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Abstract

Vietnam’s  Electric  Vehicle (EV) market
is expanding rapidly, yet public charging
infrastructure development lags significantly,
exhibiting pronounced spatial imbalance in

dense urban cores. This study addresses this
gap through an integrated demand forecasting
and location optimization framework for District
1, Ho Chi Minh City. We develop a log-linear
regression model using Vietnam’s macroeconomic
data (2003-2023), identifying GDP and CPI as
dominant determinants of vehicle ownership (R? =
0.962). Forecasted vehicle stocks for 2026-2030 are
translated into public charging demand through
vehicle-type disaggregation and service-capacity
modeling.  Spatially, we propose a four-stage
optimization pipeline: demand point generation
— K-Means spatial zoning — P-Median location

Submitted: 06 January 2026
Revised: 10 February 2026
Accepted: 14 April 2026
Published: 22 April 2026

Vol. 2, No. 3, 2026.
4)10.62762/TACS.2026.319834

*Corresponding author:
Ly Hoang Anh
anhlyhoang@gmail.com
Altaf Hussain
altafkfm74@gmail.com

optimization — budget-constrained allocation.
Results reveal a multi-tier station distribution
centered on commercial cores (Nguyen Hue-Ben
Thanh corridor) with supplementary coverage
in residential and tourist zones. @ Core areas
require fast-charging expansion to manage 12%
annual demand growth, while northern/southern
residential blocks need baseline coverage to
eliminate service gaps. Critically, we demonstrate
that profit-driven private deployment creates spatial
inequity, necessitating government-coordinated
planning to balance efficiency and accessibility.
Despite data constraints, our framework provides a
replicable methodology for charging infrastructure
planning in high-density Southeast Asian urban
contexts, with direct implications for Vietnam’s
green mobility transition.
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1 Introduction

The transition of energy systems from fossil fuels to
green and low-carbon sources has emerged as a key
policy direction worldwide (IEA, 2024). Against this
backdrop, New Energy Vehicles (NEVs), particularly
Electric Vehicles (EVs), have gained prominence due
to their advantages in energy efficiency and emission
reduction, making them a critical driver of green
transformation in the transportation sector. According
to reports released by the International Energy Agency
(IEA, 2024), the global market for renewable power
generation and energy storage is still in a phase
of rapid expansion, and the electrification of the
global automotive industry is accelerating significantly.
Within Southeast Asia, Vietnam has demonstrated
particularly strong economic momentum. During
2023-2024, Vietnam’s GDP growth rate remained
within the range of 5%-7% (World Bank, 2024),
accompanied by continuous urbanization and an
ongoing upgrade of household consumption patterns.
In the National Green Energy Transition Plan
(Decision No. 876/QD-TTg, 2022), the Vietnamese
government explicitly set a long-term target of
achieving full electrification of motor vehicles by 2050,
while simultaneously promoting the development
of charging infrastructure systems to enhance the
convenience and reliability of EV usage.

However, in sharp contrast to the rapid growth of
electric vehicles, Vietnam’s charging infrastructure
remains at an early stage of development (Vietnam
Ministry of Transport, 2023). Existing challenges
include an insufficient number of charging facilities,
uneven spatial distribution, and limited service
coverage. Although the number of charging stations
in major Vietnamese cities has been increasing at an
accelerated pace, the overall scale is still far from
sufficient to meet future demand (Vietnam Ministry
of Transport, 2023). This issue is particularly acute
in central urban areas such as downtown Ho Chi
Minh City, where land scarcity and high population
density have made inadequate charging infrastructure
a critical constraint on further EV adoption. From
the perspective of urban transportation development,
charging stations are not merely energy supply
facilities but also essential infrastructure linking urban
planning, road design, and user behavior. A lack of
scientific planning may result in low facility utilization
rates, expanding service blind spots, and inefficient
allocation of resources. Therefore, in the context
of rapidly increasing EV ownership in Vietnam,
conducting systematic research on the scientific siting
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of charging stations is both necessary and urgent.

At present, empirical studies related to EV charging
infrastructure in Vietham remain limited, particularly
with respect to systematic layout research in core
urban districts such as District 1 of Ho Chi Minh
City. Based on charging demand forecasting and
spatial optimization methods, this study aims to
develop an operational planning framework for
charging station deployment in Vietnam’s central
urban areas. Within the EV industry chain, the spatial
configuration of charging infrastructure directly affects
user experience, industrial development, and urban
transportation structures. Traditional facility location
theories—including classical location theory, coverage
models, minimum cost models, and multi-objective
optimization models—have been widely applied in
urban planning practices in Europe, the United
States, and China. However, directly applying
these theories to the Vietnamese context presents
notable limitations, primarily due to data scarcity,
differences in transportation structures, and spatial
constraints in high-density built-up areas. First, with
respect to demand forecasting, traditional location
theories often assume sufficient data availability and
relatively homogeneous demand distribution. In
contrast, Vietnham’s transportation system exhibits
distinct structural characteristics: Motorcycles have
long dominated urban travel, resulting in highly
differentiated traffic flows and parking patterns;
EV sales data lack long-term continuity, making
it difficult to directly construct robust time-series
models; Urban land use is highly mixed, leading
to pronounced temporal variations in charging
demand. Second, in terms of spatial adaptability,
District 1 of Ho Chi Minh City represents a
typical high-density urban core. Early French
colonial planning resulted in narrow road networks,
fragmented land parcels, and high development
intensity, causing site selection to be strongly
constrained by road width, land availability, and
historic district preservation requirements. Moreover,
the high concentration of urban activities makes it
difficult to define service radii in a uniform manner.
Under these urban conditions, traditional location
models are prone to spatial mismatch problems.
Consequently, it is necessary to introduce optimization
methods capable of addressing complex urban forms
and irregular spatial demand distributions. This study
adopts K-Means spatial clustering and the P-Median
model as core location optimization tools to better
accommodate the highly uneven demand structure
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characteristic of Vietham's central urban areas.

This study contributes to theory, practice, and policy
in the following three aspects: By integrating vehicle
demand forecasting with urban spatial optimization,
this study offers a transferable modeling framework for
infrastructure planning under data-scarce conditions.
At the application level, it provides an adaptable
site selection approach for central urban areas in
Vietnam, enriching the theoretical literature on urban
electrification in Southeast Asia. The charging station
layout developed for District 1 of Ho Chi Minh City
helps alleviate existing supply—-demand imbalances,
improve facility utilization efficiency, enhance user
experience, and promote the development of a local
green mobility system. The research outcomes
offer empirical support for local governments in
formulating charging infrastructure plans, fiscal
subsidy policies, and operational mechanisms. They
also help guide private capital investment in charging
facilities and improve overall infrastructure supply
capacity. The main content of this study consists of
two interrelated components: A multi-dimensional
forecasting model based on economic, demographic,
and transportation indicators is developed to quantify
charging infrastructure demand over the next five
years. By incorporating urban planning principles,
spatial functional structures, and road network
characteristics, a layout and optimization framework
suitable for central urban districts is constructed.

VINFAST Auto Ltd., a subsidiary of Vietnam’s
Vingroup conglomerate, is the country’s leading
electric vehicle manufacturer. Having listed on
Nasdaq in 2023, VINFAST has expanded its EV
lineup domestically and internationally, with
active manufacturing investment in North America.
Its charging network subsidiary, V-Green, plays
the dominant role in Vietnam’s public charging
infrastructure and is therefore central to the
supply-side context of this study.

Among the key investors in Vietnam’s charging
infrastructure, V-Green plays a dominant role. As
of July 2024, V-GREEN had established more
than 1,200 charging stations nationwide, comprising
approximately 150,000 charging points distributed
across all 63 provinces of Vietnam. Specifically, the
northern region hosts around 450 charging stations,
the central region approximately 300 stations, and the
southern region about 450 stations. At present, these
charging facilities exclusively serve VINFAST-branded
electric vehicles. In District 1 of Ho Chi Minh City,

a total of eight charging stations are currently in
operation, providing 48 charging points. Among them,
two charging stations commenced operation at the
end of March and the end of December, respectively;
however, the exact number of charging points at
these newly opened stations has not yet been officially
disclosed. Figure 1 illustrates the main research
flow, while Figures 2, 3, 4, 5 and 6 illustrate visual
presentation of the EV charging stations.

According to information displayed on the website
of Evercharge, the company operates a total of 62
charging stations nationwide. In Ho Chi Minh City,
there are two charging stations providing five charging
points in total; however, no charging stations are
currently located in District 1.

According to information published on the website
of EV ONE, the company operates a total of 53
charging stations nationwide, including 10 stations
in the northern region, 6 in the central region, and 37
in the southern region. In District 1 of Ho Chi Minh
City, EV ONE has established four charging stations,
providing a total of 13 charging points.

In response to the practical needs of EV charging
infrastructure planning in Vietnamese cities, this study
establishes two primary research contributions:

e To develop a demand forecasting model for EV
charging in Vietnam Based on macroeconomic
indicators, population characteristics, and travel
behavior, a demand forecasting model suitable
for Vietnam’s data environment is constructed
to quantitatively estimate EV ownership and
public charging demand over the next five
years. The results provide a measurable basis
for determining the scale of urban charging
infrastructure development.

e To formulate a charging station layout strategy
for high-density urban cores Using District 1
of Ho Chi Minh City as a case study, this
research integrates macro-level demand forecasts
with spatial optimization models to develop a
siting strategy that accommodates limited spatial
resources and pronounced demand heterogeneity
in central urban areas. The proposed layout aims
to achieve balanced service coverage, reasonable
accessibility, and efficient resource utilization.

The findings of this study are expected to provide
scientific references for Vietnamese government
agencies, investors, and industry stakeholders, thereby
supporting the development of a more complete EV
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Implementation insights and policy recommendations
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Figure 1. Technical roadmap of the integrated demand forecasting and location optimization framework for electric
vehicle charging infrastructure planning in District 1, Ho Chi Minh City. The four-stage pipeline progresses from
macroeconomic demand forecasting (GDP/CPI-driven vehicle stock projection) through spatial demand disaggregation,
K-Means zoning of 1,368 demand points into 31 functional subzones, P-Median facility location optimization within each

subzone, and final budget-constrained station allocation across the district for 2026-2030.
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Figure 2. Spatial distribution of V-Green charging stations
(n=8 stations, 48 charging points) operating in District 1,
Ho Chi Minh City as of July 2024. Stations concentrate
along the Nguyen Hue-Ben Thanh commercial corridor (6
stations) with limited coverage in northern residential
blocks and southern riverside zones, reflecting
profit-driven deployment patterns that prioritize
high-traffic commercial areas over spatial equity in
residential neighborhoods.

Trang cht V& chiing tai San pham Hé thdng tram sac Lién hé Pang nha
6 EverCharge e gt phar g r ng nhap

Hé théng tram sac

62 tram sac [ L.

nh LE QUGC TRUNG

p.11,TP. Viing Tau

Tram sac Dao Van Trung

Nga tu Tay Son, Higp An, Kinh Mon, Hai
Dudng

50| B V1Cogsack

]

Figure 3. Nationwide spatial distribution of Evercharge
charging stations (n=62 stations) across Vietnam'’s 63
provinces as of 2024, showing regional concentration
patterns with 45% of stations located in northern provinces
(including Hanoi), 24% in central provinces, and 31% in
southern provinces (including Ho Chi Minh City
metropolitan area), with zero stations currently
operational in District 1.

industry ecosystem and strengthening Vietnam’s
competitive position in regional electrification
initiatives.

The rest of the article is organized as follows: Section 2
presents the basic theoretical background and related
studies for the proposed work. Section 3 presents the
main method of the proposed framework. Section
4 presents the results and analysis, and Section 5
concluded the article.
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Figure 4. Absence of Evercharge charging infrastructure in
District 1, Ho Chi Minh City as of 2024. Despite operating 2
stations in greater Ho Chi Minh City (providing 5 charging
points total), Evercharge maintains no facilities within
District 1’s 7.7 km? administrative boundary, highlighting
the fragmented and commercially selective nature of
current private-sector charging deployment in Vietnam's
urban core.
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Figure 5. Spatial distribution of EV ONE charging stations
(n=>53 stations) across Vietnam'’s three macro-regions as of
2024: northern region (10 stations, 19%), central region (6
stations, 11%), and southern region (37 stations, 70%),
with southern concentration reflecting Ho Chi Minh City’s
dominance in Vietnam’s emerging EV market and
infrastructure development.

2 Theoretical Foundations and Literature
Review

2.1 Theoretical Foundations

In the construction of an EV charging network,
economic feasibility is a crucial consideration. To
ensure the long-term sustainability of charging
infrastructure, a comprehensive cost-benefit analysis
of charging stations is indispensable. The key cost
and revenue components of EV charging stations are
analyzed below and are illustrated in Figure 7.

When constructing location models, economic
factors must be explicitly incorporated into the
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Figure 6. Spatial distribution of EV ONE charging stations
(n=4 stations, 13 charging points) within District 1, Ho Chi
Minh City as of 2024. Stations cluster near major
commercial nodes (Ben Thanh Market, Nguyen Hue
Walking Street) with no facilities in northern residential
zones (Ward 2, 3, 4) or southern riverside areas (Ward 10,
13), demonstrating persistent spatial gaps in residential
coverage despite commercial area saturation.

decision-making process for charging station siting.
We define the cost set as C = [C1,Cy,...,Cy).
Here, C1,C5,...,C, include land acquisition costs,
equipment costs, energy costs, maintenance costs, and
other related expenses, and n denotes the total number
of cost components considered in the study. Similarly,
the benefit set is defined as £ = [Fy, Es, ..., Ey],
which includes charging service revenues, advertising
revenues, and environmental benefits, among
others, where m represents the number of benefit
components considered. In addition, a constraint
set S = [S1,S52,...,8,]" is introduced, where h
denotes other constraints beyond costs and benefits.
Charging demand is denoted as D. From an economic
perspective, charging station location models typically
focus on the following dimensions:

Cost minimization under demand satisfaction

Given that all EV charging demand Dy,,x must be
satisfied, the objective is to minimize the total cost
of charging stations through optimized layout and
resource allocation in Egs. (1)-(2):

min Zn: Ci (1)
i=1

st. D> Dyax, S=1[S1,5,...,51]" (2)

Demand maximization under cost constraints

When planning charging stations, a balance between
cost and service demand must be achieved. The
objective is to maximize the charging demand that can
be satisfied under a given cost budget in Egs. (3)—(5):
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max D (3)

s.t. Z Cz < Cmax (4)
=1

S =1[51,5,...,5:]" (5)

Benefit maximization under demand constraints

While meeting maximum charging demand, the goal
is to maximize net benefits, which include charging
revenues, advertising income, and environmental
benefits, while accounting for construction and
operating costs in Egs. (6)—(7):

max (Z Ey — Z Ci) (6)
k=1 =1
st. D> Dpay, S=[51,5,....5]"  (7)

In this study, as the target region remains in an
early stage of EV infrastructure development, cost
factors are assigned significant weight in charging
station planning. This modeling framework enables a
more precise quantification of cost-benefit trade-offs
and supports scientifically grounded and rational
location decisions. Given the current status of EV
charging infrastructure planning, this study considers
a known set of charging demand points, representing
the specific charging needs of EV users, as well as
a predefined set of candidate locations for charging
station construction. The primary objective is to ensure
that all demand points are effectively served while
minimizing the geographic distance between each
demand point and its nearest charging station, thereby
optimizing network performance and user experience.

Assumptions: Demand points: a known set of demand
points, indexed by j; Candidate sites: potential
charging station locations, indexed by 7; Distance: ¥d;;
represents the weighted distance between demand
point j and candidate site ; and Number of charging
stations to be built: p. Decision variables: A;: equals
1 if a charging station is constructed at candidate site
i; 0 otherwise; and Cj;: equals 1 if demand point j
is served by candidate site i; 0 otherwise. Objective
function and constraints are given in Eqs. 8-11:

icl
Zcij =1 )

el
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Figure 7. Cost and revenue structure of electric vehicle charging stations in Vietnam'’s urban context. Capital costs include
land acquisition (35-45% of total), equipment procurement (30-40%), and grid connection (15-20%); operational costs
comprise electricity (60-70% of OPEX), maintenance (20-25%), and staffing (10-15%). Revenue streams derive from
charging services (75-85%), advertising (10-15%), and ancillary services (5-10%), with profitability highly dependent
on location-specific utilization rates exceeding 60%.

Cij < A (10)

> Ai=p

iel

(11)

In coverage-based charging station planning, the
core objective is to minimize the number of charging
stations while ensuring adequate coverage of
charging demand, thereby achieving an optimal
balance between maximum coverage and minimum
construction scale. Let R denote the service radius of
a charging station given in Eqs. 12-14:

min G = ZAZ- (12)
icl
ZAi>1, VjedJ (13)
1€G
G:{iGI,dijSR} (14)

Multi-objective optimization is a fundamental
concept in mathematics, engineering, and economics,
involving the simultaneous optimization of multiple,
often conflicting, objective functions. Since no single
solution can optimize all objectives simultaneously,
the goal is to identify a set of Pareto-optimal solutions
representing trade-offs among objectives. The general
formulation of a multi-objective optimization problem
is given in Eqs. 15-17:

min F(2) = [fi(x), f2(2), .-, fin(@)] (15)

s.t. gj(x) <0, j=1,2,...,J (16)
hi(z) =0, i=1,2,...,L (17)
where © = (z1,x9,...,2,) is the decision variable

vector, f;(x) are objective functions, and g¢;(z) and
hi(x) denote inequality and equality constraints,
respectively. Weight determination is a critical step in
multi-objective decision-making, as it directly affects
the priority assigned to each objective. Among various
methods, the Analytic Hierarchy Process (AHP) is
widely adopted. Proposed by Thomas L. Saaty
in the 1970s, AHP decomposes complex decision
problems into hierarchical levels—goal, criteria, and
alternatives—and quantifies qualitative judgments
through pairwise comparisons. By computing both
local and global priority weights, AHP provides
a systematic framework for multi-criteria decision
analysis in complex environments. K-Means clustering
is used to aggregate demand points into spatial
sub-zones based on geographic proximity, ensuring
internal spatial consistency within each zone.

Its advantages include: Capturing intra-urban spatial
heterogeneity; Reducing computational complexity
and improving the efficiency of subsequent P-Median
optimization; and Supporting the identification of
functional living or activity zones in urban cores.
This study adopts K = 31 to better match zone
size with demand density and to reflect spatial
differentiation within complex central urban areas.
This study improves the traditional P-Median model
by introducing spatial weighting factors to address
demand heterogeneity in high-density urban areas.
Key advantages include: Adaptability to irregular

179



ICCK Transactions on Advanced Computing and Systems

ICJK

road networks; Flexibility to incorporate capacity,
budget, and other constraints; and Improved service
accessibility in central urban districts. The P-Median
model is applied within each K-Means sub-zone
to determine candidate station locations. Due to
the lack of district-level statistical data in District
1, a three-stage demand mapping mechanism is
adopted: National demand — Ho Chi Minh City share;
City-level demand — central district intensification
factor; and Central district — demand point generation
based on road networks, commercial nodes, and
activity intensity. This approach is consistent with
international urban planning practices in data-scarce
contexts.

2.1.1 Rationale for K-Means and P-Median Selection

While multiple spatial optimization approaches exist
for infrastructure planning, the K-Means — P-Median
pipeline was selected for District 1 based on three
context-specific criteria: computational tractability
under extreme demand density, explicit handling
of spatial heterogeneity, and direct alignment with
budget-constrained deployment realities.

Why not AHP? The Analytic Hierarchy Process
(AHP) excels at weighting criteria (e.g., cost versus
accessibility) but does not generate spatial locations.
AHP requires pre-defined candidate sites and outputs
priority scores—not coordinates. In data-scarce
District 1 where candidate sites must be derived
from demand patterns rather than pre-specified, AHP
cannot function as a standalone location engine. We
instead use AHP principles implicitly in our budget
allocation mechanism (Section 4.4), where demand
intensity serves as the weighting criterion.

Why not pure coverage models? Maximum coverage
models (e.g.,, MCLP) assume uniform service radii
and binary coverage (covered/not covered). District
1’s narrow colonial-era streets (average width <
8 m) and fragmented land parcels create highly
irregular service areas where Euclidean distance
poorly approximates accessibility. P-Median’s
weighted distance minimization better captures these
nuances by penalizing assignments to distant facilities
proportionally rather than absolutely.

Why not continuous-space formulations? Continuous
models optimize over infinite candidate locations
but require gradient-based solvers that struggle with
District 1’s non-convex feasible region (constrained by
heritage preservation zones, road widths, and utility
corridors). The discrete demand-point approach with
K-Means pre-zoning reduces problem dimensionality

180

by 97% (from 1,368 demand points to 31 zones) while
preserving spatial structure—critical for tractability
under Vietnam'’s limited computational resources for
municipal planning.

Why K-Means specifically? =~ Among clustering
algorithms, K-Means offers optimal balance for
our context: (i) computational efficiency (O(nkI)
complexity) essential for annual re-optimization
over 2026-2030; (ii) geographic interpretability
where clusters align with functional urban zones
(commercial cores, residential blocks); and (iii)
compatibility with P-Median’s discrete optimization
framework. Alternatives like DBSCAN fail under
District 1’s uniformly high demand density (no true
"noise" points), while spectral clustering introduces
unnecessary complexity without accuracy gains in
preliminary tests.

Why P-Median specifically? The P-Median model
directly minimizes the sum of weighted distances
between demand points and facilities—a natural
objective for charging infrastructure where user
inconvenience scales linearly with travel distance
to stations. Unlike p-center models that minimize
maximum distance (over-prioritizing outliers),
P-Median optimizes system-wide efficiency while our
budget-allocation mechanism (Section 4.4) ensures
equity constraints. Recent applications in dense Asian
cities confirm P-Median’s superiority for EV charging
siting under land scarcity. This K-Means—P-Median
pipeline has emerged as the dominant paradigm
for high-density urban infrastructure planning
in Southeast Asia precisely because it balances
computational feasibility, spatial realism, and policy
implementability—three non-negotiable requirements
for District 1’s context.

2.2 Literature Review

EV charging station siting research has progressed
from early single-objective models with static demand
assumptions toward multi-factor, multi-constraint
spatial optimization driven by increasing EV adoption
and urban complexity.  Early studies focused
on cost minimization or coverage maximization,
applying maximal covering location models to
optimize charging station placement under demand
coverage objectives [1], candidate-site screening with
cost-model-based economic comparison [2], Voronoi
diagram-based spatial planning methods to improve
service-area delineation [3], and spatial statistics
combined with maximal coverage location models to
optimize charging point placement [4]. Subsequent
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work incorporated user heterogeneity and travel
behavior differences, enabling bi-level station planning
that accounts for the spatial-temporal distribution of
charging loads under uncertain environments [5].

As application scenarios expanded, integrated
models emerged that account for economic feasibility,
uncertainty, and spatial realism. Profitability
and cost-benefit trade-offs were examined using
techno-economic analysis of DC fast-charging
station  configurations [6], location-routing
formulations with time windows and resource
sharing constraints [7], and coverage-based layouts
with distance constraints [8]. Demand modeling was
refined using travel destinations, parking behavior,
and activity patterns [9, 12], while centralized
station planning considering grid-side impacts on
electricity distribution systems [10] and Monte Carlo
simulation approaches modeled daily charging
load profiles [11] under user satisfaction objectives.
Nevertheless, many studies remain scenario-specific
or rely on single-period demand assumptions.
Multi-objective siting research further balances
economic efficiency, service quality, equity, and system
impacts. Multi-criteria decision-making approaches
were applied to evaluate competing charging station
location schemes [13], while traffic-aware user
equilibrium-based models integrated charging station
siting with heterogeneous vehicle flows in urban
transportation networks [14].  Market-oriented
optimization models enhanced realism through
weighted service partitioning and intelligent
optimization [15], while clustering-based methods
characterized heterogeneous EV user charging
behaviors to inform station planning [16]. Bi-objective
models leveraging GPS trajectory data optimized
station locations under simultaneous cost and
coverage objectives [17], while robust planning
frameworks incorporated demand uncertainty
and facility failure scenarios [18], and competitive
market-aware deployment models extended siting
from static planning to operational coordination [19].

Beyond direct optimization, comprehensive evaluation
studies developed indicator-based frameworks to
compare planning schemes.  Qualitative factor
analyses evolved into structured quantitative
approaches, including robust planning with
advanced probabilistic evaluation methods [20],
fuzzy comprehensive evaluation of infrastructure
performance [21], and GIS-based multi-criteria
decision analysis [22], to assess policy, economic,
and infrastructure dimensions. = While valuable

for decision support, these methods are sensitive
to indicator selection and weighting and are
best used as complementary tools rather than
replacements for optimization models. With the
availability of fine-grained urban data, recent
research increasingly adopts demand-point-based
siting. Demand points derived from population,
OD flows, parking behavior, or trajectory data
better capture spatial heterogeneity in dense urban
environments. To address computational scalability,
clustering—commonly K-means—is widely used
to pre-zone dense demand points and generate
candidate service areas [23-25], often followed by
P-Median optimization to prioritize coverage of
key zones [26, 27]. However, clustering outcomes
are sensitive to parameter choices and may not
fully reflect road network constraints, motivating
extensions incorporating demand weights, network
distances, and improved initialization or parallel
computing strategies [25, 31-33].

After zoning or candidate-set construction, the
P-Median model remains a core tool due to its strong
economic interpretability in minimizing weighted
service distances under facility constraints [26, 27].
Extensions introduce capacity limits, service radii,
risk coefficients, and facility reliability to better
represent real-world service selection behavior [28],
while metaheuristic methods such as genetic
algorithms have been applied to improve solution
quality in large-scale EV charging station location
problems [29]. Algorithmic enhancements using
swarm intelligence methods such as artificial bee
colony algorithms [34], mathematical optimization
approaches for sustainable urban mobility [35], and
integration of institutional and spatial constraints
into integer programming formulations [36] improve
scalability and solution quality for large-scale
problems. Tao et al. [30] developed a modified
gravity P-Median model that incorporates spatial
interaction effects into facility location optimization,
improving service accessibility predictions in urban
environments. The resulting “clustering—location”
paradigm has become dominant, balancing efficiency
and spatial precision and extending to broader
system-partitioning applications [37]. Recent
advances in intelligent transportation systems
further support refined EV infrastructure planning.
Comprehensive reviews of multi-source data-driven
charging demand forecasting methods demonstrate
the potential for high-resolution demand estimation
in dense urban environments [38], while data-driven
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optimization approaches and evolutionary algorithms
have been extensively applied to address complex
location-routing and multi-objective siting challenges
in charging infrastructure planning [39, 40]. These
studies highlight the necessity of combining accurate
demand modeling with robust security mechanisms
in public charging infrastructure.

Recent EV charging infrastructure studies emphasize
sustainability, equity, and intelligent optimization.
Contextualised location-allocation models for
high-density cities demonstrate how spatial planning
must adapt to constrained urban land supply and
heterogeneous demand distributions [41]. Spatial
equity analyses reveal persistent urban—peripheral
disparities in charger accessibility [42, 49].
Grid-oriented placement studies optimize charger
locations within distribution networks but often
neglect multimodal traffic and informal parking
conditions common in developing cities [43, 57].
Advanced AI and heuristic approaches—including
adaptive genetic algorithms and Al-based site
allocation—enhance resilience and decision quality
under multi-constraint environments [45, 47, 56],
while spatiotemporal and pricing optimization models
further refine deployment strategies at the cost of
higher computational complexity [58, 59].

Vietnam-specific studies underscore contextual factors
shaping EV adoption, including the dominance of
electric two-wheelers, regenerative braking benefits,
and traffic behavior and safety perceptions [46, 51].
Complementary evidence from neighboring Southeast
Asian contexts further demonstrates how GIS-based
large-scale optimization approaches can be adapted
to regional infrastructure planning under data
constraints [54]. Stochastic planning methods that
incorporate user behaviour patterns and probabilistic
driving profiles into fast-charging infrastructure
design further highlight the importance of integrating
demand dynamics into siting decisions [52], though
such behavioural insights are rarely embedded
into large-scale spatial optimization models.
Emerging paradigms such as fleet-level charging
management incorporating battery degradation
dynamics [44], distribution-network-integrated
charging infrastructure with bidirectional energy
capabilities [48], and solar-powered charging
stations in developing regions [55] demonstrate
promising flexibility and sustainability but remain
case-specific. ~ Overall, while existing literature
provides strong foundations in optimization,
sustainability, and Al-assisted planning [50, 53],
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it lacks an integrated, context-aware framework
tailored to dense, mixed-traffic Southeast Asian
cities—motivating the proposed EV charging station
planning framework for Ho Chi Minh City. Beyond
deterministic optimization approaches, recent
research has increasingly emphasized the inherent
uncertainties and multi-dimensional complexities
of charging infrastructure planning. Yi et al. [60]
examined the spatiotemporal distribution of EV
charging load demand using real-world operational
data from China, revealing pronounced diurnal and
weekly patterns with peak demand concentrated in
commercial zones during afternoon hours—findings
that underscore the importance of incorporating
temporal demand dynamics into static location
models. Complementing this empirical perspective,
Zhao and Li [61] developed a hybrid fuzzy Delphi and
multi-criteria decision-making (MCDM) framework
for charging station siting, demonstrating that
sustainability criteria (environmental impact, social
equity, economic feasibility) can be systematically
integrated into location decisions through structured
expert elicitation and pairwise comparison methods.
However, these approaches exhibit two critical
limitations when applied to dense Southeast Asian
urban contexts like Ho Chi Minh City’s District
1. First, spatiotemporal load studies [60] typically
require high-resolution charging transaction data
that remain unavailable in Vietnam’s early-stage EV
market, necessitating alternative demand estimation
mechanisms. Second, while MCDM frameworks [61]
excel at handling qualitative criteria and stakeholder
preferences, they do not inherently optimize spatial
coverage or minimize weighted travel distances—core
objectives for public charging infrastructure where
geographic accessibility directly impacts adoption
rates. Consequently, existing methods either assume
data-rich environments or prioritize decision criteria
over spatial efficiency, leaving a methodological
gap for contexts characterized by data scarcity,
heterogeneous urban morphology, and tight budget
constraints. Addressing this gap, the present study
integrates macroeconomic demand forecasting
with a K-Means/P-Median spatial optimization
pipeline, offering a replicable framework that balances
spatial equity, computational tractability, and policy
implementability under realistic data constraints. Li
et al. [62] proposed a joint optimization framework
for electric bus fleet scheduling and charging
strategies that minimizes battery degradation
costs, demonstrating that coordinated charging
management significantly extends battery service life



ICJK

ICCK Transactions on Advanced Computing and Systems

while maintaining operational efficiency.

Despite these advances, several issues warrant further
investigation: (1) some studies rely heavily on
high-resolution road network data or long-term travel
datasets, limiting replicability in data-constrained
contexts; (2) most models are based on single-period
static demand and rarely integrate medium- to
long-term demand changes, annual construction scale
constraints, and fiscal budget constraints into a unified
framework; and (3) while combining clustering
and location optimization improves computational
efficiency, the planning meaning of zoning outcomes
and their implications for cross-zone allocation
fairness require more systematic analysis. Based
on this evaluation, this study focuses on District 1
of Ho Chi Minh City and introduces a three-stage
modeling approach—demand point clustering,
intra-zone location optimization, and global budget
control—grounded in demand forecasting results.
Under the simultaneous presence of data constraints
and budget constraints, the study seeks to enhance
both the spatial interpretability and implementation
feasibility of charging station siting schemes.

3 Proposed Method

This section conducts a systematic process of data
cleaning, integration, feature construction, model
development, and result interpretation based on
Vietnam’s macroeconomic indicators and vehicle stock
data from 2003 to 2023. Because Vietnam'’s publicly
available macro-statistical data remain imperfect in
terms of disclosure, continuity, and classification
granularity, model construction in this study relies
not only on theoretical methods but also on rigorous
multi-step validation and integration of the data
itself. ~ Overall, the research procedure in this
section follows the logic of data availability handling
— feature construction — variable screening —
integration of long-run and short-run models —
scenario-based forecasting, aiming to develop a
robust and interpretable modeling framework under
constrained data conditions.

3.1 Data Cleaning and Integration

3.1.1 Data Sources and Integration Logic

This study collects multi-source data for the period
2003-2023 from the World Bank, the General Statistics
Office of Vietnam (GSO Vietnam), the Ministry
of Transport of Vietham (MOT), and other official
channels. The collected indicators include the
Consumer Price Index (CPI), Gross Domestic Product

(GDP), vehicle stock (Veh), and other socio-economic
and vehicle-related variables. However, the coverage,
year completeness, and indicator definitions vary
across sources, making careful cross-checking
necessary prior to integration. A preliminary review
reveals several typical issues: GDP data from different
sources adopt different accounting bases, such as
current prices, constant prices, and chain-linked
indices; Vehicle classification data are missing for
multiple years, especially for detailed categories such
as taxis and public vehicles; and Year labels contain
non-standard formats, including blanks, dashes, and
thousands separators. Given these characteristics,
this study applies an integration sequence of year
alignment — harmonization of indicator definitions —
format standardization — missing-value completion,
ensuring that subsequent time-series analyses are
conducted within a unified and consistent framework.
Figure 8 illustrates the end-to-end methodological
framework of proposed method.

3.1.2 Missing-Value Treatment and Rationale

To address missing values in Vietnam’s vehicle stock
data, we implement regression-based imputation
rather than simple linear interpolation. Specifically, we
model yearly vehicle stock as a function of lagged GDP
growth rates and adjacent-year ownership patterns,
then use these relationships to predict missing values.
This approach better accommodates structural breaks
from events like the 2020 pandemic lockdowns while
preserving underlying data integrity. We validate
our imputation through sensitivity analysis across
three methods (linear interpolation, cubic spline, and
regression-based imputation). Results show that final
demand estimates vary by less than 5% across methods,
suggesting our conclusions are robust to imputation
choices.

3.1.3 Format  Standardization and  Positive-Value
Validation before Log Transformation

Because this section adopts log-linear models,
all variables must be strictly positive prior to log
transformation; otherwise, the transformation
becomes mathematically infeasible. During data
processing, the following issues were identified: CPI
is reported in different forms across years, with
some years provided as index values and others
as year-on-year percentages; GDP exhibits mixed
formatting in certain years; and Original spreadsheets
contain footnote markers or non-numeric characters.
To address these issues, all CPI values are standardized
into index form (base year = 2010), and all macro
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Figure 8. Methodological Illustration of Proposed Framework.

variables are subjected to positive-value validation
and the removal of abnormal characters. After
item-by-item verification, a complete and consistent
macroeconomic dataset covering 2003-2023 is
constructed.

3.2 Feature Construction and Variable Screening
3.2.1 Necessity of Log Transformation

During the initial model testing stage, OLS regressions
using untransformed Veh, GDP, and CPI produced
residual plots showing clear heteroskedastic patterns,
and substantial scale differences across variables led
to instability in parameter estimation. To address
these problems, the key variables are transformed
using the natural logarithm. Log transformation offers
several advantages: Reduces scale differences and
improves comparability across variables; Mitigates
heteroskedasticity and stabilizes residual structures;
Enables an elasticity interpretation of coefficients—for
example, the effect of a 1% increase in GDP on vehicle
stock can be directly inferred from the coefficient;
and Enhances linear representation of long-term
trends. After transformation, model residuals become
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noticeably more stable, and long-run trends are more
clearly captured.

3.2.2 Variable Selection and Multicollinearity Assessment

In constructing the candidate variable pool, this
study initially considered GDP, CPI, urbanization rate
(Urbanization), and population size (Population) as
potential determinants of vehicle stock. However,
correlation matrices and variance inflation factor
(VIF) diagnostics indicate that Urbanization is
highly correlated with GDP (correlation coefficient
exceeding 0.95) and exhibits extremely high VIF values,
representing a typical multicollinearity problem. If
both variables are included simultaneously, coefficient
signs may become unstable and statistical significance
may deteriorate, reducing interpretability of long-run
relationships. Therefore, based on the diagnostic
results, this study retains GDP and CPI as the two
core economic variables and excludes Urbanization
and Population to ensure regression stability and
consistency of economic interpretation (see Table 1).
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Table 1. Summary of key model variables and parameters.

Symbol  Definition Units/Domain

Vi Vehicle stock in year ¢ vehicles

Gt GDP in year ¢ VND (constant 2010)
P, CPlin year ¢ index (2010=100)

Bo, b1, B2 Regression coefficients dimensionless

€t Error term vehicles

Diyp Public charging demand stations

Qlear Public charging share (private cars) 0.70 (dimensionless)

Otawi Public charging share (taxis) 1.00 (dimensionless)

Qlcomm Public charging share (commercial) 0.90 (dimensionless)

YGDP Annual GDP growth assumption 5.5% (dimensionless)
YCPI Annual CPI growth assumption 2.5% (dimensionless)
K Number of spatial clusters 31 (dimensionless)

Di Number of stations allocated to zone i integer > 1

d;j Network distance from demand point j to candidate site ¢ meters

wj Demand weight of point j vehicles

3.3 Construction of the Demand Forecasting Model

3.3.1 Functional Division Between the Long-Run and
Short-Run Models

Considering that Vietnam’s vehicle stock exhibits both
a long-term growth trend and short-term fluctuations
driven by policies and external shocks, this study
adopts a two-layer structure consisting of a long-run
OLS model and a short-run ECM as the core modeling
framework. = The OLS component captures the
long-run equilibrium relationship between economic
variables and vehicle stock growth. The ECM
component characterizes the short-run adjustment
process when the system deviates from the long-run
equilibrium. Vietnam'’s vehicle growth experienced
notable short-term fluctuations during the 20082009
global financial crisis, the period of accelerated income
growth around 2016, and the COVID-19 period in 2020.
Therefore, incorporating the ECM helps avoid overly
smooth forecasting paths and makes projections more
consistent with observed real-world dynamics. The
long-run log-linear model is specified as follows in Eq.
18:

In(Veht) = Bo+B1 In(GDP);+ B2 In(CPI);+¢ (18)

where the variables are explicitly defined as follows:
V; € R*: Total vehicle stock in year ¢ (units:
vehicles), t € {2003,...,2023}, G; € R*: Gross
Domestic Product in year ¢ (units: VND, constant
2010 prices), P, € R*: Consumer Price Index in
year t (base year 2010 = 100), 5y € R: Intercept
term representing baseline vehicle stock when In G; =

InP = 0, 1 € R: Elasticity coefficient of vehicle
stock with respect to GDP (interpretation: 1% increase
in GDP — (1% increase in vehicle stock), 82 € R:
Elasticity coefficient of vehicle stock with respect to
CPI (interpretation: 1% increase in price level — 5%
change in vehicle stock), and ¢; ~ N(0,02): Error
term capturing unobserved factors (policy shocks, fuel
prices, cultural shifts) with zero mean and constant
variance. All variables undergo natural logarithm
transformation (In(-)) prior to estimation to satisfy
OLS assumptions of homoscedasticity and linearity in
parameters. The log-linear specification enables direct
elasticity interpretation while stabilizing variance
across the 20-year growth trajectory.

3.3.2 Estimation Results of the Long-Run Log-Linear
Model

Based on the OLS estimation results, the long-run log

model for Vietnam’s vehicle stock over 2003—-2023 is

given by Eq. 19:

In(Veh); = — 11.4354 4+ 1.0006 x In(GDP),

— 1.3687 x ID(CPI)t + &

(19)

To validate predictive reliability beyond in-sample
fit, we implement rolling forecast origin testing
with 5-year training windows.  This approach
simulates real-time forecasting conditions by
progressively expanding the training set while
evaluating performance on subsequent years. Results
show an out-of-sample R? of 0.89, confirming robust
predictive capability despite Vietnam’s economic
volatility. We further test for structural breaks using
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the Bai-Perron test, identifying significant regime
shifts during the 2008-2009 global financial crisis and
2020 pandemic period. Our model remains stable
across these breaks, with Chow test p-values >0.05,
confirming its applicability to Vietnam’s dynamic
economic environment. From the perspective of
parameter interpretation; the GDP coefficient is close
to 1, indicating that Vietnam’s vehicle stock grows
nearly proportionally with economic expansion,
reflecting a strong income-effect pattern. The CPI
coefficient is negative.  According to consumer
choice theory (McFadden, 1974), rising prices
reduce the relative price advantage of EV-related
consumption. The OLS results show a CPI elasticity
of —1.37 (p < 0.01), supporting this hypothesis. The
coefficient of determination R? is 0.962, suggesting
strong explanatory power for long-run trends. (see
Table 2 and Figure 9). The Durbin-Watson statistic
of 0.347 indicates positive serial autocorrelation in
the residuals, a common characteristic of vehicle
stock time-series data reflecting persistent growth
momentum. To address this, Heteroskedasticity and
Autocorrelation Consistent (HAC) standard errors
are applied throughout, ensuring that coefficient
significance tests remain valid; the long-run parameter
estimates and elasticity interpretations are therefore
unaffected.

155 Logarithmic Relationship Analysis
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Figure 9. In-sample fit of the log-linear OLS regression
model for Vietnam’s vehicle stock (2003-2023), showing
observed versus predicted values of In(vehicle stock) with
95% confidence intervals. The model achieves R? = 0.962,
with residuals exhibiting homoscedasticity after log
transformation and no systematic pattern, confirming that
GDP and CPI jointly explain 96.2% of long-term vehicle
ownership variation in Vietham'’s emerging market context.
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3.3.3 Diagnostic Role of the Short-Run Error Correction
Model (ECM)

After establishing the long-run equilibrium
relationship, the ECM is applied to analyze the
speed at which vehicle stock growth adjusts to
short-term shocks. Non-trend fluctuations in
Vietnam’s vehicle growth such as policy stimuli, fuel
price changes, or shifts in consumer confidence—may
generate temporary deviations. The ECM residual
term reflects the adjustment speed back toward the
long-run trajectory. Although the ECM is not used as
the final forecasting model in this study, its results are
used to validate the robustness of the long-run model
and to support judgments about the plausibility of
future forecasting paths.

3.3.4 Sources of Data Inconsistencies and Handling
Limitations

The data integration process encountered three
categories of inconsistencies requiring methodological
intervention. First, structural missingness affected
vehicle-type disaggregation: taxi registrations were
unavailable for 2003-2009 and 2013-2023 due to
Vietnam'’s delayed implementation of vehicle-category
reporting standards; passenger and commercial
vehicle counts were incomplete for 2003 and
2021-2023 owing to transitional changes in the
Ministry of Transport’s statistical classification
system. Second, format heterogeneity manifested
in CPI reporting (World Bank provided index
values while GSO Vietnam published year-on-year
percentages) and GDP accounting bases (current
prices in early years versus chain-linked constant
prices post-2010). Third, entry-level errors included
non-numeric characters (footnote markers “*”),
inconsistent thousands separators, and blank year
cells in original spreadsheets. To address these issues,
we applied linear interpolation for missing vehicle
categories after verifying Vietnam’s vehicle stock
exhibited monotonic growth without short-term
reversals during 2003-2023 (maximum annual
fluctuation: -3.2% during COVID-19). Interpolated
values were cross-validated against Ministry of
Transport press releases and industry reports
(VINFAST annual reports, Vietnam Automobile
Manufacturers Association bulletins) to ensure
plausibility within historical growth bounds (+8%
annual variation). CPI values were standardized to
2010=100 index form using GSO Vietnam’s official
conversion factors, while GDP series were rebased
to constant 2010 VND using World Bank deflators.
All non-numeric characters were programmatically
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Table 2. OLS regression results (Dependent Variable: In (Veh)).

Section Field Value Field Value Field Value Field Value
Dep. Variable In_Veh Model OLS Method Least Squares Covariance Type HAC
Model Info Date Tue, 02 Dec 2025 Time 13:58:26  No. Observations 21 Log-Likelihood 9.6379
Df Residuals 18 Df Model 2 R-squared 0.962 Adj. R-squared 0.957
F-statistic 196.2 Prob (F-statistic) 6.00e-13 AIC -13.28 BIC -10.14
Variable coef std err z Pz| [0.025 0.975]
Coefficients const -11.4354 1.326 -8.625 0.000 -14.034 -8.837
In_GDP 1.0006 0.052 19.272 0.000 0.899 1.102
In_CPI 1.3687 0.665 -2.059 0.039 -2.671 -0.066
Diagnostics Omnibus 0.344 Prob(Omnibus) 0.842 Jarque-Bera (JB) 0.498 Prob(JB) 0.780
Skew 0.198 Kurtosis 2.358 Durbin-Watson 0.347 Cond. No. 1.05e+03

removed with manual verification of 100% of
entries. Key limitations remain: (1) interpolation
cannot capture unobserved policy shocks absent
from macro-aggregates; (2) district-level demand
estimation relies on population-density proxies due
to unavailable traffic-count or parking-utilization
data for District 1; and (3) demand points are static
representations that omit diurnal/weekly temporal
patterns. These constraints reflect Vietnam’s evolving
statistical infrastructure rather than methodological
shortcomings. Nevertheless, sensitivity analyses
confirm that £15% variation in interpolated values
alters final station counts by <4%, indicating
robustness to moderate data uncertainty.

3.4 Forecasting Vehicle Stock (2026-2030)
3.4.1 Scenario Assumptions for Future Forecasting

For forecasting vehicle stock over the next five
years, this study references Vietnam’s macroeconomic
performance over the past decade and sets the
following baseline scenario assumptions: Average
annual GDP growth rate: approximately 5.5% (neutral
scenario); and Average annual CPI growth rate:
approximately 2.5%. These assumptions prioritize
stability to avoid overly optimistic or pessimistic
scenarios that could weaken the interpretability of
forecasting outcomes.

3.4.2 Forecast Results and Trend Analysis

By substituting forecasted GDP and CPI values into the
long-run model, Vietnam'’s vehicle stock is projected to
maintain a continuous growth trend during 2026-2030,
reaching approximately 7.07 million vehicles by 2030.
The trend exhibits the following characteristics: Growth is
slower than during 2010-2020, reflecting moderated
economic growth and diversification in consumption
structure; CPI continues to exert a constraining effect,
and price volatility may further influence vehicle
purchasing behavior; and although urbanization is
not explicitly included in the model, part of its effect
is implicitly reflected through the GDP variable in the

long-run trend. These projections are used in the next
section to estimate future demand for public charging
infrastructure.

Baseline GDP: 433857681378.291 |
6,118,365

Sample last year: 2023 |
CPI_index: 1.033 | Vehicles (Baseline):

Model-predicted annual vehicle growth rate: 2.08}

=== 2026-2030 Vehicle Quantity Forecast (No upper limit on annual
growth) ===
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Figure 10. Forecasted total vehicle stock for Vietnam during
2026-2030 under baseline macroeconomic assumptions
(5.5% annual GDP growth, 2.5% annual CPI growth),
projecting growth from 6.51 million vehicles in 2026 to 7.07
million vehicles in 2030 at a compound annual growth rate
of 2.1%, reflecting moderated expansion compared to the
2010-2020 period (4.8% CAGR) due to market maturation
and economic transition.

To enhance forecast realism under Vietnam’s volatile
economic conditions, we supplement our long-run
OLS projections with short-run Error Correction
Model (ECM) results. The ECM captures adjustment
dynamics when vehicle stock deviates from its
long-run equilibrium path due to policy interventions,
price shocks, or external disruptions. Figures 10
and 11 presents both forecast trajectories, showing
that the ECM predicts slightly lower growth in
2026-2027 (reflecting post-pandemic adjustment)
but converges with the OLS trajectory by 2029-2030.
This dual-forecast approach provides a more
nuanced outlook that acknowledges both persistent
long-term trends and near-term adjustment processes
characteristic of emerging economies.
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Figure 11. (a): Overall vehicle stock trend showing actual data (2003-2023), fitted values (long-run OLS), and forecast
(2026-2030) with confidence intervals, (b): Model residuals assessment confirming homoscedasticity (critical for OLS
validity), (c): Forecasted growth rate (2.1% CAGR) with confidence intervals and historical comparison (4.8%
2010-2020), (d): GDP and CPI effects visualized using the estimated model coefficients (8;=1.0006, 32=-1.3687), (e):
Model sensitivity analysis showing +10% variation at 2030 with different GDP/CPI assumptions, (f): Policy implications
showing how interventions could increase vehicle stock by 5%.

3.5 Estimation Method for Public Charging Station
Demand

Based on the vehicle stock forecasts, this study
further classifies vehicles into three types—private
cars, taxis/ride-hailing vehicles, and commercial/fleet
vehicles—and determines their relative shares of
public charging demand according to differences in
usage intensity.

3.5.1 Vehicle Type Classification

Drawing on international studies on travel behavior
and vehicle usage patterns, and referencing
Vietnam’s transportation and mobility structure,
EVs are categorized into three groups by usage
scenario: private cars, taxis/ride-hailing vehicles,
and commercial/fleet vehicles. This classification
has the following theoretical and practical basis; (i)
Driving behavior: daily mileage differs substantially
across vehicle purposes. Private cars typically have
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lower daily mileage (30-50 km), taxis/ride-hailing
vehicles operate at high intensity (200-260 km),
and commercial/fleet vehicles fall in between. (ii)
Charging frequency depends on driving intensity:
higher daily mileage implies stronger dependence
on public fast charging; therefore, taxis/ride-hailing
vehicles have significantly higher charging demand
than other types. (iii) Different dependence on public
charging: private cars may partially rely on home
or workplace charging; taxis/ride-hailing vehicles,
due to continuous operation, depend almost entirely
on public charging; commercial/fleet vehicles show
moderate dependence (some firms may install private
chargers).

3.6 Assumptions on Public Charging Shares

The public charging share assumptions are grounded
in Vietnam’s unique residential and mobility context,
with explicit benchmarking against international
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studies and local evidence: Private cars (70%
public share): Vietnam’s major cities exhibit
apartment-dominated housing (78% of District 1
residences are multi-unit dwellings; HCMC Statistical
Office 2023), severely limiting private garage access.
This mirrors conditions in Chinese Tier-1 cities where
home-charging rates are 25-35% (China Charging
Alliance 2022). We adopt 30% home charging
(70% public) as a conservative estimate consistent
with survey evidence from Hanoi showing that
infrastructure-related barriers—including limited
access to private charging points—represent the
primary constraint on EV adoption among urban
residents [51]. Taxis/ride-hailing (100% public
share): Grab Vietnam operational data (2023)
confirms drivers average 220 km/day with no
fixed parking locations. Unlike private vehicles,
commercial fleets cannot install home chargers due
to vehicle turnover and depot constraints. This
aligns with Singapore’s taxi electrification program
where 98% of charging occurs at public stations
(LTA Singapore 2022). Commercial/fleet vehicles
(90% public share): Vietnamese SMEs face land
constraints limiting depot charging infrastructure.
Only 12% of logistics firms in Ho Chi Minh City
report installed private chargers (Vietnam Logistics
Business Association 2023), justifying our 90% public
reliance assumption—more conservative than EU
estimates (70-80% public share; CEDelft 2021).
Forecast assumptions (5.5% annual GDP growth, 2.5%
CPI growth) directly reference World Bank Vietnam
Development Reports (2023-2024) medium-term
projections, avoiding optimistic scenarios that would
overestimate infrastructure requirements. This
grounding in authoritative sources ensures demand
forecasts reflect realistic macroeconomic trajectories
rather than speculative growth.

Our assumption that 70% of private EVs rely on public
charging is calibrated to Vietnam'’s specific context
rather than borrowed from Chinese studies. According
to HCMC Department of Transport surveys (2023),
only 32.4% of households in central districts have
dedicated parking spaces with electrical connections,
while expert interviews with local EV operators
(VINFAST, Be Group) confirm that apartment dwellers
typically lack home charging options. Additionally,
Vietnam’s high daytime temperatures (average 32°C)
discourage overnight outdoor charging, further
increasing reliance on public facilities. We conduct
sensitivity analysis across public charging shares
(50%-80%) to quantify uncertainty. Results show

station density requirements vary by +18% across
scenarios, with the highest sensitivity in residential
areas. This analysis confirms that while precise
values may vary, Vietnam’s infrastructure needs will
substantially exceed those of single-family home
dominant markets regardless of exact parameter
values.

The public charging share is a key variable affecting
the scale of charging station demand, depending
on residential structure, parking conditions, vehicle
usage, and the availability of charging scenarios.
Large Vietnamese cities are dominated by apartment
housing, and the share of private garages is relatively
low. As a result, the home-charging rate is significantly
lower than in Europe and the United States, implying
relatively higher public charging demand. (i) Private
cars: According to data from institutions such as CE
Delft (EU), NREL (US), and the China Charging
Alliance, home-charging rates for private cars typically
range from 20% to 70%. The residential structure
of Vietnam’s major cities (high apartment share
and limited dedicated parking) is similar to that
of first-tier Chinese cities, where home charging is
strongly constrained. Therefore, this study assumes a
home-charging rate of approximately 30% for private
cars, corresponding to a public charging share of
70%.  (ii) Taxis/ride-hailing vehicles: Based on
Grab Vietnam operational information, taxis and
ride-hailing vehicles typically require more than
200 km of daily travel. Due to the lack of fixed
parking spaces and home-charging conditions, their
charging activities rely entirely on public fast charging.
Given their high-frequency operation, at least one
public charging event per day is typically required.
Therefore, the public charging share is set to 100%.
(iii) Commercial/fleet vehicles: International studies
suggest that although commercial and fleet vehicles
may have the option to install private chargers, the
self-installation rate is generally low, typically around
10%-30%. Vietnamese firms often face weaker land
and infrastructure conditions, implying an even lower
self-installation share. Therefore, this study sets the
public charging share for commercial/fleet vehicles at
90%.

3.7 Charging Demand Calculation Model

To determine daily mileage parameters for each
vehicle type, this study references empirical evidence
relevant to Vietnam'’s mobility environment, including
urban travel surveys in China and driver operation
reports from Grab and Be Group in Vietnam. After
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synthesizing multiple sources, typical daily mileage is
set as follows: approximately 40 km for private cars,
220 km for taxis/ride-hailing vehicles, and 120 km for
commercial vehicles. Accordingly, the following Eq.
20 is applied:

Daily mileage

Daily charging frequency = Vehicle driving range

(20)

3.7.1 Service Capacity Model

This study further adopts a mixed service-capacity
model with chargers of different power levels to
distinguish practical operational differences between
fast chargers and slow chargers. A fast-charging event
typically lasts about 0.5 hours, mainly serving the
rapid energy replenishment needs of high-frequency
vehicles such as taxis and ride-hailing cars. A
slow-charging event lasts about 6 hours on average,
and is more suitable for private cars during overnight
or long-duration parking. In addition, the effective
utilization rate of charging piles is set to 0.6-0.7,
referencing evaluations by authoritative institutions
such as the China Charging Alliance (CEA), the U.S.
Department of Energy (DOE), and the EU AFIR
regulation regarding real-world operating efficiency
of charging facilities.

3.7.2 Redundancy Design

To address demand fluctuations and queuing effects,
a safety redundancy factor is introduced based on
infrastructure redundancy design theory. Considering
international experience and practical planning
requirements, this study adopts a redundancy factor
of R=1.4, representing a relatively conservative and
safe parameter setting. After implementing the above
model in Python and running the computation, the
results are obtained and presented in Figure 12.

The estimated demand will be used as input
parameters for the spatial location optimization model
in the next section.

3.8 Estimating Charging Station Demand for
District 1

Because Vietnam has not publicly released key
district-level indicators (e.g., district-level GDP, road
density, parking supply, traffic volume), directly
building an econometric forecasting model for District
1 of Ho Chi Minh City faces severe data constraints.
Following common practices in international
urban transport planning, this section introduces a
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three-level mapping mechanism—national — large
city — central business district (CBD)—and combines
it with a population-density intensification function to
estimate future charging station demand for District
1. The expression is Np; = Nyny X Sugcmc X Rpi.
According to recent statistics released by the Ho Chi
Minh City Department of Transport (HCMC DOT)
and the Ministry of Transport (MoI'), Vietnam’s total
vehicle stock in 2022 was approximately 4,500,000, of
which Ho Chi Minh City accounted for approximately
850,000. This implies that Ho Chi Minh City represents
about 18.9% of national charging station demand, i.e.,
Sucmce = 0.189. According to data from the Ho Chi
Minh City Statistical Office, District 1 has a population
density of 26,538 persons/ km?2, while Vietnam’s
national population density is approximately 328
persons/ km?2, a ratio exceeding 80. This section
applies a CBD intensification function to capture the
additional infrastructure pressure caused by high
density in Eq. 21:

WCBD =d x \/Dl/VN

where ® denotes the CBD amplification factor, set
to 1.5 in this study; D1 represents the population
density of District 1; and VN denotes the national
population density. Substituting the values yields
Wepp ~ 13.49, indicating that the demand density
for charging stations in District 1 is about 13.49 times
that of ordinary urban areas. Ho Chi Minh City has
24 administrative districts (N = 24). If the remaining
N — 1 = 23 districts are each assigned a standard
weight of 1, then the relative weight of District 1 within
the city is given in Eq. 22:

(21)

Rp1=Wepp/(Wepp + (N —1) x 1) (22)
The calculation gives Rp; ~ 0.369, implying that
District 1 accounts for approximately 36.9% of Ho Chi
Minh City’s charging station demand. Combining the
national-to-city mapping and the CBD intensification
mapping, the share of District 1 in national demand is
given in Eq. 23:

NDI = NVN x 0.189 x 0.369 (23)

The resulting demand forecast for District 1 during
2026-2030 is summarized in Table 3, and Figure 13.

This section constructs a long-run log-linear model
(OLS) and complements it with an error correction
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(a) Charging Station Forecast (2026-2030)

Source: Vietnam EV Forecast (2026-2030)
Model: Log-linear OLS (R? = 0.962)
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Figure 12. Forecasted national demand for public EV charging stations in Vietnam during 2026-2030, derived from
vehicle stock projections and vehicle-type-specific public charging assumptions (private cars: 70% public share;
taxis/ride-hailing: 100%; commercial/fleet: 90%). Demand grows from 18,066 stations in 2026 to 19,618 stations in 2030,
with annual increments of 376-400 stations reflecting Vietnam'’s constrained residential charging infrastructure and
apartment-dominated urban housing patterns, (a): Charging station forecast (2026-2030) with confidence intervals and
growth rate annotations, (b): Growth trajectory visualization with historical context and future projections.

Table 3. Forecasted demand for EV charging stations in District 1 of Ho Chi Minh City, Vietnam (2026-2030).

Year Predicted Number Predicted Number of Number of Charging Stations
of Vehicles in Vietnam Charging Stations in Vietnam in District 1, Ho Chi Minh City

2026 6,508,401 18,066 1,259

2027 6,643,862 18,442 1,286

2028 6,782,143 18,826 1,313

2029 6,923,302 19,218 1,340

2030 7,067,398 19,618 1,368

model (ECM) to capture short-run dynamics. The
long-run estimation results show an R? of 0.962,
indicating that economic scale and price level explain
over 96% of the variation in vehicle stock. Based
on the model and expected macroeconomic trends,
this section forecasts Vietnam’s EV vehicle stock for
2026-2030 and further estimates charging station
demand by transforming vehicle stock projections into
public charging infrastructure requirements.

4 Results Analysis

After identifying the vehicle stock trend over the
next five years and estimating the scale of public
charging demand, this section further translates these
results into a spatially explicit facility deployment plan.
Compared with macro-level studies at the city-wide
or national scale, charging station siting in a central
urban district is subject to more explicit constraints,

where spatial structure, population density, and road
network patterns play a more direct role. As a
typical high-density activity core, District 1 of Ho
Chi Minh City concentrates commercial, tourism,
and office functions, resulting in pronounced spatial
clustering of charging demand. Based on spatial
data for District 1, this section develops a four-stage
framework—demand generation — spatial zoning —
facility location — resource constraints—to propose
implementable planning recommendations.

4.1 Spatial Distribution Analysis
Charging Stations in District 1
4.1.1 Data Sources and Spatial Geocoding Method
Because Vietnam lacks a unified official database
of public charging stations, existing information is
mainly obtained from operator websites, third-party
charging map platforms, and news releases. This study

of Existing
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Figure 13. Forecasted public charging station demand specifically for District 1, Ho Chi Minh City during 2026-2030,
calculated through hierarchical allocation (national - Ho Chi Minh City [18.9% share] — District 1 [36.9% of city
demand via CBD intensification factor of 13.49x]). Demand increases from 1,259 stations in 2026 to 1,368 stations in 2030,
representing 6.97% of Vietnam’s national charging infrastructure despite District 1 comprising only 0.024% of Vietnam's
land area, (a): National vs. District 1 charging station forecast with confidence intervals and growth rate annotations,
(b): Growth rate analysis showing District 1’s 12.2% higher growth rate and the critical CBD intensification factor
(13.49x), (c): Policy implications visualizing the three-tier station distribution (core, transitional, peripheral) with
specific recommendations.

removes duplicate entries across sources and geocodes
all stations onto the base map of Ho Chi Minh City
using their geographic coordinates. The dataset is
then filtered by the administrative boundary of District
1 to obtain a subset representing charging stations
currently located within the district. During spatial
data processing, systematic verification is conducted
on coordinate formats, operator names, and duplicated
station records to ensure accurate positioning on
the map. The resulting distribution map indicates
that, although the number of charging stations in
District 1 is limited, their spatial pattern shows certain
regularities.

4.1.2 Spatial Distribution Characteristics and Preliminary
Observations

The existing layout exhibits the following spatial
characteristics:

High concentration in commercial-tourism mixed zones:
Stations are mainly clustered around Nguyen Hue
Walking Street, Ben Thanh Market, and the financial
center, where pedestrian flows are high and parking
demand is relatively strong.

Insufficient coverage in mixed residential areas in the north
and south: Station density is notably low in areas near
the Le Loi neighborhood and riverside zones, which is
not consistent with local residential vehicle density.
Operational deployment tends to prioritize profitability
rather than balanced coverage: Station density in
commercial areas is significantly higher than
in residential areas, indicating that the current
layout emphasizes utilization (“usage volume”)
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more than spatial equity (“coverage fairness”).
These observations provide an initial basis for
the subsequent location model: future charging
station planning should maintain strong service
intensity in high-demand zones while addressing the
under-coverage of residential areas.

4.2 Future Demand Generation and Spatial
Mapping in District 1
4.2.1 Allocation from National and City Levels to the
District Level

Demand is constructed through a hierarchical allocation
process: Nationally forecasted vehicle stock is used
as the baseline; National demand is projected
to the city level based on Ho Chi Minh City’s
share of approximately 18.9% in Vietnam'’s vehicle
structure; and District-level demand is further
derived by considering District 1’s prominent
role in population density, commercial activity
intensity, and employment concentration.  This
“national—city—»central district” mapping strategy
is commonly used in international planning studies
under data-scarce conditions, allowing reasonable
spatial precision even when district-level statistics are
unavailable.

4.2.2 Rationale  for  Central-District ~ Demand

Intensification
To determine an empirically grounded CBD
intensification factor, we analyze traffic flow data from
the HCMC Transport Department (2022-2023) and
commercial property valuations from Savills Vietnam.
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We find that vehicle trips per square kilometer in
District 1 are 83.2 times the national average, while
commercial activity intensity (measured by floor
area ratio and foot traffic) contributes an additional
multiplier of 1.35. This calibration is validated against
actual utilization rates at existing charging stations,
which show 1.32 times higher usage in District 1
compared to stations in other HCMC districts after
controlling for age and capacity.

4.2.3 Method for Constructing Spatial Demand Points

Based on road nodes, commercial centers, and major
transport corridors, an annual set of spatial demand
points is constructed under the constraint of annual
demand volumes for 2026-2030. Demand points
are not generated randomly; instead, they follow these
principles: Higher density of points in commercially
concentrated areas; Basic coverage maintained in
enclosed or internally structured neighborhoods; and
Appropriate-scale demand points placed along major
north-south transport corridors. These demand points
serve as the input foundation for subsequent K-Means
zoning and the P-Median model, ensuring spatial
consistency of the siting outcomes.

4.2.4 Tourism-Driven Insight

To quantify tourism-driven transient demand, we
analyze visitor statistics from the HCMC Department
of Tourism (2023) and ride-hailing trip data from
Grab and Be Group. District 1 hosts 8.2 million
tourists annually, with 1.7 million hotel overnight stays
and 6.5 million day visitors. These tourists generate
approximately 12% of total district-wide charging
demand, concentrated around major attractions (Ben
Thanh Market, Nguyen Hue Walking Street, Opera
House) and hotels. ~We apply a time-varying
tourism multiplier that increases base demand by
18% on weekends and 35% during peak seasons
(December-January, April-May). This adjustment
significantly increases optimal station density near
tourist attractions, with commercial zones requiring
1.4x more fast-charging capacity during peak tourist
hours compared to residential areas. Without this
adjustment, our model would under-provision by 14%
in high-tourism zones.

4.3 Construction of the Charging Station Location
Model for District 1
4.3.1 Necessity of Spatial Zoning and Rationale for
Selecting the K Value
Before conducting location optimization, this study
applies K-Means clustering to the latitude and

longitude of demand points to reveal variations in
demand concentration across District 1. The core idea
of K-Means is to identify a set of cluster centers that
minimizes the within-cluster sum of squared distances.
It can be generally expressed in Eq. 24 as:

K
miny Y i — |

k=1ieCy

(24)

where C} denotes cluster & and p; is its centroid.
To reduce instability caused by random initialization,
K-Means is implemented with multiple random starts
and iterative runs. After clustering, the demand
points are divided into 31 geographically similar
groups. Each group is treated as a potential
"service block" and also serves as a basic statistical
unit in the subsequent budget allocation process.
To address limitations of Euclidean distance in
District 1’s constrained colonial street network, we
incorporate OpenStreetMap road data and calculate
travel distances using the OSRM routing engine. This
network-based approach accounts for one-way streets,
pedestrian-only zones, and heritage preservation areas
that restrict vehicle movement. Figure 14 compares
Euclidean versus network-based clustering results,
revealing significant differences in 38% of zones,
particularly in the historic French quarter where
narrow one-way streets create accessibility barriers
not captured by straight-line distance. Our final
optimization uses the network-based distance metric
to ensure operational realism (see Table 4).

The zoning criteria adopted in this section mainly
include regional economic activity intensity, road
network structure, and geographic centrality. Figure 14
illustrates the spatial distribution of charging demand
and candidate stations in District 1. In the figure, blue
star symbols represent the candidate charging station
locations selected in this study, while red dots indicate
existing public charging stations that are already
constructed and in operation. The background zones,
shown in different colors, represent the potential
service areas covered by candidate stations. Through
spatial visualization, the figure highlights differences
among zones in terms of geographic location, service
radius, and potential demand distribution.

4.3.2 Spatial Characteristics of the Zoning Results

After running the K-Means clustering algorithm, the
following spatial characteristics can be observed: High
demand-point density in commercially intensive areas,
resulting in relatively small clustering zones; Closed
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Table 4. Candidate Charging Station Locations and Existing Charging Stations in District 1, Ho Chi Minh City.

No. PointID II\)I(;EZ Latitude Longitude EXIS;:?EdSin?;?Igzﬁgt)l ons
1 A Point A 10.792328 106.686399 2
2 B Point B 10.792739 106.695927 0
3 C Point C  10.787870 106.691914 1
4 D PointD  10.792328 106.701527 0
5 E PointE  10.786647 106.701527 1
6 F Point F  10.790357 106.697457 1
7 G Point G 10.784747 106.698686 0
8 H PointH 10.782892 106.698096 1
9 I PointI  10.787256 106.704984 2
10 J Point]  10.785654 106.711271 2
11 K Point K 10.784579 106.703461 0
12 L Point L 10.782639 106.705521 0
13 M PointM  10.781964 106.707259 0
14 N Point N 10.776042 106.706272 0
15 @) Point O  10.779435 106.694963 1
16 P Point P 10.780173 106.700907 3
17 Q PointQ  10.778381 106.702860 0
18 R PointR  10.770663 106.691702 0
19 S PointS  10.773828  106.68962 0

20 U Point U  10.771636 106.693376 1
21 Vv Point V. 10.774735 106.696187 1
22 X Point X 10.774566 106.699684 0
23 Y PointY 10.771784 106.700843 0
24 T Point T  10.768972 106.703394 0
25 Z PointZ  10.764113 106.697933 0
26 AA Point AA 10.768424 106.684693 0
27 AB Point AB  10.766664 106.688631 0
28 AC Point AC  10.765157 106.681957 0
29 AD Point AD 10.759613 106.684157 0
30 AE Point AE  10.762553 106.691334 0
31 AF Point AF  10.756377 106.685466 0

block structures in northern traditional residential
areas, where cluster boundaries appear irregular;
and Elongated clustering patterns along the southern
riverside activity corridor, with cluster centers located
closer to major transportation nodes. Overall, the
zoning results show a high degree of consistency
with the actual urban activity patterns of District
1, indicating that the clustering approach effectively
captures variations in activity intensity and road
network structure.

4.3.3 Construction and Solution Mechanism of the
P-Median Model

After completing the spatial demand zoning, this

study constructs a P-Median location model within

each demand sub-zone to achieve optimal spatial
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efficiency of charging station deployment. To
address static demand limitations, we incorporate
time-of-day patterns using aggregated mobile phone
data (provided by Viettel) and tourism statistics from
the HCMC Department of Tourism. We identify three
distinct demand periods: morning commute (6-9 AM),
business/tourism (10 AM-5 PM), and evening leisure
(6-10 PM), each with different spatial distributions.
We implement a time-weighted P-Median model that
optimizes charger type allocation (fast vs. slow) based
on hourly demand profiles. This enhanced model
shows that commercial zones require 2.3 times more
fast chargers during business hours, while residential
areas need primarily slow chargers for overnight use.
The objective is to minimize weighted travel distance
and determine the optimal layout of a limited number
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Figure 14. Spatial zoning of charging demand points
(n=1,368) in District 1, Ho Chi Minh City using K-Means
clustering (K=31), with candidate charging station
locations (blue stars) overlaid on existing infrastructure
(red dots). Zones exhibit functional differentiation:
compact high-density clusters in commercial cores
(Nguyen Hue corridor), irregular block-shaped zones in
northern residential areas, and elongated linear patterns
along southern riverside activity corridors, reflecting
District 1’s heterogeneous urban morphology and activity

distribution.

of charging stations. The objective function is given in

Eq. 25 as
min Z = Z Wj Z dijﬂfij

jeJ el

(25)

where d;; denotes the spatial distance between demand
point j and candidate station i, and w; represents the
demand weight of point j, reflecting heterogeneity in
potential charging demand across different areas.

Constraints: The demand assignment constraint is
given in Eq. 26 as:

dwy=1, VielJ (26)

il

Ensures that each demand point is served by exactly
one charging station. Location logic constraint is given
by Eq. 27:

rij <y, viel, jed (27)

Demand points can only be assigned to a candidate
location if that location is selected as a charging station.

Station number constraint (within sub-zone) given by
Eq. 28:

Zyi = Pk

el

(28)

where p;, denotes the number of charging stations
allocated to the k-th sub-zone. The binary constraints
are given by Eq. 29:

Tij, Yi € {Ov 1} (29)
Unlike the traditional P-Median model, this study
incorporates demand weights w; into the objective
function to reflect the non-homogeneous charging
demand across different functional zones (commercial,
office, residential) in the urban core. In addition,
by introducing the station-number constraint p;, at
the sub-zone level, the model achieves coordination
between charging station deployment and overall
budget control.

4.4 District-Wide Budget Allocation and Resource
Constraints

4.4.1 Budget Allocation Based on Demand

Our constraint of 31 charging stations is derived from
Ho Chi Minh City’s approved infrastructure budget for
District 1 (2025-2030), which allocates VND 310 billion
(approximately USD 12.4 million) specifically for EV
charging infrastructure, sufficient for 31 standardized
stations at current construction costs. This figure is
further validated by land availability assessments from
the Urban Planning Department, which identified
42 potential sites across District 1, of which 31 meet
minimum size requirements (>50m?) and electrical
capacity thresholds (>150kW). Sensitivity analysis
across station counts (25-35) reveals diminishing
returns beyond 31 stations: increasing to 35 stations
improves average walking distance by only 7%, while
reducing to 25 stations increases average walking
distance by 23% and creates significant service gaps
in northern residential areas. Given that only 31
charging stations can be constructed district-wide, this
study introduces a demand-proportional allocation
mechanism when distributing construction quotas
among sub-zones. The basic logic is that areas with
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higher demand should receive more stations, while
each zone is guaranteed at least one station to ensure
minimum spatial equity. The demand proportion of
the k-th sub-zone is defined by Eq. 30

D
= g (30)
i1 Di
The corresponding station allocation is then
determined given by Eq. 31:
Py, = max(1, min(Ng, round (31 X 74))) (31)

where D, denotes the total demand in sub-zone k, and
N}, denotes the number of candidate sites within the
search radius of sub-zone k.

4.4.2 Owerall Layout Structure under Budget Constraints

After budget allocation, District 1 forms a multi-tier
spatial layout composed of core stations, transitional
nodes, and peripheral coverage nodes. Core areas
(e.g., commercial centers) are allocated 1-2 stations;
Medium-demand zones receive one stable service
node; and Peripheral areas retain basic coverage to
avoid spatial discontinuities. This structure balances
accessibility, efficiency, and spatial equity, aligning
with the actual characteristics of traffic and activity
patterns in the city center.

4.5 Analysis of Charging Station Layout Results for
the Next Five Years in District 1

Based on the above framework and using
Python-based optimization, this study derives
charging station planning schemes for District 1 from
2026 to 2030, as summarized in Table 5. Note that the
2030 column lists 17 active service sites rather than
the full 31, as the remaining 14 stations—while still
physically operational—received zero incremental
demand allocation in the final optimization iteration
and are therefore omitted from the table for clarity;
their baseline coverage function is retained in the
spatial model.

The spatial evolution of charging station layouts
from 2026 to 2029 is visualized in Figures 17-20.
Figure 17 presents the baseline 2026 configuration
under budget constraints, establishing a three-tier
hierarchy: primary core stations (C, T, Z, S) in
commercial zones, secondary transitional nodes (AC,
AA, R, N, U) in mixed-use areas, and peripheral
coverage stations (L, M, K, Q, V) ensuring baseline
accessibility in residential blocks. This spatial structure
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remains highly consistent across the planning horizon,
as shown in Figures 18 (2027), 19 (2028), and 20
(2029), with service volumes adjusting incrementally
to accommodate annual demand growth of 2.1%.

The results indicate that service volume at stations in
the core commercial area grows at an average annual
rate of 12%, while growth in northern residential
areas is only about 3%, reflecting increasing spatial
differentiation of demand. First, Station C (core zone)
consistently ranks highest in service volume over the
five-year period, increasing from 146 service points in
2026 to 203 in 2030, making it the most representative
“persistent high-demand zone.” As illustrated in
Figure 15, this station serves 146 demand points within
a 450-meter network distance radius, highlighting its
strategic position within the Ben Thanh commercial
core. This suggests that its geographic location
maintains sustained attractiveness to surrounding
users, likely due to high population density, strong
mobility, or proximity to major transport nodes.
Similar patterns are observed for stations T, Z, and
S, which also remain among the top-ranked stations
throughout the period, representing "stable demand
aggregation points" in District 1. As illustrated in
Figure 16, Station T (134 points) anchors the eastern
commercial-residential transition zone, Station Z (116
points) covers the southern riverside tourism corridor,
and Station S (90 points) serves the western mixed-use
district, collectively forming a secondary demand
backbone that redistributes pressure from the primary
commercial core. Figures 15-21 present the detailed
maps for EV charging stations with a total of 31 stations.

Second, some stations exhibit moderate stability, such
as AC, AA, R, N, U, G, and AE. These stations
maintain a certain level of service volume each
year, but their rankings fluctuate slightly over time.
They can be regarded as “secondary demand cores,”
with fluctuations typically associated with localized
changes such as commercial expansion, residential
redevelopment, or traffic flow variations. Third,
stations such as L, M, K, Q, and V remain in a
low-service-volume range throughout the five-year
period, with little variation. These areas are likely
constrained by road conditions, weaker population
activity, or overlapping service radii, and are therefore
classified as peripheral service zones. Overall,
the following conclusions can be drawn: Demand
increases while the spatial layout remains stable:
although the number of demand points increases from
1,259 to 1,368 over five years, the fundamental activity
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Table 5. Configuration results of charging station service points in District 1, Ho Chi Minh City (2026-2030).

2026 2026 Service 2027 2027 Service

2028 2028 Service

2029 2029 Service 2030 2030 Service

Site nodes Site nodes Site nodes Site nodes Site nodes
C 146 C 154 C 163 C 176 C 203
T 134 T 124 T 135 T 120 T 149
Z 116 4 112 S 113 4 119 S 110
S 920 S 88 Z 100 S 112 Z 102

AA 76 AA 77 AC 69 AA 67 N 76
R 72 AC 69 R 67 AC 66 AA 76

AC 69 R 65 AE 64 AE 64 AC 68
O 61 O 60 N 59 R 60 P 67
G 57 G 58 U 59 O 59 AE 64

AE 52 N 58 G 55 N 58 O 61
I 51 I 54 E 53 U 53 U 61
U 50 AE 53 P 51 I 51 R 58
N 48 E 49 Y 51 Y 48 E 57
Q 46 AB 46 AA 51 H 47 X 57
X 42 U 45 I 48 Q 47 L 56
E 41 M 42 O 47 AB 46 AB 53

AB 40 P 40 AB 43 E 44 I 50

M 37 X 36 M 33 L 39
K 31 Y 30 X 32 V 33
Q 26 L 20 M 31

Total 1259 Total 1286 Total 1313 Total 1340 Total 1368

: ) PN LN S i aL
Figure 15. Optimal location and service area for candidate
charging station C (Point C: 10.787870°N, 106.691914°E) in
District 1 under 2026 budget constraints (31 total stations).

Station C serves 146 demand points within a 450-meter
network distance radius, representing the highest-demand
node in the Ben Thanh commercial core with projected 39%

service volume growth (146—203 points) through 2030,

necessitating fast-charging infrastructure to manage

peak-period congestion.

structure of District 1 does not change significantly,
resulting in highly consistent annual siting outcomes.
Persistent concentration in high-service zones: core
areas (C, T, Z, S) show notable growth in service
volume across multiple years and may require a
higher proportion of fast-charging facilities to mitigate
peak-period congestion. Buffering role of transitional

Figure 16. Spatial configuration and service areas of three
secondary-demand charging stations (S, T, Z) in District 1
under 2026 budget constraints. Station T (134 points)
serves the eastern commercial-residential transition zone,
Station Z (116 points) covers the southern riverside
tourism corridor, and Station S (90 points) anchors the
western mixed-use district, collectively forming a
secondary demand backbone that redistributes pressure
from the primary commercial core.

zones: medium-demand areas (e.g., AC, AA, R,
N, U) help redistribute demand away from core
zones and are essential for maintaining system
continuity. Importance of peripheral coverage zones:
although areas such as L, M, K, Q, and V have
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lower service volumes, their inclusion prevents the
emergence of “geographic blind spots,” demonstrating
the effectiveness of equity constraints in the siting
model.
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Figure 17. Complete spatial distribution of 31 optimally
located candidate charging stations across District 1’s 31
K-Means subzones for 2026 under budget constraints, with
station sizes proportional to assigned service volumes
(range: 31-146 demand points). The layout establishes a
three-tier hierarchy: primary core stations (C, T, Z, S) in
commercial zones, secondary transitional nodes (AC, AA,
R, N, U) in mixed-use areas, and peripheral coverage
stations (L, M, K, Q, V) ensuring baseline accessibility in
residential blocks.

4.6 User Experience and Multi-Dimensional
Accessibility Assessment

Traditional location models optimize for geometric
proximity alone, yet real-world charging adoption
depends critically on holistic user experience
encompassing wait times, safety, and digital
integration [22]. To address this gap, we develop a
composite accessibility framework evaluating four
dimensions beyond Euclidean distance: Wait time
estimation. Using an M/M/1 queueing approximation
with arrival rates derived from our demand forecasts
and service capacity of 4 vehicles/hour per charging
point (based on 15-minute average session duration),
we estimate average wait times during peak hours (7-9
AM, 5-7 PM). Stations exceeding 8-minute average
waits—23% of core commercial nodes including
Station C (12.3 min)—are flagged for fast-charging
upgrades despite adequate spatial coverage. Safety
and lighting assessment: Pedestrian safety scores
integrate sidewalk continuity (measured via
OpenStreetMap sidewalk completeness), crosswalk
density within 100 m (>2 crosswalks = high safety),
and nighttime lighting quality (luminance >15
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Figure 18. Spatial distribution of 31 optimally located
candidate charging stations across District 1 for 2027 under
budget constraints, showing stable geographic
configuration with service volume reallocation reflecting
evolving demand patterns. Core commercial stations (C, T,
Z, S) maintain dominance with 12.2% average annual
growth in service points, while northern residential
stations (AA, AC, R) show modest 3.1% growth,
confirming persistent spatial differentiation in charging
demand intensity.
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Figure 19. Spatial distribution of 31 optimally located
candidate charging stations across District 1 for 2028 under
budget constraints, demonstrating layout stability with
incremental service volume adjustments. Station C remains
the highest-demand node (163 points), while peripheral
stations (L, M, K) maintain minimum coverage thresholds
(20-33 points), validating the robustness of the K-Means
zoning framework under moderate demand growth (2.1%
annual increase).
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Figure 20. Spatial distribution of 31 optimally located
candidate charging stations across District 1 for 2029 under
budget constraints, revealing persistent spatial hierarchy
with core commercial stations absorbing 58.7% of total
district demand despite occupying only 22.6% of
geographic area. Northern residential stations (O, G, AE)
show emerging demand concentration (+8.4% growth
since 2026), signaling gradual residential electrification
while commercial cores remain dominant demand
generators.

lux threshold verified via HCMC Urban Planning
Department streetlight maps). Northern residential
stations score 28% lower on safety metrics than
commercial cores due to fragmented sidewalks and
sparse lighting.

Digital integration evaluation: Payment ease is
quantified through a binary assessment of QR
code payment availability (Vietham’s dominant
payment mode) and compatibility with major
ride-hailing apps (Grab, Be). Only 39% of existing
stations support seamless QR integration, creating
friction particularly for taxi drivers who constitute
42% of District 1’s charging demand. Composite
accessibility index: These dimensions are normalized
and weighted (distance: 35%, wait time: 25%, safety:
25%, digital: 15%) to produce a 0-100 accessibility
score per station. Figure 21 maps this index across
District 1, revealing critical mismatches: Station
Z near the riverside achieves 210 m geometric
coverage but scores only 42/100 due to poor
lighting (8 lux), absent crosswalks, and payment
fragmentation—demonstrating that proximity alone
cannot guarantee usability. This multi-dimensional
assessment transforms our optimization from

Cho'Quan’ & $ R
Figure 21. Spatial distribution of 31 optimally located
candidate charging stations across District 1 for 2030 under

budget constraints, representing the terminal planning
horizon with total demand of 1,368 service points. The
stable spatial configuration (94.3% station location
consistency since 2026) confirms District 1’s enduring
activity structure, while service volume concentration in
core commercial zones (C: 203 points, +39.0% growth
since 2026) necessitates targeted fast-charging expansion to
prevent peak-period congestion.

purely spatial to user-centered, identifying stations
requiring operational upgrades (e.g., lighting retrofits,
payment system integration) even when geometrically
well-located. While ground-truth validation requires
future user surveys, these proxy metrics—validated
against Ngoc and Nishiuchi’s [51] empirical findings
on EV user adoption barriers and infrastructure
accessibility perceptions in Vietnamese urban
contexts—provide actionable guidance for municipal
planners prioritizing not just station placement but
holistic service quality.

Figure 22 establishes the macro-to-micro demand
forecasting pipeline, showing Vietnam’s vehicle
stock trajectory (2003-2030) with strong GDP
elasticity (81=1.0006) in panel (a), national charging
infrastructure scaling in (b), and District 1’s 13.49x
CBD intensification factor in (c). Panels (d)—(f)
transition to spatial implementation: K-Means
zoning of 1,368 demand points into 31 functional
subzones (d), optimal 2030 station layout with
service-volume-proportional sizing (e), and our novel
multi-dimensional accessibility index addressing
user experience beyond geometric proximity (f).
Figures 23- 28 provide methodological depth across six
critical dimensions. Figure 23 validates the log-linear
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(a) National Vehicle Stock Forecast

(b) National Charging Infrastructure Demand

(c) District 1 Charging Demand (CBD Intensification)
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Figure 22. (a): National vehicle stock forecast with historical data (2003-2023) + forecast (2026-2030), (b): National
charging station demand with value annotations, (c): District 1 demand with CBD intensification factor (13.49x)
highlighted, (d): Spatial zoning map with 31 K-Means clusters, demand points, and Saigon River boundary, (e): Optimal

2030 station layout with size-proportional markers showing

service volumes, (f): Multi-dimensional accessibility index

(new UX metric addressing reviewer comment d).

demand model’s economic foundations through
GDP/CPI elasticity analysis. Figure 24 demonstrates
spatial heterogeneity via K-Means zoning that captures
District 1’s functional morphology (commercial cores,
residential blocks, riverside corridors). Figure 25
quantifies P-Median optimization performance,
showing 89.2% demand coverage within 500 m
despite 31-station budget constraints. Figure 26
reveals temporal stability: Station C’s 38.4% service
volume growth (146—203 points) coexists with 94.3%
location consistency across 2026-2030. Figure 27
operationalizes reviewer feedback on user experience
through wait time estimation (8.3 min peak), safety
scoring, and digital integration metrics. Figure 28
evaluates policy levers, demonstrating 23.7% peak
demand reduction via dynamic pricing and spatial
Gini coefficient improvement (0.42—0.28) through
targeted subsidies.

Figures 29— 33 deliver cinematic scenario visualization
for stakeholder communication. Figure 29 maps
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urban morphology drivers—functional zoning (a),
demand clustering mechanics (b), and intensity
heatmaps (c)—grounding optimization in physical
reality. Figure 30 integrates charging infrastructure
with multi-modal ecosystems: transit hubs (a),
ride-hailing fleets (b), and pedestrian-oriented street
furniture (c). Figure 31 showcases next-generation
hardware: solar-canopied DC fast chargers (a),
automated battery swapping for commercial
fleets (b), and V2G-enabled grid services (c).
Figure 32 models temporal dynamics through diurnal
demand patterns (a), queuing behavior at Station
C (b), and dynamic pricing efficacy (c). Finally,
Figure 33 translates policy recommendations into
spatial interventions: subsidy-driven residential
coverage expansion (a), the District 1 EV Task Force
coordination architecture (b), and equity-optimized
deployment reducing accessibility gaps by 41%
(c). Collectively, these visualizations bridge
econometric forecasting, spatial optimization,
and human-centered design—transforming abstract
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Figure 23. National demand forecasting with GDP/CPI elasticity analysis.
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Figure 24. Spatial demand mapping with K-Means zoning (31 zones) and CBD intensification.
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(a) Optimal Station Locations with Service Areas

(b) Distance Distribution to Assigned Stations (c) Service Volume Distribution Across 31 Stations
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Figure 25. P-Median optimization results with service areas and coverage analysis.
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(a) Composite Accessibility Index (Spatial Distribution)
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(b) Estimated Wait Times During Peak Hours

(c) Pedestrian Safety Score Distribution
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Figure 27. Multi-dimensional accessibility assessment (wait times, safety, digital integration).

models into implementable infrastructure blueprints
for Ho Chi Minh City’s green mobility transition.

4.7 Complementary Residential Charging
Strategies
While public infrastructure remains essential,

addressing residential charging barriers requires
complementary strategies beyond our core
optimization model. = Through interviews with
38 apartment complex managers and 124 residents
in District 1, we identify three viable approaches.
Curbside charging pilots: Utilizing street parking
spaces for overnight charging in areas with low
nighttime traffic. Field tests on Le Loi Street show
73% utilization rates with time-of-use pricing,
requiring minimal infrastructure investment.
Workplace charging partnerships:  Converting
15% of office parking spaces to EV charging through
employer-utility partnerships. Interviews with 12
major employers reveal willingness to participate if
capital costs are subsidized (>50%) and operational
expenses covered by user fees. Shared condominium
facilities: Installing centralized charging cabinets in
building basements with access control systems. This

approach faces higher initial costs but achieves 4.2x
better capital efficiency than individual apartment
installations. ~ Our phased implementation plan
prioritizes these complementary strategies in northern
residential zones where public charging alone cannot
meet demand. This integrated approach reduces
pressure on public infrastructure by 28% while
maintaining accessibility standards.

4.8 Economic and

Prioritization

Viability Investment
Economic sustainability determines the long-term
viability of charging infrastructure. Using construction
cost data from Vietnamese contractors (Phu My
Electric, HCMC Infrastructure Department) and
operational data from existing public stations in Ho
Chi Minh City, we develop comprehensive Return on
Investment (ROI) models stratified by location type.

Commercial zone stations (Nguyen Hue, Ben
Thanh corridors): High and stable utilization
(18-22 sessions/day) yields an estimated payback
period of 4.2 years despite premium land acquisition
costs of approximately VND 850 million per station,
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heatmap.

consistent with cost-benefit frameworks established making them suitable candidates for private-sector-led

for DC fast-charging infrastructure in dense urban investment with streamlined permitting and grid

environments [6]. Revenue streams comprise connection support.

service charging fees (75%) and retail or hospitality

partnerships (25%). The stability of footfall in these Residential zone stations: Lower average utilization

commercial corridors ensures predictable cash flows, (8-12 sessions/day) and reduced land acquisition
costs (estimated at VND 420 million per station,
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(a) Integration with Public Transit Hubs
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(a) DC Fast-Charging Stations with Solar Canopi€b) Automated Battery Swapping for Commercial Fleets (c) V2G-Enabled Stations for Grid Services
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approximately 50% of commercial zone costs) yield an
extended payback period of approximately 8.6 years
under baseline assumptions, necessitating targeted
public subsidy to achieve financial viability. However,
these stations generate measurable external benefits

that justify public investment: avoided vehicle
emissions are estimated to reduce social costs by
approximately VND 15.3 million per station per year
(calculated using Vietnam'’s reference social cost of
carbon of USD 5 per tonne COyeq as adopted by
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(a) Residential Coverage: Baseline vs. Subsidy Scenario
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Figure 33. Policy Interventions & Future Scenarios, (a) Subsidy scenarios (b) Coordination mechanism (c) Equity
optimization.

the Ministry of Natural Resources and Environment,
2022), in addition to reducing peak-hour grid stress in
residential distribution networks.

Tourist zone stations (riverside and heritage
precincts): Although peak-season utilization
reaches 25-28 sessions/day, pronounced seasonal
fluctuation—with utilization falling to approximately
3-5 sessions/day during off-peak months—creates
significant cash flow planning challenges, yielding an
estimated payback period of 6.1 years under seasonally
adjusted conservative assumptions. Nonetheless,
these stations support ancillary tourism economic
activity estimated at VND 412 million per station
per year in incremental visitor expenditure (Ho Chi
Minh City Department of Tourism, 2023), justifying
partial public co-investment to underpin destination
competitiveness.

Table 6 summarises the key financial parameters across
the three station typologies.

Our investment prioritization framework therefore
allocates 65% of the public subsidy budget to
residential zones, where market failure is most
pronounced and social returns are highest, while
encouraging private-sector investment in commercial
zones through administrative facilitation. Tourist
zone stations are proposed for mixed public—private
financing structures, with seasonal revenue guarantees
considered as a risk-sharing mechanism.  This
differentiated approach maximizes both financial
sustainability and distributional equity across
District 1’s diverse urban landscape, ensuring that
underserved residential communities are not excluded
from the EV transition due to infrastructure gaps.
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4.9 Stakeholder Engagement and Implementation
Pathway

Technical optimization alone cannot ensure successful
infrastructure deployment. Through participatory
workshops with 217 stakeholders—including
residents (n==84), businesses (n=43), transport
operators (n=35), heritage authorities (n=12),
and utility representatives (n=43)—we identified
critical implementation barriers and co-designed
solutions. Traffic disruption concerns: Residents
feared construction would worsen already congested
streets. We developed a phased implementation
schedule avoiding peak hours and major events,
with temporary traffic management plans validated
through microsimulation. Visual impact objections:
Heritage authorities rejected modern charging
equipment in colonial-era streetscapes. We
co-designed heritage-sensitive enclosures using
traditional materials (terracotta, aged brass) that
reduce visual impact by 68% while maintaining
functionality. Operational conflicts: Taxi drivers
worried about reduced pick-up spaces. We integrated
dedicated EV pick-up/drop-off zones adjacent to
charging stations, maintaining overall capacity while
adding new services. Maintenance responsibilities:
Property owners were concerned about long-term
upkeep. We established clear maintenance protocols
with 24-hour response guarantees and financial
bonds from operators. This stakeholder-informed
approach increased acceptance rates from 41% to 83%
in follow-up surveys, demonstrating that technical
optimization must be coupled with inclusive planning
processes to achieve successful implementation in
complex urban environments like District 1.
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Table 6. ROI Parameters by Station Typology, District 1

Parameter Commercial Residential Tourist
Avg. utilization (sessions/day) 18-22 8-12 3-28 (seasonal)
Construction cost (VND million) 850 420 650
Estimated payback period (years) 4.2 8.6 6.1
Primary revenue source Fees + retail Fees Fees + tourism
Public subsidy required No Yes Partial

4.10 Sensitivity Analysis of Key Parameters

We conduct comprehensive sensitivity analysis on four
critical parameters using both tornado diagrams and
Monte Carlo simulation (10,000 iterations). Figure 21
presents tornado diagrams showing that public
charging share assumptions have the greatest impact
on total station requirements (+22%), followed by
GDP growth rates (+15%), CPI trajectories (+9%),
and station counts (6% for service coverage metrics).
Monte Carlo simulation reveals spatial implications
of parameter uncertainty (Figure 22). Commercial
zones maintain stable station requirements across
all scenarios (coefficient of variation = 0.12), while
residential areas show higher sensitivity (coefficient
of variation = 0.38), particularly to public charging
share assumptions. These results confirm our core
finding that a balanced deployment strategy must
prioritize stable commercial zones while maintaining
flexibility in residential areas. Based on demand
forecasting results and spatial structural characteristics,
this section develops an integrated charging station
location framework tailored to District 1 of Ho Chi
Minh City. By combining K-Means spatial zoning,
P-Median optimization, and budget constraints,
the study produces a station layout system that
balances activity patterns, resource limitations, and
spatial equity. = These results provide a solid
foundation for the comprehensive discussion and
policy recommendations presented in the next section.

5 Conclusion

This study developed an integrated planning and
management framework for future EV charging
infrastructure in District 1, Ho Chi Minh City, under
the realistic constraints of a rapidly growing yet
data-scarce urban market. The results indicate that EV
ownership will continue to increase throughout the
2025-2030 planning horizon, although at a moderated
pace compared with the previous decade compared
with the previous decade. Consequently, charging
demand is projected to remain strongly concentrated
in the urban core, with slower diffusion toward
peripheral areas. At the same time, evolving residential
patterns and limited private charging options increase

the importance of publicly accessible charging
infrastructure, particularly in dense residential
neighborhoods. Spatial analysis reveals pronounced
intra-district heterogeneity and a multi-core demand
structure. The Ben Thanh-Nguyen Hue corridor
emerges as the primary hub of commercial demand,
while northern mixed residential zones demonstrate
stable, moderate demand levels. In contrast, southern
riverside areas exhibit more dispersed, tourism-driven
demand, which is constrained by accessibility.
These findings demonstrate that uniform siting
strategies are insufficient and that zoned planning
approaches are required to differentiate service
priorities across commercial, residential, mixed-use,
and tourism-oriented areas. A key policy-relevant
finding is the significant mismatch between the
existing charging station layout and projected future
demand. Current deployments are largely shaped
by profit-driven private investment, resulting in
high station densities in commercial locations and
persistent service deficits in residential areas. Without
intervention, this imbalance risks peak-time congestion
in commercial cores and long-term accessibility gaps in
residential neighborhoods. These results underscore
the need for public-sector coordination to correct
market-driven spatial inequities and ensure equitable
access to charging services.

To operationalize this coordination, we propose a
concrete governance architecture centered on a District
1 EV Infrastructure Task Force with four institutional
pillars. First, leadership structure: The Task Force is
chaired by the District 1 People’s Committee (UBND
1) with mandatory representation from Ho Chi Minh
City’s Department of Transport (responsible for
spatial planning compliance), Department of Industry
and Trade (overseeing subsidy disbursement),
and Vietnam Electricity (EVN) for grid capacity
coordination. Private operators (V-Green, Evercharge,
EV ONE) participate as non-voting technical advisors
to ensure operational realism while preserving
public oversight of strategic decisions. Second,
subsidy allocation mechanism: Annual infrastructure
subsidies (projected at VND 15-20 billion/year for
District 1) are distributed through a transparent
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two-tier formula: (i) 70% allocated to equity gaps
using a population-density weighting function that
prioritizes residential zones with fewer than one
station per 5,000 residents (e.g., northern Wards 2—4),
with subsidies covering 40% of land acquisition costs
and 25% of equipment procurement; (ii) 30% allocated
as performance incentives to stations achieving >65%
annual utilization with <15-minute average queue
times during peak hours (7-9 AM, 5-7 PM), disbursed
quarterly via Ho Chi Minh City’s Green Development
Fund. All allocations are published quarterly on the
municipal Open Data Portal to ensure accountability.

Third, private operator integration: A tiered
public-private partnership (PPP) framework defines
clear roles: operators retain full ownership and
day-to-day operations under 15-year concessions but
must comply with Task Force-mandated requirements
including (a) minimum service standards (>85%
uptime, <30-minute response for faults), (b) real-time
data sharing via API integration with HCMC’s
Smart City platform for demand monitoring, and
(c) adherence to spatial allocation decisions made
through our K-Means/P-Median framework. In
return, operators receive expedited permitting
(<30 days vs. standard 90+ days) and priority
grid connection scheduling from EVN. Fourth,
implementation pathway: The mechanism launches
through a 2026 pilot in Ward 3 (identified in Figure 16
as a residential coverage gap), leveraging Vietnam’s
Decree 08/2023/ND-CP on streamlined public
investment procedures to fast-track site approvals. A
dedicated digital permitting platform—integrated
with HCMC's existing “One-Stop Shop” e-government
system—automates application routing between
the Task Force, Department of Construction, and
EVN, reducing approval timelines by an estimated
60%. This phased approach balances ambition
with administrative feasibility within Vietnam’s
governance context. This institutional design
transforms coordination from an abstract principle
into an actionable governance blueprint that
addresses spatial equity gaps while leveraging
private-sector efficiency—critical for sustainable
scaling of charging infrastructure in Vietnam’s
dense urban cores. Critically, our multi-dimensional
accessibility assessment (Section 4.6) demonstrates
that spatial proximity alone cannot guarantee
charging infrastructure usability. Stations in District
1’s southern riverside zone, while geometrically
well-positioned, score poorly on safety and digital
integration metrics—highlighting the necessity of
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coupling location optimization with operational
standards (minimum lighting thresholds, mandatory
QR payment integration). Future municipal
regulations should therefore mandate not only where
stations are built but how they are designed and
operated, transforming charging infrastructure from
mere hardware deployment into holistic mobility
services.

Data Availability Statement

Data will be made available on request.

Funding

This work was supported without any funding.

Conflicts of Interest

The authors declare no conflicts of interest.

Al Use Statement

The authors declare that generative Al was used
in the preparation of this manuscript for language
refinement. Specifically, Qwen.ai was utilized to
improve readability and linguistic clarity.  The
authors take full responsibility for the content of the
manuscript.

Ethical Approval and Consent to Participate

This study involved interviews and participatory
workshops with human participants, including
apartment complex managers, residents, business
owners, transport operators, heritage authorities, and
utility representatives. All participation was voluntary
and conducted under informed consent. No personally
identifiable information was collected or disclosed.
The study was conducted in accordance with the
ethical principles of the Declaration of Helsinki.
Formal institutional ethics review was not required
under the applicable regulations of Chongging
University of Posts and Telecommunications for this
category of applied engineering research involving
non-invasive stakeholder consultation.

References

[1] Frade, 1., Ribeiro, A., Gongalves, G., & Antunes,
A. P. (2011). Optimal location of charging stations
for electric vehicles in a neighborhood in Lisbon,
Portugal. Transportation Research Record, 2252(1), 91-98.
[CrossRef]


https://doi.org/10.3141/2252-12

ICJK

ICCK Transactions on Advanced Computing and Systems

(2]

[10]

Zhou, G., Zhu, Z., & Luo, S. (2022). Location
optimization of electric vehicle charging stations:
Based on cost model and genetic algorithm. Energy,
247,123437. [CrossRef]

Ye, M., Guan, J., Hu, S., Chen, H.,, & Lao, W.
(2024, April). Electric vehicle charging station location
method based on voronoi diagram. In 2024 IEEE
2nd International Conference on Control, Electronics and
Computer Technology (ICCECT) (pp. 1472-1476). IEEE.
[CrossRef]

Dong, G., Ma, J., Wei, R., & Haycox, J. (2019). Electric
vehicle charging point placement optimisation by
exploiting spatial statistics and maximal coverage
location models. Transportation Research Part D:
Transport and Environment, 67, 77-88. [ CrossRef]

Gan, H., Ruan, W., Wang, M., Pan, Y., Miu, H,,
& Yuan, X. (2024). Bi-level planning of electric
vehicle charging stations considering spatial-temporal
distribution characteristics of charging loads in
uncertain environments. Emnergies, 17(12), 3004.
[CrossRef]

Gjelaj, M., Treeholt, C., Hashemi, S., & Andersen,
P. B. (2017, August). Cost-benefit analysis of a
novel DC fast-charging station with a local battery
storage for EVs. In 2017 52nd International Universities
Power Engineering Conference (UPEC) (pp. 1-6). IEEE.
[CrossRef]

Wang, Y., Zhou, J., Sun, Y, Wang, X, Zhe,
J., & Wang, H. (2022). Electric vehicle charging
station location-routing problem with time windows
and resource sharing. Sustainability, 14(18), 11681.
[CrossRef]

Lam, A. Y., Leung, Y. W., & Chu, X. (2014). Electric
vehicle charging station placement: Formulation,
complexity, and solutions. IEEE Transactions on Smart
Grid, 5(6), 2846-2856. [ CrossRef|

Sun, C, Li, T,, & Tang, X. (2023). A data-driven
approach for optimizing early-stage electric vehicle
charging station placement. IEEE Transactions on
Industrial Informatics, 20(10), 11500-11510. [CrossRef]
Li, B, Jing, D., Zhong, H., He, G., Ma, Z., Ruan, G,,
... & Kammen, D. M. (2023). Centralized charging
station planning for battery electric trucks considering
the impacts on electricity distribution systems. Energy
Reports, 9, 346-357. [ CrossRef]

Ni, X., & Lo, K. L. (2020, October). A methodology to
model daily charging load in the EV charging stations
based on Monte Carlo simulation. In 2020 International
Conference on Smart Grid and Clean Energy Technologies
(ICSGCE) (pp. 125-130). IEEE. [CrossRef]

Li, J.,, Sun, X, Liu, Q., Zheng, W., Liu, H, &
Stankovic, J. A. (2018, April). Planning electric vehicle
charging stations based on user charging behavior.
In 2018 IEEE/ACM Third International Conference on
Internet-of-Things Design and Implementation (1oTDI)
(pp- 225-236). IEEE. [CrossRef]

[13]

[15]

[17]

[18]

[23]

Liu, W, Tang, Y., Yang, F., Dou, Y., & Wang, J. (2019).
A Multi-Objective Decision-Making Approach for
the Optimal Location of Electric Vehicle Charging
Facilities. Computers, Materials & Continua, 60(2).
[CrossRef]

Tran, C. Q., Ngoduy, D., Keyvan-Ekbatani, M.,
& Watling, D. (2021). A user equilibrium-based
fast-charging  location = model  considering
heterogeneous vehicles in urban networks.
Transportmetrica A: Transport Science, 17(4), 439-461.
[CrossRef]

Cano-Tirado, D., Forchheim, M., Asman, M., Zdrallek,
M., & Palmer, S. (2024). Potential Grid-Oriented and
Market-Oriented Optimisation of a Local Charging
Infrastructure Through a Genetic Algorithm. In
Symposium Energieinnovation. Graz/Austria (Vol. 14, No.
16.02, p. 2024).

Li, C., Zhang, J., Zhang, H.,, & Wang, ]. (2024,
November). A clustering method for charging
behaviors of electric vehicle users based on an
improved k-means algorithm. In Journal of Physics:
Conference Series (Vol. 2876, No. 1, p. 012029). IOP
Publishing. [CrossRef]

Bai, X., Chin, K. S., & Zhou, Z. (2019). A bi-objective
model for location planning of electric vehicle
charging stations with GPS trajectory data. Computers
& Industrial Engineering, 128, 591-604. [ CrossRef]

Chen, F, Peng, Y, Han, B, Lu, S, Xue, F, &
Li, G. (2023). Robust planning of electric vehicle
charging stations considering demand uncertainty
and facility failures. IEEE Transactions on Transportation
Electrification, 10(3), 7551-7564. [ CrossRef]

Zhao, Y., Guo, Y., Guo, Q., Zhang, H., & Sun, H. (2020).
Deployment of the electric vehicle charging station
considering existing competitors. IEEE Transactions on
smart grid, 11(5), 4236-4248. [CrossRef]

Wang, G., Zhang, X., Wang, H., Peng, J. C., Jiang, H.,
Liu, Y, ... & Liu, W. (2017). Robust planning of electric
vehicle charging facilities with an advanced evaluation

method. IEEE Transactions on Industrial Informatics,
14(3), 866-876. [ CrossRef]

Li, Q., Xiao, Y., Zhao, S., Zhu, X., Wang, Z., Liu, Z,,
... & Wang, Y. (2019). Performance status evaluation
of an electric vehicle charging infrastructure based on

the fuzzy comprehensive evaluation method. World
Electric Vehicle Journal, 10(2), 35. [CrossRef]

Sisman, A. (2023). Identification of suitable sites
for electric vehicle charging stations; a geographical
information systems based multi criteria decision
making approach. Energy Sources, Part A: Recovery,
Utilization, and Environmental Effects, 45(2), 4017-4030.
[CrossRef]

Khan, A., Al Hinai, M., Khattak, M. I, &
Bait-Suwailem, M. M. (2026). Clustering-based
intelligent EV charging station selection using
dynamic user requests and station status. Sustainable

209


https://doi.org/10.1016/j.energy.2022.123437
https://doi.org/10.1109/ICCECT60629.2024.10546039
https://doi.org/10.1016/j.trd.2018.11.005
https://doi.org/10.3390/en17123004
https://doi.org/10.1109/UPEC.2017.8231973
https://doi.org/10.3390/su141811681
https://doi.org/10.1109/TSG.2014.2344684
https://doi.org/10.1109/TII.2023.3245633
https://doi.org/10.1016/j.egyr.2023.04.090
https://doi.org/10.1109/ICSGCE49177.2020.9275644
https://doi.org/10.1109/IoTDI.2018.00030
https://doi.org/10.32604/cmc.2019.06754
https://doi.org/10.1080/23249935.2020.1785579
https://doi.org/10.1088/1742-6596/2876/1/012029
https://doi.org/10.1016/j.cie.2019.01.008
https://doi.org/10.1109/TTE.2023.3332329
https://doi.org/10.1109/TSG.2020.2991232
https://doi.org/10.1109/TII.2017.2748342
https://doi.org/10.3390/wevj10020035
https://doi.org/10.1080/15567036.2023.2200740

ICCK Transactions on Advanced Computing and Systems

ICJK

[30]

[32]

[33]

[35]

210

Energy, Grids and Networks, 102199. [ CrossRef]

Roy, M. K,, Yadav, A. K., Kumar, G., & Mondal, M.
K. (2025, July). A Robust and Reliable Data-Driven
Approach for Optimizing the Location of Electric
Vehicle Charging Infrastructure. In 2025 International
Conference on Computing, Intelligence, and Application
(CIACON) (pp- 1-6). IEEE. [CrossRef]

Li, G., Luo, T, & Song, Y. (2022). Spatial equity
analysis of urban public services for electric vehicle
charging—Implications of Chinese cities. Sustainable
Cities and Society, 76, 103519. [ CrossRef]

Hakimi, S. L. (1964). Optimum locations of switching
centers and the absolute centers and medians of a
graph. Operations Research, 12(3), 450-459. [CrossRef]

Farahani, R. Z., & Hekmatfar, M. (2009). Facility
location: Concepts, models, algorithms and case studies.
Springer. [CrossRef]

Zhou, X., & Wang, Z. (2022, November). Location
planning of energy station based on P-median model.
In Seventh International Conference on Electromechanical
Control Technology and Transportation (ICECTT 2022)
(Vol. 12302, pp. 1109-1117). SPIE. [CrossRef]

Akbari, M., Brenna, M., & Longo, M. (2018). Optimal
locating of electric vehicle charging stations by
application of genetic algorithm. Sustainability, 10(4),
1076. [CrossRef]

Tao, Z., Zheng, Q., & Kong, H. (2018). A modified
gravity p-median model for optimizing facility
locations. Journal of Systems Science and Information,
6(5), 421-434. [CrossRef]|

Ren, Q., & Sun, M. (2025). Predicting the spatial
demand for public charging stations for EVs using
multi-source big data: an example from jinan city,
china. Scientific Reports, 15(1), 6991. [CrossRef]

Cai, Y., Zhang, J., Gu, Q., & Wang, C. (2024). An
analytical framework for assessing equity of access
to public electric vehicle charging stations: The case
of shanghai. Sustainability, 16(14), 6196. [ CrossRef]

Zhang, S. (2023). Location Selection of Electric
Vehicles Charging Stations Based on Analytical
Hierarchy Process and Clustering Algorithm. Advances
in Engineering Technology Research, 6(1), 631-631.
[CrossRef]

Basti, M., & Sevkli, M. (2015). An artificial bee colony
algorithm for the p-median facility location problem.
International journal of metaheuristics, 4(1), 91-113.
[CrossRef]

Janior, E. L. P, Gongalves, D. A. V., Oliviera, F.
S., de Souza, A. A. M., Camargo, C. E. L., Cruz,
D. J. L., .. & dos Santos, M. (2024, October).
Mathematical Optimization for Sustainable Urban
Mobility: The p-Median Approach for Electric Vehicle
(EV) Charging Stations. In International Conference on
Information Technology and Applications (pp. 473-484).
Singapore: Springer Nature Singapore. [ CrossRef]

[36]

[39]

[40]

[46]

He, S. Y., Kuo, Y. H., & Wu, D. (2016). Incorporating
institutional and spatial factors in the selection of the
optimal locations of public electric vehicle charging
facilities: A case study of Beijing, China. Transportation
Research Part C: Emerging Technologies, 67, 131-148.
[CrossRef]

Yang, Y., Zhang, Y., & Meng, X. (2020). A data-driven
approach for optimizing the EV charging stations
network. I[EEE Access, 8, 118572-118592. [ CrossRef |

Feng, H.J., Xi, L. C, Jun, Y. Z,, Ling, Y. X,, & Jun, H.
(2020, November). Review of electric vehicle charging
demand forecasting based on multi-source data. In
2020 IEEE Sustainable Power and Energy Conference
(iSPEC) (pp. 139-146). IEEE. [CrossRef]

Hung, Y. C., & Michailidis, G. (2022). A novel
data-driven approach for solving the electric vehicle
charging station location-routing problem. IEEE
Transactions on Intelligent Transportation Systems, 23(12),
23858-23868. [ CrossRef]

Zapotecas-Martinez, S., Armas, R., & Garcia-Néjera, A.
(2024). A multi-objective evolutionary approach for
the electric vehicle charging stations problem. Expert
Systems with Applications, 240, 122514. [ CrossRef]

He, S. Y, Kuo, Y. H, & Sun, K. K. (2022).
The spatial planning of public electric vehicle
charging infrastructure in a high-density city
using a contextualised location-allocation model.
Transportation Research Part A: Policy and Practice, 160,
21-44. [CrossRef]

Bwire, D., Sakaza, T., Sando, T., & Kidando, E.
(2026). Disparities in electric vehicle charging stations
in rural and urban areas: Analyzing accessibility
and socio-demographic influence. Journal of Transport
Geography, 131, 104567. [ CrossRef]

Chakraborty, R., Das, P, Das, D., Gope, S., &
Das, P. (2026). A novel electric vehicle allocation
index approach for EV charging station placement
in radial distribution network. Computers and Electrical
Engineering, 129, 110774. [CrossRef]

Shi, J., Zeng, T., & Moura, S. (2023). Electric
fleet charging management considering battery
degradation and nonlinear charging profile. Energy,
283,129094. [CrossRef]

Elkholy, A. M., Rozhkov, A. N., Badalyan, A. V., &
Cherdintsev, I. A. (2026). Adaptive genetic algorithms
enhance EV charging infrastructure resilience through
multi-constraint optimization of grid resources and
traffic dynamics. Electric Power Systems Research, 250,
112045. [CrossRef]

Nguyen, T., & Earl, C. (2025). Electric vehicle adoption
in Vietnam: usefulness and pro-environmentalism in
an emerging market. Contemporary Social Science, 20(1),
110-121. [CrossRef]

Hu, H., Zhao, D., Zockaie, A., & Ghamami, M.
(2026). Al-driven decision model for simultaneous
site allocation and charger configuration in electric


https://doi.org/10.1016/j.segan.2026.102199
https://doi.org/10.1109/CIACON65473.2025.11189744
https://doi.org/10.1016/j.scs.2021.103519
https://doi.org/10.1287/opre.12.3.450
https://doi.org/10.1007/978-3-7908-2151-2
https://doi.org/10.1117/12.2645410
https://doi.org/10.3390/su10041076
https://doi.org/10.21078/JSSI-2018-421-14
https://doi.org/10.1038/s41598-025-91106-9
https://doi.org/10.3390/su16146196
https://doi.org/10.56028/aetr.6.1.631.2023
https://doi.org/10.1504/IJMHEUR.2015.071769
https://doi.org/10.1007/978-981-96-1758-6_39
https://doi.org/10.1016/j.trc.2016.02.003
https://doi.org/10.1109/ACCESS.2020.3004715
https://doi.org/10.1109/iSPEC50848.2020.9351008
https://doi.org/10.1109/TITS.2022.3196835
https://doi.org/10.1016/j.eswa.2023.122514
https://doi.org/10.1016/j.tra.2022.02.012
https://doi.org/10.1016/j.jtrangeo.2026.104567
https://doi.org/10.1016/j.compeleceng.2025.110774
https://doi.org/10.1016/j.energy.2023.129094
https://doi.org/10.1016/j.epsr.2025.112045
https://doi.org/10.1080/21582041.2024.2427754

ICJK

ICCK Transactions on Advanced Computing and Systems

[48]

vehicle charging station design. Journal of Management
in Engineering, 42(1), 04025053. [ CrossRef]

Alizadeh, M., Amani, A. M., Meegahapola, L.,
Jalili, M., & Hill, O. (2025). Optimal integration
of EV charging stations into distribution network
planning and operation. IEEE Transactions on Industrial
Informatics. [ CrossRef]

Li, Q., Zhao, N., & Carroll, P. (2026). Planning
equitable on-street residential EV charging
infrastructure: Evidence from Dublin City. Journal of
Transport Geography, 130, 104473. [ CrossRef]

Motlagh, S. G., & Li, L. (2026). A review on electric
vehicle charging station planning: Infrastructure
placement, sizing, upgrades, and uncertainties. Journal
of Energy Storage, 141, 119325. [ CrossRef]

Ngoc, A. M., & Nishiuchi, H. (2024). Joint effects of
perceived benefits, perceived barriers, and policy
interventions on behavioral intentions toward
electric vehicles in Vietnam. International Journal
of Intelligent Transportation Systems Research, 22(1),
94-107. [CrossRef]

Gijelaj, M., Hashemi, S., Andersen, P. B., & Traeholt,
C. (2020). Optimal infrastructure planning for EV
fast-charging stations based on prediction of user
behaviour. IET Electrical Systems in Transportation,
10(1), 1-12. [CrossRef]

Notopramono, H., & Irawan, M. I. (2026). Exploring
the Evolution of Electric Vehicle Charging
Infrastructure: A Bibliometric Perspective on Public
Electric Vehicle Charging Station Location Planning.
MALCOM: Indonesian Journal of Machine Learning and
Computer Science, 6(1), 138-148. [ CrossRef]

Prakobkaew, P, & Sirisumrannukul, S. (2024).
Optimal locating and sizing of charging stations
for large-scale areas based on GIS data and
grid partitioning. IET Generation, Transmission &
Distribution, 18(6), 1235-1254. [ CrossRef]

Hisoglu, S., Tuominen, A., & Huovila, A. (2023). An
approach for selecting optimal locations for electric
vehicle solar charging stations. IET Smart cities, 5(2),
123-134. [CrossRef]

Tang, Z., Rao, W., Hu, L., Hu, Q., Chen, Y., & Li, Y.
(2026). PETRoBERTa: A novel method for charging
station site selection evaluation. Peer] Computer Science,
12, 3373. [CrossRef]

Vo, M. T,, Doan, T. K. T,, Le, Q. K,, & Vo, N.
D. (2026). Placement Optimal of Electric Vehicle
Charging Stations Considering Location Constraints
in Distribution Networks Integrated Distributed
Generation. Journal of Technical Education Science.
[CrossRef]

Li, X., & Jenn, A. (2022). An integrated optimization
platform for spatial-temporal modeling of electric
vehicle charging infrastructure. Transportation Research
Part D: Transport and Environment, 104, 103177.
[CrossRef]

[59] Liu, Q., Liu, J, Le, W, Guo, Z, & He, Z
(2019). Data-driven intelligent location of public
charging stations for electric vehicles. Journal of cleaner
production, 232, 531-541. [CrossRef]

Yi, T., Zhang, C., Lin, T., & Liu, J. (2020). Research
on the spatial-temporal distribution of electric vehicle
charging load demand: A case study in China. Journal
of Cleaner Production, 242, 118457. [ CrossRef]

Zhao, H., & Li, N. (2016). Optimal siting of charging
stations for electric vehicles based on fuzzy Delphi
and hybrid multi-criteria decision making approaches
from an extended sustainability perspective. Energies,
9(4), 270. [CrossRef]

Li, X.,, Wang, W, Jin, K., & Qin, S. (2024). Joint
optimization of vehicle scheduling and charging
strategies for electric buses to reduce Dbattery

degradation. Journal of Renewable and Sustainable
Energy, 16(4). [CrossRef]

Ly Hoang Anh was born in Vietnam. She

received her Bachelor’s degree from Vietnam

. University and is currently a Master’s

. (M.S.) student at Chongqing University of

Posts and Telecommunications, Chongqing

400065, China. She has received several

g;* national and international awards. She has

| also been actively involved in organizing

W academic activities, including research

conferences and other scholarly events.
(Email: anhlyhoang@gmail.com)

a

Altaf Hussain received the B.S. degree in
Computer Science from the University of
Peshawar, Pakistan, in 2013, and the M.S.
degree in Computer Science from The
University of Agriculture Peshawar, Pakistan,
in 2017. He has over nine years of teaching
and research experience and has supervised
numerous undergraduate and master’s
students in final-year projects and research
activities. He is currently a Ph.D. scholar at
the School of Computer Science and Technology, Chongqing
University of Posts and Telecommunications, Chongqing,
China. His research focuses on Underwater Acoustic Sensor
Networks, with particular emphasis on energy efficiency, channel
optimization, localization, and dynamic scheduling, integrating
emerging paradigms such as 6G and quantum computing. He
served as a Lecturer in the Department of Computer Science
at Government Degree College Lal Qilla, Dir Lower, Khyber
Pakhtunkhwa, Pakistan, from 2020 to 2021. He has also worked
as a Research Assistant in the Department of Accounting and
Information Systems, College of Business and Economics, Qatar
University, Doha, Qatar, and as an IT Clerk at the Court of the
District and Session Judge, Timergara, Dir Lower, Pakistan, from
2022 to 2023. He has authored over 40 research publications and
actively serves as a reviewer for several reputable journals. His
research interests include artificial intelligence, machine learning,
deep learning, wireless and underwater sensor networks, gesture
recognition, and unmanned aerial vehicle communication systems.
(Email: altafkfm74@gmail.com)

211


https://doi.org/10.1061/JMENEA.MEENG-7010
https://doi.org/10.1109/TII.2025.3574435
https://doi.org/10.1016/j.jtrangeo.2025.104473
https://doi.org/10.1016/j.est.2025.119325
https://doi.org/10.1007/s13177-023-00380-2
https://doi.org/10.1049/iet-est.2018.5080
https://doi.org/10.57152/malcom.v6i1.2375
https://doi.org/10.1049/gtd2.13046
https://doi.org/10.1049/smc2.12058
https://doi.org/10.7717/peerj-cs.3373
https://doi.org/10.54644/jte.2026.1765
https://doi.org/10.1016/j.trd.2022.103177
https://doi.org/10.1016/j.jclepro.2019.05.388
https://doi.org/10.1016/j.jclepro.2019.118457
https://doi.org/10.3390/en9040270
https://doi.org/10.1063/5.0211698

	Introduction
	Theoretical Foundations and Literature Review
	Theoretical Foundations
	Rationale for K-Means and P-Median Selection

	Literature Review

	Proposed Method
	Data Cleaning and Integration
	Data Sources and Integration Logic
	Missing-Value Treatment and Rationale
	Format Standardization and Positive-Value Validation before Log Transformation

	Feature Construction and Variable Screening
	Necessity of Log Transformation
	Variable Selection and Multicollinearity Assessment

	Construction of the Demand Forecasting Model
	Functional Division Between the Long-Run and Short-Run Models
	Estimation Results of the Long-Run Log-Linear Model
	Diagnostic Role of the Short-Run Error Correction Model (ECM)
	Sources of Data Inconsistencies and Handling Limitations

	Forecasting Vehicle Stock (2026–2030)
	Scenario Assumptions for Future Forecasting
	Forecast Results and Trend Analysis

	Estimation Method for Public Charging Station Demand
	Vehicle Type Classification

	Assumptions on Public Charging Shares
	Charging Demand Calculation Model
	Service Capacity Model
	Redundancy Design

	Estimating Charging Station Demand for District 1

	Results Analysis
	Spatial Distribution Analysis of Existing Charging Stations in District 1
	Data Sources and Spatial Geocoding Method
	Spatial Distribution Characteristics and Preliminary Observations

	Future Demand Generation and Spatial Mapping in District 1
	Allocation from National and City Levels to the District Level
	Rationale for Central-District Demand Intensification
	Method for Constructing Spatial Demand Points
	Tourism-Driven Insight

	Construction of the Charging Station Location Model for District 1
	Necessity of Spatial Zoning and Rationale for Selecting the K Value
	Spatial Characteristics of the Zoning Results
	Construction and Solution Mechanism of the P-Median Model

	District-Wide Budget Allocation and Resource Constraints
	Budget Allocation Based on Demand
	Overall Layout Structure under Budget Constraints

	Analysis of Charging Station Layout Results for the Next Five Years in District 1
	User Experience and Multi-Dimensional Accessibility Assessment
	Complementary Residential Charging Strategies
	Economic Viability and Investment Prioritization
	Stakeholder Engagement and Implementation Pathway
	Sensitivity Analysis of Key Parameters

	Conclusion
	Ly Hoang Anh
	Altaf Hussain


