing the BSCSs with CSs and removing all swapping
services and related costs are shown in Figure 9.
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Figure 9. Performance of the NSGA in different modes: (a) travel time in different modes; (b) cost in
different modes.

As shown in Figure 9, it can be observed that the total cost of CSs using the UNSGA is
15.42% lower than that of BSCSs, with the reduced cost mainly attributed to construction
costs. However, the drivers’ travel time increased by 22.43%, and the waiting time at CSs is
71.19% higher than that at BSCSs. Although the total cost of CSs is lower than that of BSCSs,
92.61% of the cost reduction comes from construction costs. The mixed mode requires a
higher initial investment, but in terms of ongoing maintenance costs, the difference between
the two models is minimal.

Figure 10 shows the detention time of charging drivers at the station under different
modes. In the charging and swapping mode, 95% of charging drivers spend less than
60 min at the station, while in the charging-only mode, only 80% of charging drivers stay
for less than 60 min. BSCSs effectively divert charging drivers, reducing the pressure
on charging piles. The hybrid model helps reduce drivers” waiting time at the station,
improving overall service efficiency and market competitiveness.
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Figure 10. Detention time of charging drivers in different modes.

Therefore, in EV infrastructure planning, despite requiring higher construction costs,
investing in hybrid charging and swapping stations not only enhances the driver experience
but also improves the operational efficiency of the new energy transportation system.

6.2.2. Performance of Satisfaction Rate Between CSs and BSCSs

As shown in Figure 11, under the same number of constructed stations, the service
satisfaction rate of BSCSs is higher than CSs.
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Figure 11. Service satisfaction rate of charging drivers in different modes.

Conversely, to achieve the same level of service satisfaction, a greater number of
CSs is required. BSCSs offer higher service efficiency, as the battery swapping mode can
significantly improve service throughput and enhance drivers’ satisfaction.

As shown in Tables 1 and 2, for both the CS and BSCS systems, the marginal gain in
service satisfaction decreases progressively with each additional station. This indicates
that once the service coverage and capacity reach a certain threshold, further expansion
may lead to resource redundancy and diminishing efficiency returns. In the early stages
of deployment, CSs exhibit lower total construction costs and slightly greater satisfaction
improvements with additional stations compared to BSCSs. However, although BSCSs
require higher per-station investment, they consistently deliver higher overall satisfaction
levels across all configurations. Moreover, while the growth rate of total cost in CSs is lower
than that of BSCSs, the limited service capacity per CS station necessitates the construction
of more stations to achieve the same level of satisfaction as BSCSs. As a result, the total cost
required by a CS to reach comparable satisfaction levels can exceed that of a BSCS.

Due to its battery swapping capability, the BSCS system can more effectively adapt
to peak—valley load fluctuations. During periods of high grid pressure or vehicle con-
centration, the BSCS system can deliver services more rapidly through battery swapping,
offering greater operational flexibility. In contrast, the CS system is constrained by a longer
charging duration, resulting in a rigid upper limit on its service capacity. Therefore, the
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BSCS system demonstrates a more effective balance between infrastructure investment and
service performance, making it a more cost-effective and sustainable solution for long-term
EV charging network planning.

Table 1. Charging service satisfaction rate at CSs.

Quantity of CSs Satisfied Rate of Charging Service Total Cost
8 68.18% 2238.64
9 75.64% 2597.35
10 77.76% 277447
11 81.39% 3097.98
12 85.27% 3469.25

Table 2. Charging service satisfaction rate at BSCSs.

Quantity of BSCSs Satisfied Rate of Charging Service Total Cost
8 76.21% 2784.92
9 83.42% 3132.66
10 88.27% 3481.16
11 91.55% 3828.71
12 93.76% 4176.58

7. Conclusions

This study develops a bi-level optimization framework to address the planning prob-
lem of EV BSCSs, integrating infrastructure location decisions with user routing behavior.
The upper-level model minimizes total system cost and service delay by optimizing station
locations, while the lower-level model minimizes user travel time based on individual path
choices. An NSGA is proposed to enhance convergence quality and solution diversity.

The results demonstrate that the proposed bi-level model significantly outperforms
two-stage models, reducing total cost and improving user satisfaction through coordinated
infrastructure and behavior-level optimization. Comparative analysis further reveals that,
although the BSCS system involves a higher initial investment, it delivers superior service
efficiency and achieves higher satisfaction levels with fewer stations, making it more
cost-effective in the long term.

From a practical perspective, this study offers several important contributions. First,
the model supports the commercial deployment of hybrid charging—swapping stations
by quantifying the service advantages and investment trade-offs, providing guidance for
private investors and policymakers. Secondly, the BSCS system offers greater operational
flexibility, particularly during peak periods, by alleviating charging congestion through
fast battery swapping, thereby improving overall charging efficiency. Moreover, the swap-
ping model facilitates centralized battery recovery and coordinated management, which
contributes to the sustainable reuse and circulation of batteries. Third, the integration of
routing behavior modeling helps reveal that EV users make decisions based not only on
battery level or travel time, but also on queue length and perceived convenience. This
insight enables the design of more adaptive, user-centered service systems.

This study has some limitations that warrant further investigation. Due to the lack of
available data, it is currently difficult to estimate the actual proportion of EVs capable of
battery swapping. To simplify the modeling process, we assumed that all EVs support both
charging and swapping. Future research could address this assumption by incorporating
heterogeneous EV types. Furthermore, the current study assumes full standardization and
compatibility between charging and battery swapping services. Future research will reduce
this assumption by incorporating scenarios with varying technical standards and partial
compatibility rates, thereby providing a more realistic representation of heterogeneous EV
fleets.
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Overall, this study provides a practical, data-driven approach to EV infrastructure
planning, offering theoretical and technical support for the development of scalable and
user-oriented charging networks. Future research may explore dynamic pricing mecha-
nisms, time-dependent demand, and grid interaction to further strengthen the model’s
applicability in complex urban contexts.
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