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Abstract: Integrating Electric Vehicle (EV) charging stations into buildings is becoming
increasingly important due to the rapid growth of private EV ownership and prolonged
parking durations in residential areas. This paper proposes robust, building-integrated
charging solutions that combine mobile energy storage systems (ESSs), station linkage data,
and traffic volume data. The proposed system promotes eco-friendly EV usage, flexible
energy management, and carbon neutrality through a polyfunctional Vehicle-to-Grid (V2G)
architecture that integrates decentralized energy networks. Two core strategies are imple-
mented: (1) configuring Virtual Power Plant (VPP)-based charging packages tailored to
station types, and (2) utilizing EV batteries as distributed ESS units. K-means clustering
based on spatial proximity and energy demand is followed by heuristic algorithms to
improve the efficiency of mobile ESS operation. A three-layer framework is used to assess
improvements in energy demand distribution, with demand-oriented VPPs deployed in
high-demand zones to maximize ESS utilization. This approach enhances station stability,
increases the load factor to 132.7%, and reduces emissions by 271.5 kgCO,. Economically,
the system yields an annual benefit of USD 47,860, a Benefit—Cost Ratio (BCR) of 6.67, and
a Levelized Cost of Energy (LCOE) of USD 37.78 per MWh. These results demonstrate the
system’s economic viability and resilience, contributing to the development of a flexible
and sustainable energy infrastructure for cities.

Keywords: polyfunctional V2G solutions; carbon neutrality; climate change response;
energy governance for carbon reduction; private EV integration in buildings; mobile ESS
for grid stabilization

1. Introduction

Amid growing concerns about climate change and environmental pollution in the
transportation sector, the international community is actively seeking solutions to promote
sustainable development [1,2]. The transportation sector contributes approximately 24%
of global carbon emissions, with automobiles alone accounting for about 45% of these
emissions [3]. Ranking second only to industry in global carbon emissions, the transport
sector has become a primary focus of climate change mitigation efforts [4,5]. In this
context, fossil fuel consumption has been identified as a principal culprit, prompting
greater investment in clean technologies [6,7]. In particular, the promotion of Electric
Vehicles (EVs) has emerged as a key strategy for energy conservation and carbon reduction
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in transportation [8,9], which solidifies its position as a representative eco-friendly approach
to facilitate sustainable growth [10]. In order to maintain competitiveness in the automotive
industry while achieving carbon neutrality [11], EV adoption is growing at a rate of 36%
per annum [12], and it is predicted that more than 245 million EVs, which is more than
30 times the 2023 figure, will be deployed by 2030 [13]. Over the next decade, as the
sale of internal combustion engine vehicles is gradually phased out and the EV battery
charging infrastructure is established [14], V2G technology is expected to gain even greater
momentum [15].

Typically, commercial EVs have battery capacities ranging from 180 to 540 kWh,
compared with the 59 to 125 kWh capacities commonly found in personal EVs. This higher
capacity allows commercial EVs to supply more energy, which makes them particularly
suitable for V2G [16]. However, considering the rapid increase in private EV adoption and
the potential to supply power for extended periods while parked, privately owned EVs
also present a significant opportunity for V2G utilization [17]. For example, private EVs
are mainly used for daily commutes or short-distance trips and remain parked for most of
the day. As a result, these vehicles can feed electricity back to the grid via V2G during their
idle hours [18,19]. In contrast, commercial EVs often have irregular or lengthy operating
hours, which limits the time they can contribute via V2G [20]. Because private EVs spend
many hours without being driven each day, they are well suited to supply energy via
V2G. When these factors are viewed alongside the much larger and faster-growing fleet
of privately owned EVs, the outlook for V2G technology appears especially robust [21,22].
As industrial trends evolve and EV adoption increases, the widespread implementation of
V2G technology is becoming essential. This growth is measured in numbers and driven
by digital innovations and improvements in energy efficiency [23]. Research focused on
carbon emission reduction and energy conservation at charging stations is reinforcing the
role of EVs beyond transportation, positioning them as key assets within the V2G power
grid to support ongoing energy collaboration.

1.1. Literature Review

This paper proposes an integrated operational strategy to mitigate energy imbalances
among charging stations driven by rising EV charging demand. Specifically, the objective
is to engineer a polyfunctional V2G solution that is predicated on a mobile ESS and an
intelligent VPP, with the aim of reflecting the characteristics of various types of charging
stations and EV traffic data. There has been a paucity of research that comprehensively
addresses the operational strategies for different types of charging stations based on a
single VPP package. Therefore, the objective of this study is to establish its uniqueness
by analyzing the interconnectivity between user behavior and EV traffic data resulting
from the increase in EV charging demand, as well as charging station utilization rates.
In this section, an examination of the extant literature on the role of VPPs and mobile ESSs
in sustainable transportation energy, intelligent VPP-based V2G integration technology,
and research trends in V2G operation technology for energy conservation and emission
reduction is conducted.

The literature review serves two purposes: it establishes the academic foundation for
our methodology and clarifies the technical requirements. Furthermore, the differentiation
and scalability of the proposed V2G solutions from existing studies underscore their
academic and practical significance.

1.1.1. Role of VPPs and Mobile ESSs

A VPP integrates Distributed Energy Resources (DERs), ESSs, and EVs through digital
technologies, which enables them to operate collectively as a single power plant [24,25].
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In particular, incorporating V2G further maximizes system efficiency by balancing energy
supply and demand, managing resources more effectively, and enhancing grid stability [26].
For example, during periods of rapidly increasing energy demand, power can be drawn
from the batteries of private EVs to meet the surge in demand. Hence, this approach
alleviates the strain on the grid by predicting the energy demand at EV charging stations and
strategically distributing energy [27]. This integration is especially useful for forecasting
and responding to demand fluctuations at EV charging stations [28]. Because the electricity
demand at EV charging stations can change suddenly, inadequate management can place a
significant burden on the power grid [29-31].

The mobile ESS concept utilizes EV batteries by treating the EV itself as an ESS and
leveraging the energy stored within it [32,33]. Furthermore, by analyzing the energy
demand data from EV charging stations, the energy distribution can be adjusted using
a mobile ESS, and, when necessary, energy can be retrieved from the mobile ESS and
supplied to the power grid to maintain stability [34,35]. Within a VPP, the mobile ESS plays
a crucial role in enhancing supply flexibility through this transfer of energy, which enables
rapid delivery of energy to regions with high demand [36]. Deploying an intelligent VPP
together with a mobile ESS enhances overall grid stability and, by tapping EV batteries as
distributed power sources, helps maintain energy supply in heavily loaded areas.

1.1.2. Linkage Technology Between EV Charging Stations and Mobile ESSs

To meet user requirements, a comprehensive set of relevant data must be collected
and analyzed [37]. This facilitates the identification of uncertainties in energy demand
at various charging stations and the stabilization of charging station operation plans and
power grid loads by explaining charging behavior [38-41]. Analyzing the spatiotemporal
demand patterns of EVs and user behaviors is key for supporting effective real-time EV
charging station management [42,43], while iterative analysis is vital to guarantee user-
centric charging infrastructure planning [4,44]. Data-driven EV charging stations play a
significant role in continuously improving VPP performance and conserving energy [45].
In order to conserve energy, it is necessary to collect vehicle flow and charging station data
systematically, analyze the factors that cause concentrated charging demand, and improve
the stability and efficiency of charging stations. The interaction between the VPP and EV
charging stations is subject to variation depending on the type of charging station, and V2G
operation methods are applied differently [46-49]. Therefore, VPP-based V2G operational
strategies must be tailored to the type and usage characteristics of each charging station,
and K-means-based real-time clustering has proved effective in meeting these requirements
across numerous VPP studies [50]. Consequently, tailoring VPP-based V2G operational
methods to each charging station type can enhance grid performance and energy efficiency,
thereby minimizing carbon emissions.

1.1.3. V2G Technologies for Energy Conservation and Emission Reduction

The integrated approach plays an essential role in improving energy efficiency and
reducing carbon emissions [51,52]. Analyzing data-driven EV operational flows helps
mitigate uncertainties at charging stations, while intelligent VPP and V2G solutions serve
as key mechanisms to address energy dependency and power supply challenges [53]. Con-
sidering the randomness of EV usage and the variability of new energy sources, there is
an emphasis on technologies that minimize fluctuations in charging station energy [54,55].
V2G operation technology identifies EV operation patterns, charging conditions, and en-
ergy demand through data analysis to reduce the burden on the electrical grid and to
efficiently utilize energy, such as by storing power in EV batteries when energy demand
is low [56-58]. For example, private EVs discharge the energy stored during the day back
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into the grid at night or during peak hours, which helps stabilize the energy supply and
reduce carbon emissions.

By applying V2G operational technologies to analyze the operational status and usage
data of EV charging stations, the reliability and efficiency of the energy supply system
can be enhanced significantly [59]. Furthermore, parked EVs, integrated into V2G-based
energy governance, can act as decentralized energy sources that help balance grid demand,
improve efficiency, and reduce emissions [60-62]. Moreover, the analysis of charging sta-
tion utilization through V2G technology facilitates charging station demand and energy
governance, which lowers carbon emissions and strengthens grid stability [63]. These
technologies have now been extended beyond individual EVs and charging stations to
building-level energy design and operational strategies. Building Information Model-
ing (BIM) is an information integration system that digitally represents the physical and
functional characteristics of buildings. This system supports efficient decision-making
throughout the entire lifecycle of a building, including its design, construction, and opera-
tion [64]. In recent years, BIM has been utilized to design modern energy infrastructure
that integrates ESSs and renewable energy technologies [65], and has played a key role
in the design and operational analysis of charging stations linked to V2G technology. For
instance, the optimization of EV charging strategies for office buildings using BIM-based
information has been demonstrated to reduce peak power loads and used to evaluate the
feasibility of V2G implementation [66]. Integrating BIM with Building Energy Modeling
(BEM) has demonstrated that energy efficiency and carbon emission reductions can be
achieved simultaneously during building retrofits [67,68]. BIM is being used in the deploy-
ment of EV charging infrastructure, energy demand forecasting, and renewable energy
connectivity assessment, and is emerging as a key tool for smart building and city design.

Consequently, coupling EVs with V2G technologies under an intelligent VPP plays
a pivotal role in achieving three primary objectives: enhancing grid stability, managing
energy resources efficiently, and reducing carbon emissions [69,70]. It also contributes to
cost savings and environmental protection by smoothing charging station loads within
buildings. Ultimately, this approach supports the broader shift towards clean energy
systems and advances the creation of carbon-neutral, sustainable urban environments.

1.1.4. Review Summary

Previous studies have established multi-objective theory as a widely adopted ap-
proach across many areas of transport. This paper explores ways to enhance transport
sustainability and adopts V2G, managed through an intelligent VPP, as its energy man-
agement method. Most existing studies remain focused on either vehicles or the grid,
and operational strategies that fully account for the characteristics of different charging
station types, along with the potential of privately owned EVs as energy resources, are
still underdeveloped. In addition, the absence of energy packaging models that utilize
diverse data—such as EV demand variability, spatial disparities among charging stations,
and traffic volume patterns—has been identified as a research gap.

To address these limitations, this study analyzes charging station-specific demand
patterns using K-means clustering and designs a mobile ESS-based polyfunctional V2G
solution, thereby proposing an intelligent VPP operation strategy. The primary objective is
to achieve three goals simultaneously: mitigation of grid load imbalances, improvement of
energy efficiency, and reduction of carbon emissions. From a resilient energy governance
perspective, this study focuses on long-term goals that go beyond routine supply stabiliza-
tion to include sustainable power operation and expanded renewable energy use, even in
crisis situations. Accordingly, managing energy demand at charging stations emerges as a
critical strategic element in shaping the future of carbon-neutral, sustainable urban living.
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1.2. Purpose of the Study

Whilst earlier studies have examined V2G technologies and energy governance in
isolation, this study proposes a novel integrated strategy that combines private EVs, city-
scale V2G operations, intelligent VPP packaging, and mobile ESS deployment. The strategy
employs charging station type, traffic, and spatial data to establish a coordinated energy
system that enhances grid stability and reduces urban carbon emissions. Accordingly,
this paper proposes a data-driven polyfunctional V2G solution to address climate change
and the growing demand for privately owned EVs while reducing carbon emissions
and conserving energy. Figure 1 illustrates how the goals of each technology within the
intelligent VPP and mobile ESS are interconnected and presents the objectives of the V2G
solutions in analyzing and responding to data-based energy demands.

“* V2G Solution : . .
Al-based analysis enables the establishment of optimal energy routes, EV Charging Station —

allowing operation as one unified power plant.

Predict demand and
I distribute residual energy E
to operate the station stably cr%
<
. . Intelligent 4
Demand-Side V2'G SOlllthI.l On-demand VPP £
EV User / EV Traffic (Vehicle-to-Grid) . g
(Virtual Power Plant) o
z
)
=]
=
=~

Utilize EVs to distribute
surplus energy

+¢ Intelligent On-demand VPP :

Service that reduces energy consumption by utilizing demand

Mobile ESS

resources such as DR (Demand Response), EE (Energy Efficiency), (Private EVs)

and V2G.
Figure 1. Purpose of V2G solutions integrating a VPP and mobile ESS.

In order to advance the research and achieve these goals, this study analyzes issues
from the perspectives of both users and charging stations, using EV traffic data to bridge
the gap between charging station demand and supply. Moreover, managing the energy
demand of charging stations enhances energy efficiency, reduces energy costs through
supply, and strengthens the stability of the charging stations. This approach prevents
overloading by managing the energy demand of nearby categorized charging stations in a
stable manner Finally, a data-linkage approach to carbon savings and energy conservation is
designed to protect the environment and enhance social value. In the long term, these efforts
will provide insights into sustainable city development and offer significant advantages in
securing competitiveness through entry into emerging markets.

The remainder of this paper is organized as follows: Section 2 presents the system
design and analysis of the proposed polyfunctional V2G solution, including the architecture
and key variables. Section 3 describes the applied models and algorithms, such as demand
management using a mobile ESS and data-driven VPP package design. Section 4 discusses
the results and key findings regarding energy conservation and emission reduction based
on the proposed solutions. Section 5 concludes the paper, and Section 6 outlines directions
for future research.

2. System Design and Analysis

This chapter employs a systematic approach to design and analysis, meticulously
delineating the structural framework and operational methodologies of polyfunctional
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V2G solution. Initially, Section 2.1 presents the hierarchical structure and architecture of
the V2G solution based on an intelligent VPP and mobile ESS, and then defines the roles of
each type of charging station. In Section 2.2, we utilize empirical data to analyze EV traffic
volume, charging station locations, and demand characteristics by type. We then derive the
feasibility of mobile ESS utilization and the foundation for energy distribution strategies.
This process addresses the issue of imbalanced energy demand within cities by designing a
V2G-based energy management system capable of responding to demand.

2.1. V2G Solution Operation and Architecture
2.1.1. Concept and Objects of the Proposed Model

The polyfunctional V2G solution proposed in this paper comprises an energy technol-
ogy that stabilizes charging station operations based on an intelligent VPP by linking EV
traffic, charging station location, and energy demand data. By combining intelligent VPP
and mobile ESS technologies, the solution enhances grid stability and energy utilization
while reducing carbon emissions. To overcome the limitations identified in earlier studies,
this paper presents an operational framework for the proposed V2G solution, as illustrated
in Figure 2.

V2G Solution Mobile ESS

Data (
— L Contributing to Direct Carbon-Neutral J

Predictive Charging Station Demand { Recharge Incentive J

Model Design Based on K-Clustering Energy
Sharing

<+ Demand Dataset: Private EV User, Charging Station

Demand, Location, EV Traffic Response ST> Intelligent On-demand VPP
olution
Charging Station Energy Management Energy
Conservation

Private EV based Residential,
Garage, Major City, Roadside Station EV Charging Station in Building

[ Energy Saving via Efficiency Improvement }

—
« Demand Dataset: Charging Station Energy Demand, Data
Energy Efficiency, Charging Energy Timetable [

Enhancing Safety and Reliability J

Figure 2. Operation methods of V2G solution.

To develop advanced V2G technologies, the ESS at the demonstration site is configured
with a battery capacity of 8 MWh, which is equivalent to the combined battery capacity
of 144 typical private EVs. This approach leverages private EVs as mobile ESS units
to distribute the single ESS system and proposes technologies that effectively address
the energy demand of charging stations. Among the V2G solution operation methods,
the first approach involves categorizing intelligent VPP-based charging stations by type
based on charging demand. In contrast, the second focuses on efficiently reducing carbon
emissions and conserving energy through energy demand management at charging stations
as EV adoption increases. This approach provides insights into long-term sustainable city
development and offers significant benefits for entering new markets in the future and
securing competitive advantage. Finally, this paper systematically explores intelligent
VPP packaging, strategic organization of energy resources technology, which leverages EV
traffic to reduce carbon emissions, and demand response technology, which is tailored to
charging station types to enhance energy conservation.
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2.1.2. Structure of the Proposed Model

Intelligent VPP packaging at the city level is designed to incorporate key factors such as
the city’s unique characteristics, the strategic siting of charging stations, economic feasibility,
and sustainability goals. It delivers sustainable power to charging stations and creates an
environment in which vehicles can recharge rapidly at transport hubs and along major
thoroughfares. In addition, it takes into account the energy demand of stations located in
residential areas, garages, key city facilities, and roadside sites, and proposes energy-saving
measures accordingly. Figure 3 presents a three-layer framework for analyzing charging
station energy demand and the architecture of the proposed V2G solution, highlighting
technologies that reduce carbon emissions and conserve energy.

V2G Solution (Service Layer)

Charging Station Energy Management Predictive Charging Station Demand

Data Analysis and Prediction (Digital Tech. Layer)

Digital Model

Energy Demand Management Model .
(Private EV-based) K-means Clustering-based Model

Data Analysis

Analysis of energy usage Correlation between . . .
YSIS ¢ gy usag Private EV Potential Analysis
by charging station type traffic volume and EV users
{ Charing Station Energy Demand Data ] [EV Traffic Data ] [ Private EV ]
Database
. . . Traffic-focused ~ Private EV-focused
Charging Station-focused Sharing Sharing Sharing

Energy
conisounmpt - ~ ;'—|::‘_‘ — —
Data — ' ! : : ' !

. rivate . — — — p : :
] Evusage & S B B
line | i | | | H | 1 1 1 H 1

Energy P o L L .
operation T 3 - B O 3 O j—
hours 3 ‘: ‘; 3 :’ | | | ] : | i 3

Residential . Major City Roadside . EV User
Infra. [ Station ] [ Garage Station ] [ Station } [ Station J [EV Traffic Pmnt] {Distribution mapJ

Infra. Energy Data Layer

Figure 3. Three-layer V2G solution architecture.

Service Layer

The proposed V2G solution provides energy governance and demand forecasting
services for charging stations. At the city level, it analyzes correlations between EV user
flows and traffic data, together with the rate of growth in EV demand, in order to iden-
tify locations with high expected charging demand and create an environment in which
convenient day-to-day charging is available.
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Digital Technology Layer

This study focuses on the application of digital technologies from three complementary
perspectives: Drawing on the analytical results and algorithms, it develops an energy
demand governance model for privately owned EVs and a charging station package
model derived from K-means clustering. Machine learning techniques predict EV charging
demand and analyze user behavior, traffic data, station locations, and site stations within an
intelligent VPP while estimating site-specific demand. Areas with high vehicle flow—such
as major roads and city centers—are prioritized for station deployment, and the stations
are then packaged into the VPP to satisfy energy demand efficiently.

Infrastructure Energy Data Layer

The system collects and processes data on charging station type, EV traffic flows, and
user distribution. These data underpin analyses of energy consumption, patterns of EV use,
and optimum operating times. All information is stored in a central database and shared
across the infrastructure.

This study considers four charging station categories: Residential In-Building, Major
City In-Building, Garage In-Building, and Roadside In-Building. Chargers are categorized
into slow (3.3-7 kW) and fast (50 kW) units. residential, garage, and major city stations
chiefly employ Type 2 slow chargers, whereas roadside stations are equipped with fast
chargers compliant with CCS or CHAdeMO standards. Based on collected EV traffic data,
the system analyzes the impact of energy demand at charging stations and maximizes the
efficiency of mobile ESSs through intelligent VPP deployment in energy-dense areas.

V2G solutions provide energy governance through predictive models by analyzing the
link between mobile ESS utilization and EV traffic data as EV charging demand increases,
along with the energy demand response based on charging station utilization analysis.
By linking and managing the demand of the charging station and the number of uses,
the stability and reliability of the charging station are improved, and energy is conserved.

2.1.3. Polyfunctional V2G Roles by Charging Station Type

Each type of charging station has a distinct role in and contribution to V2G solutions.
The following are ways in which charging station types can contribute to V2G:

*  Residential In-Building Charging Station: Vehicles parked at night by private EV users
play an important role in receiving energy via V2G. This type, in conjunction with a
VPP, supplies battery energy from EVs that are not used at night to mitigate the peak
of power consumption at night.

*  Major City In-Building Charging Station: This type of charging station is installed in
commercial facilities or public parking lots within cities for short-term use. Rather
than relying on a direct power supply, it prioritizes energy distribution using a mobile
ESS during periods of high demand.

*  Garage In-Building Charging Station: A garage charging station where private EVs
are parked long term. Energy is recovered from the battery of private EVs at night or
during times of low vehicle use and supplied to the required area.

*  Roadside In-Building Charging Station: An express charging station on a highway
that is often used for quick charging by private EV users, which can lead to a sudden
surge in demand for charging. Demand data are analyzed in advance, and energy
is replenished quickly, if necessary, to respond reliably to rapid and/or large-scale
energy demand.

The mean charging volume, as determined by the charging data utilized in this study,
is 16.95 kWh in residential areas, 16.58 kWh in garages, 9.82 kWh in major cities, and
17.56 kWh on roads. This finding provides empirical evidence that validates the power-
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handling capacity and V2G compatibility of each charging station type. The following
charging capacity analysis is predicated on the box plot-based charging demand analysis
results that are presented in Section 2.2.3 of this study, and the charger output levels
are quantitatively derived using actual charging session data by charging station type.
By analyzing the interconnectivity between the utilization of a mobile ESS and EV traffic
data in response to increasing EV charging demand, this study proposes a polyfunctional
V2G solution capable of addressing energy demand.

2.2. Data Collection and Analysis
2.2.1. Analysis of Private EV-Based Mobile ESS Potential

Figure 4 compares the battery utilization patterns and V2G suitability of private and
commercial EVs throughout the day, evaluating their potential as mobile ESSs. Private EVs,
which are parked for the majority of the day, show higher suitability for V2G solutions
during evening and nighttime hours when parked. The battery capacity of private EVs
ranges from 59 to 125 kWh, with 50-75% of this capacity being available for V2G, which
represents a relatively high percentage. These findings indicate that privately owned EVs
are well suited for energy storage and distribution. This ratio is derived from an analysis
of EV operating cycles, charging—discharging patterns, and charging station location data.
The estimation is carried out with a scenario-based model after normalizing traffic data
and vehicle registration statistics by time of day. Available V2G capacity is estimated by
correlating it with the average daily parking durations. The analysis also takes into account
the behavior of multiple privately owned EVs that remain stationary at the same building
for extended periods.

In contrast, commercial EVs are primarily in operation during the day, with their
parking times mostly limited to evenings and nights. As a result, the opportunities to
utilize them as mobile ESSs are more limited, and their actual V2G available capacity is only
20-25%. To this end, we perform an integrated analysis of intersection-level time-series
vehicle inflow—outflow data obtained from Seoul’s traffic information system together
with EV registration statistics. The available duration for V2G operation is estimated from
parking probabilities and dwell-time distributions for each EV class. By combining these
results with charging station location data, we infer the spatial distribution of EV energy
demand and thus quantify the potential for V2G integration.

Linked with the time-of-day parking and operating profiles shown in Figure 4, this
analysis reveals quantitative variations in actual V2G availability and provides key input for
data-driven mobile ESS deployment strategies. Private EVs are ideal mobile ESS candidates
due to their idle time and high energy availability. These findings underscore the necessity
for a strategic approach to design V2G solutions that effectively leverage private EVs as
mobile ESSs.

< Private EV
Dinner Daily Dinner

Battery Capacity: 50~100 kWh
V2G Usable Capacity: 50~75%

Parking Parking Parking

Time
< Commercial EV

Dinner Daily Dinner

Battery Capacity: 100~150 kWh

Parkin Usin Parkin
g e g V2G Usable Capacity: 20~25%

Time

Figure 4. V2G and mobile ESS suitability of private and commercial EVs.
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EV charging station location data and private EV traffic data serve as key variables in
polyfunctional V2G solutions. Figure 5 presents the correlation between EV user counts
and traffic volume from 2021 to 2023, along with a forecast of private EV traffic trends for
2024. The blue line represents the number of vehicles entering a specific area, the green line
shows the number of vehicles exiting the area, and the red solid line illustrates the inflow
and outflow trends.
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Figure 5. Traffic volume and user count over time.

At all data collection points, the traffic volume shows a consistent cyclical pattern:
increasing during weekdays and decreasing on weekends. This is a typical pattern of com-
muting flows and major city activities. During weekdays, both inflow and outflow become
more active, which results in a significant increase in EV traffic and higher energy demand.
The number of inflowing vehicles represents the energy demand for vehicles entering
the city, while the number of outflowing vehicles indicates energy movement for vehicles
leaving the area. Inflow fluctuates between approximately 300,000 and 450,000, while
outflows vary around 100,000 users. This highlights an imbalance in energy consumption
and charging station demand within the city. The trend line, represented by a solid red
line, demonstrates a continuous increase in EV traffic volume. This is closely tied to the
growing number of EV users and illustrates the gradual impact of EVs on city mobility. As
EV adoption increases, so does the demand for charging stations, which emphasizes the
importance of energy governance strategies.

The EV traffic data used in this analysis are based on intersection-level time-of-day
inflow—outflow statistics provided by the Seoul Open Data Plaza (2021-2023), and the
numbers of EV users are obtained from the Ministry of Land, Infrastructure, and Transport’s
vehicle registration statistics for the same period. The data are normalized by day and
week, and outliers are removed to ensure data quality. A trend analysis of traffic volume
and user numbers is conducted using time-series regression analysis.

The observed high correlation between the number of EV users and traffic volume
facilitates the identification of peak times and congested areas for charging stations based on
the data. Furthermore, it serves as a fundamental spatial and temporal V2G solution. This
finding indicates that EVs have considerable potential to make a meaningful contribution
to city energy flows, extending beyond their current role as a mere transportation mode.
It is suggested that EVs can function as strategic assets in the development of intelligent
VPP-based energy management strategies.
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2.2.2. Charging Station Location Data and Classification

In Figure 6, the types of EV charging stations installed within a 500 m radius of 10 EV
traffic collection points in a specific city area are visualized. The study area is a densely
populated district of Seoul that embodies the transportation and charging infrastructure
of a major city. The charging stations are classified into four categories: Residential In-
Building, Garage In-Building, Major City In-Building, and Roadside In-Building. The
classification is based on the location coordinates of the charging stations and the land
use information of surrounding facilities. Each gray shaded area represents the influence
zone of an individual collection point, with overlapping areas indicating regions where
EV demand is concentrated or charging stations are densely clustered. The distribution of
charging stations is characterized by a color-based classification system that differentiates
between the various types. This facilitates spatial identification of the concentration of
different types across specific areas.
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Figure 6. Impact of EV traffic data on energy demand.

To design a V2G solution for energy distribution and demand response using a mobile
ESS, EV traffic flow, charging station locations, and the number of private EVs are linked
and analyzed. The data collection process incorporates EV traffic data and charging station
location data provided by the Open Data Plaza in Seoul, South Korea, as well as the
nationwide electric vehicle charging infrastructure database of the Korea Electric Power
Corporation. The volume of EV traffic is estimated by calculating the proportion of EVs
in the total traffic volume. This is based on the assumption that the EV penetration rate
is equivalent to the total vehicle operation rate. This is in accordance with Seoul City’s
vehicle registration statistics. Traffic volume collection points are situated primarily at
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major intersections in densely trafficked urban districts, capturing the principal movement
patterns of privately owned EVs in the city center.

The impact level labeled at each EV traffic data collection point indicates the number
of private EVs entering or exiting the city center from that location. Notably, areas where
impact levels overlap show a higher concentration of EV charging stations. In addition,
data-driven analysis provides critical insights for designing polyfunctional V2G solutions.
By linking charging station locations with traffic data, energy demand can be managed
more effectively, and energy losses during charging can be minimized, which facilitates
efficient energy conservation. This approach provides practical solutions for energy savings
and carbon emission reduction. It also underscores the growing role of EVs and charging
stations as critical components of a sustainable future in an increasingly environmentally
conscious society.

2.2.3. Energy Demand Characteristics by Charging Station Type

Figure 7 visualizes the distribution of energy demand in residential areas, parking
lots, major urban facilities, and roadside charging stations in the form of box plots. Box
plots are used to visually represent the central tendency and dispersion characteristics of
energy demand for each charging station type, serving as an effective statistical tool for
quantitatively comparing demand concentration and variability across charging stations.
The analysis utilizes over 59,000 real-world charging history data points obtained from
the Korea Electric Power Corporation (KEPCO) from 2021 to 2023, with charging stations
classified into four types based on their location information. Demand volume is based on
the actual charging volume (kWh) of individual charging sessions, and, after excluding
outliers, the median and maximum values are used to compare and analyze the demand
characteristics by type. This approach aims to quantitatively assess the concentration
and variability of demand volume between charging station types and effectively identify
imbalances and structural differences in energy demand.

Charging Amount by Charging Station Type
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Figure 7. Charging amount by type of charging station.

Residential charging stations exhibit low demand, with a median session energy of
16.95 kWh. More than three-quarters of sessions draw no more than 30 kWh. A few sessions,
however, reach 30.41 kWh, indicating marked variation among users. Garage stations show
a similar median (16.52 kWh) yet record the highest observed session energy—71.18 kWh—
implying frequent long-duration charging and a need for high-capacity provision. Major
city facility stations register the lowest demand (median 9.36 kWh), reflecting short dwell
times, although occasional peaks of up to 38.78 kWh reveal temporary surges. Roadside
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stations display the highest typical demand (median 17.48 kWh) and the broadest disper-
sion, with sessions of up to 52.93 kWh, consistent with rapid en route charging during
long-distance travel. These disparities underscore the importance of tailored demand
management and energy distribution strategies for each station class so as to mitigate
irregular loading across the network.

3. Applied Models and Algorithm Design

This chapter delineates the model and algorithm design process for the practical im-
plementation of the proposed polyfunctional V2G solution. Firstly, a demand management
process and a load-balancing strategy are presented that use a mobile ESS to efficiently man-
age the energy demand of EV charging stations. This approach has been demonstrated to
assist in the mitigation of issues related to peak-time load concentration, thereby enhancing
the stability and reliability of energy operations.

In the subsequent phase of the study, an analysis of charging stations is conducted
according to their respective types. This analysis is undertaken through the utilization of
K-means clustering, a data-mining technique that facilitates the identification of distinct
clusters within the dataset. The subsequent step involves the design of a package-based
intelligent VPP, with the design parameters informed by spatial demand characteristics.
This approach is predicated on the integration of data pertaining to charging station
location, type, traffic volume, and user density, with a view to constructing demand-centric,
customized energy packages.

In conclusion, an analysis is conducted to determine the equilibrium between the
energy demand of charging station clusters and the energy supply capacity of private EVs.
The design of strategic packages capable of real-time demand response is also completed.
The present chapter thus demonstrates the feasibility of the polyfunctional V2G solution
through a series of procedures ranging from data-based analysis to actual algorithm design
and application. The proposed model and its algorithms are implemented in Python. Data
are processed and analyzed with Pandas and NumPy, and K-means clustering is carried
out using scikit-learn. Matplotlib and Seaborn are employed to visualize clustering results
and demand patterns, thereby improving the clarity of the analysis. All procedures are
executed within a bespoke, internally developed computing environment.

3.1. Demand Management with Mobile ESSs
3.1.1. Charging Demand Management Process

This process follows a sequence focused on users, governance, and operation and aims
to improve energy efficiency through charging station utilization analysis. The frequency
of energy usage at each charging station is identified to distinguish frequently used stations
from those that are relatively underused. In addition, the concentration of energy demand
during peak usage times is analyzed, and a mobile ESS is used to distribute energy demand
in response to changing trends. Figure 8 illustrates the energy demand governance process
for conserving energy at charging stations.

The provider needs to analyze the correlation between the load levels of charging
stations and hourly usage to manage energy demand at charging stations and improve
energy efficiency. They should also use private EVs to distribute energy across different
types of charging stations. Both providers and consumers analyze the relationship between
energy usage and frequency, which provides valuable feedback to operations. In the
governance phase, charging patterns are analyzed, and charging strategies are developed
to reduce carbon emissions. The state of charging station utilization is analyzed based on
changes in usage frequency.
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Figure 8. Energy demand governance process for energy conservation.

In the operational phase, an intelligent VPP is actively used to improve charging
efficiency and balance energy. At this stage, the analysis of charging station utilization
identifies peak and off-peak energy demand periods. By charging during off-peak hours,
energy can be evenly distributed via a mobile ESS, which increases energy utilization
efficiency across the grid. Moreover, managing charging station loads helps conserve
energy, improve reliability, and enhance stability. By applying this process, the goal is
to maximize the potential of ESSs within private EVs, utilizing them as mobile ESSs and
effectively managing the energy demand of charging stations.

3.1.2. Heuristic Load Allocation for Mobile ESS

Algorithm 1 begins by calculating the average load, maximum load, and median load
for each of the four charging station types. The average load is calculated by summing the
load of all charging stations of the same type and dividing it by the number of stations.
The maximum load refers to the load of the station with the highest value within a given
type. The median load is a reference value somewhere between the average and maximum
load and is considered a slightly better indicator than the average load.

The next step is to check whether the load of each charging station exceeds the average
load. If a station exceeds the average load, the specific excess load is calculated, and part
of it is redistributed to other stations of the same type that are still below the average
load. The load to be redistributed is determined by selecting the smaller value between
the excess amount and the amount needed for the receiving station to reach the average
load. Each time redistribution occurs, the load values of the station losing load as well as
the station gaining load are updated. This process continues until there is no remaining
excess load or no station below the average load. If all stations of a particular type already
exceed the average load, it becomes impossible to find stations below the average, and the
median load becomes the new benchmark. In this step, stations that exceed the median
load redistribute their excess load to stations that are still below the median load. Similarly,
the amount of load to be redistributed is determined by selecting the smaller value between
the excess load and the amount required for the receiving station to reach the median load.
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This secondary redistribution process continues until no excess load remains above the
median load or further redistribution becomes impossible.

Algorithm 1: Heuristic Algorithm for the Distribution of Energy with a Mobile ESS

Input: Load; .; of charging station i of type ct, and number of stations N; per ct
Output: New load values Load; ; after redistribution

1 foreach ct € {Residential, Garage, MajorCity, Road} do

2 L Calculate Avg_Load., Max_Loadc, Mid_Load,;

3 foreach ct do

4 fori < 1to N, do

5 ALoad; o4 <— max(0, Load; o, — Avg_Load,;);

6 while ALoad; .+ > 0 do

7 Find j such that Load; s < Avg_Load;

8 AL < min(ALoad; ;, Avg_Loadct — Load,);
9 Load; .4 <= Load; .4 — AL;

10 Load; o < Load; . + AL;

1 ALoad; .y < ALoad; 4 — AL;

12 if any Load; s > Max_Load; then

13 foreach ctq,ct; do

14 fori < 1to N, do

15 ALoad; o, < max(0, Load; oy, — Mid_Load,t, );

16 while ALoad; 4, > 0 do

17 Find j where Loadj,ctz < Mid_Loady,;

18 AL < min(ALoad; 4, Mid_Loadt, — Load; ,);
19 Update loads and ALoad;

20 foreach ct do

21 fori < 1to N, do

» for t € [09:00,16:30] do

23 if Load; .4 (t) > Avg_Load. then

24 if ct € {Residential, Garage, MajorCity} then

25 | Shift_Load(i,ct, t, Load; « (t) — Avg_Load,t, [00:00,06:00]);
26 else

27 L Shift_Load(i, ct, t, Load; - (t) — Avg_Loadc, 00:00);

28 for t € [19:30,23:59] do

29 if Load; ;4(t) > Avg_Load; then

30 L Shift_Load(i, ct, t, Load; () — Avg_Loadc, [19:30,23:59));

Through this process, all stations—whether experiencing reduced or increased load—
are assigned updated load values. This approach prevents excessive load concentration
at specific stations or types and ensures a more balanced distribution. The ESS allocation
scheme adopts a heuristic, rule-based structure, yet its decision logic is domain-specific:
it reflects the intra-city mobility of mobile ESS units and the load profiles of charging
stations. Allocation priorities and thresholds are derived from empirical charging demand
patterns, ensuring that the algorithm offers practical judgement and transferability to real
operating environments. As a result, even during peak hours, the load is evenly distributed,
which improves power utilization efficiency and enhances the operational stability of the
charging infrastructure.

3.2. Machine Learning for Data-Driven VPP Design
3.2.1. K-Means Data Clustering Package Modeling
K-means clustering is selected as an unsupervised, centroid-based algorithm well

suited to the design of intelligent VPP packages. By grouping charging stations around
geometric centroids, the method captures spatial correlations and location-specific demand



Buildings 2025, 15, 2045

16 of 30

characteristics. Distance-weighted and load-weighted features are input so that the algo-
rithm reflects both station proximity and the distribution of energy demand. The number
of clusters and the initial centroids are chosen from the statistical properties of urban traffic
flows and charging loads, then fine-tuned to ensure that the resulting clusters carry strategic
value rather than representing a purely mathematical partition. The final clustering output
provides a practical foundation for assembling demand-oriented mobile ESS packages and
planning their deployment within the VPP framework.

The design and operation principles of K-means clustering can be divided into the
selection of cluster values, the centroids of K clusters, and the calculation of distances
between individual data points. It groups data into K clusters and uses the centroid of
each cluster as the representative point for intelligent VPP packaging. This approach
provides convenience to EV users and responds to energy demand while also improving
the sustainability of city traffic systems.

In the context of the continuous influx of energy and transportation data, the calcula-
tion speed, interpretability, and lightweight memory usage of the system are of paramount
importance. It is evident that the computational complexity of the K-means algorithm is
directly proportional to the number of data points, the number of clusters, the number of
variables, and the number of iterations. Consequently, it boasts a notable computational
efficiency, even when dealing with substantial datasets. Each cluster center is interpreted
as the package reference point for the VPP, thereby enabling intuitive decision-making
in operational settings. Clustering is performed using the K-means algorithm based on
59,000 EV charging session records. The value of K is set at 4, representing the number of
clusters that correspond to the four distinct categories of electric vehicle charging station
clusters identified within the dataset, namely, Residential In-Building, Garage In-Building,
Roadside In-Building, and Major City In-Building. The data points for each charging station
type are defined as x; = (I}, t;, d;, e;), where I; is the location information, ¢; is the usage time
of the charging station, d; denotes the traffic data, and e; represents the energy demand.

Private EVs function as mobile ESS units within each cluster, supplying energy to
high-demand areas for charging stations. The private EV data are expressed as xgy,; =
(Bj,&j, egy,j), where B; represents the proportion of private EVs in the cluster, a; denotes
the utilization rate of private EVs, and egy ; indicates the energy supply capacity of an
individual private EV.

In the initial step, each cluster center j is initialized with a random value, as shown
in Equation (1). This follows the general initialization method of the K-means algorithm.

ppfork=1,2,...,K (1)

Here, K is the number of clusters, and each cluster C; consists of n; data points x;.
In the VPP packaging stage, the cluster centers are updated using the average of the data
points within each cluster, as shown in Equation (2):

1
W= 1a7 Y Xj ()
| l| ijC,‘

where C; denotes the set of data points belonging to cluster 7, and |C;| is the number of data
points in that cluster. The mean y; is calculated as the arithmetic average of all x; values
in the cluster. In the next step, the total energy demand within each cluster by charging
station type is calculated using Equation (3), where ¢; represents the energy demand of
charging session x;:

Ei,demand = Z 6‘]‘ (3)
XjGCl‘
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Mobile ESS units supply energy to the charging station cluster, and the total energy
that can be provided by private EVs in cluster type i is calculated as shown in Equation (4):

Eiev =), (Bj-aj-epv,)) 4)

JCEVJ‘EC,‘

To balance the energy demand and supply within each charging station cluster by
type, the energy amount is appropriately allocated. Equation (5) represents the energy
balance condition, which must be satisfied to ensure equilibrium between energy supply

and demand within cluster i. Here, E; refers to the energy available from mobile ESS

,supply
units, and E; gy denotes the energy available from private EVs within cluster i:

Ei,demand = Ei,supply + Eigv ®)

Finally, Equation (6) defines the objective function for minimizing the energy demand-
supply mismatch across the four types of charging station clusters. This function aims to
optimize the overall energy distribution efficiency of the system:

4

min).

The objective is to minimize the mismatch between demand and supply in each

2
Ei,demand - (Ei,supply + Ei,EV) ‘ (6)

cluster and thus maximize system-wide distribution efficiency. To that end, EV charging
data are grouped with K-means clustering, and the resulting clusters inform a package-
based intelligent VPP strategy tailored to individual categories of privately owned EVs.
By capturing the distinct characteristics of each category, the system can respond effectively
to localized demand peaks at particular times and places. In addition, by shortening
delivery distances within clusters, the approach improves responsiveness and enables the
efficient allocation of energy via privately owned EVs.

3.2.2. Data Clustering and Package Modeling Using K-Means

Figure 9 plots the spatial distribution of each charging station type on an X-Y grid,
showing cluster centers and their 500 m service radii derived from actual location data.
Each center represents stations with high power demand situated in areas of heavy traffic.
VPPs are configured by linking these centers, thereby creating hubs in which energy flows
can be modulated and demand response strategies that harness privately owned EVs can
operate efficiently.

This study integrates charging station networks with EV traffic flow data to identify
high-energy-demand zones within urban areas and proposes a VPP packaging strategy to
mitigate the imbalance between local electricity demand and supply.

Specifically, by regulating the charging—discharging behavior of privately owned
EVs at locations where charging infrastructure influence intersects with heavy traffic,
the approach bolsters grid stability and local energy autonomy. The framework shows that
a sustainable, V2G-based energy management system can be realized with existing assets,
obviating the need for extensive infrastructure expansion.

This is an explanation of how intelligent VPP packaging solutions can be used in city
environments. For instance, in areas where there is a high density of charging stations and
where traffic is particularly concentrated, it is possible to analyze the data relating to the
usage of the charging stations and the flow of traffic which have been collected over the
course of the day. This analysis can then be used to identify locations where demand for
charging is particularly high. Based on the analysis results, a specific charging station is set
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as the central node of the cluster and connected to nearby private EV users to adjust the
charging and discharging schedules.
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Figure 9. Energy demand response via VPP packaging.

The implementation of demand-responsive operations has the potential to induce
substantial grid decentralization effects by utilizing the existing charging station network
and user patterns, thereby obviating the necessity for additional complex infrastructure.
This design provides the basis for the practical application of VPP-based charging station
package operations at the city level. Furthermore, the energy demand response enabled by
VPP packaging expands the role of EVs and charging stations beyond basic transportation
and energy consumption. These systems function as dynamic energy hubs, capable of
storing and redistributing energy, thereby playing a critical role in advancing regional
decarbonization and energy self-sufficiency.

4. Results and Discussion
4.1. Baseline Load Analysis and Initial Energy Management

Figure 10 presents the results of energy distribution in response to 24 h charging power
demand for Residential In-Building, Garage In-Building, Major City In-Building, and Road-
side In-Building charging station types at the predicted locations. Each graph is divided
into three scenarios, A, B, and C, which illustrate the application of balance adjustment
during specific parking periods to utilize the potential of private EVs in response to energy
demand. The simulation is built on empirical traffic volume data and EV registration
records, with each case depicting charging demand and traffic patterns for a specific time
window. The model draws on the EV traffic dataset outlined in Section 2.2.1 and is not
limited by a fixed vehicle count; instead, each case is shaped by relative demand profiles
and the charging-discharging potential inferred from time-of-day traffic flows and the
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number of registered users. The study’s aim is to evaluate the effectiveness of supplying
energy via privately owned EVs in zones that experience peak demand.
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Figure 10. Application of polyfunctional V2G solution.

By analyzing the characteristics of each graph type, it is found that residential charging
stations exhibit low initial power consumption, which gradually increases after 6 a.m. and
peaks between 5 p.m. and 8 p.m. Although the power consumption gradually decreases
afterward, it remains steady after 10 p.m., which reflects the pattern of users charging their
EVs at home after returning from work and results in high power consumption during
the evening. Garage charging stations start with very low power consumption, which
gradually increases from 6 a.m., reaches a maximum load between 1 p.m. and 4 p.m.,
and subsequently drops sharply. Major city charging stations show a gradual increase in
load around 8 a.m., peaks between noon and 3 p.m., and then gradually declines. This
finding corresponds to the pattern of people charging their vehicles during lunch breaks or
while out. Charging stations on roads experience a rapid increase in power consumption
between 8 a.m. and 10 a.m., generate a peak during the afternoon, and then experience a
gradual decrease in power consumption. After 8 p.m., power consumption drops sharply
and remains at a consistently low level as charging demand is primarily concentrated
during commuting hours and long-distance travel periods.

The simulations are run over three distinct time windows: Case A (01:00-02:00), Case
B (09:00-10:00), and Case C (13:00-16:30). In this scenario, Case A shows an excess load
of 2 kWh above the average load at a roadside charging station which is redistributed
to a major city charging station to balance the load. In Case B, when an excess load of
more than 3 kWh accumulates at a major city charging station, the load is transferred to a
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garage charging station. Case C involves a situation where all types of charging stations
are already utilizing loads above average, which means the load is redistributed based
on the median value. In this case, garage and roadside charging stations with loads of
6 kWh above the median redistribute their load to major city charging stations. The load is
redistributed across all types of charging stations to maintain load balance.

Notably, when a mobile ESS is utilized at charging stations with parking time, energy
can be supplied to areas in need or otherwise stored for later use. This approach proactively
redistributes surging demand and maintains balanced energy requirements. For example,
when excess load occurs at a roadside charging station, it is transferred to a major city
charging station, and any surplus at the major city charging station is further redistributed
to a garage charging station. In scenarios where all types of charging stations experience
high loads, the load is divided based on the median value, using parked vehicle batteries
to mitigate peaks. This distributed charging pattern becomes a key strategy to enhance the
overall stability and efficiency of the charging infrastructure.

The distributed strategy in question offers the following technical advantages: In
principle, it facilitates the transfer of energy between EVs without the necessity of establish-
ing distinct infrastructure within the power grid. This approach serves to mitigate issues
related to city overload and contributes to the preservation of power quality. Specifically,
the strategic utilization of parking time can transform vehicles into a form of DER, thereby
offering a pragmatic solutions for enhancing energy self-sufficiency and resilience within
city areas in the long term.

4.2. Results of Energy Distribution Using V2G Solution

Charging demand and energy governance at charging stations are closely related. In
addition, responding to, managing, and regulating energy demand is critical to improving
energy efficiency and enhancing safety. Furthermore, the load rate increases based on the
number of vehicles that are charging simultaneously at each station and their charging
speeds. This leads to higher energy demand during peak-load periods. A sharp increase in
energy demand during peak-load times puts a significant burden on the charging station. If
it is not managed correctly, it threatens the station’s stability. The efficiency of the charging
station is maximized by redistributing the energy demand concentrated in specific sections
of the power grid to other sections. Energy consumption is then evenly distributed via a
mobile ESS to allocate energy at specific times to the relevant charging stations. Therefore,
it is essential to distribute energy effectively to meet demand during peak-load periods.

The energy load factor analysis in this study is conducted based on the time-of-day
charging demand and the discharge capacity of the mobile ESS. The identification of
the peak load is based on the demand concentration time for each charging station type.
The load factors, recalculated to reflect the impact of distributed power, are presented as
ELPD and ELPR indicators. Specifically, Figure 11 provides a visual representation of the
discrepancy between pre-supply and post-supply load quantities, thereby demonstrating
the efficacy of this distribution in mitigating actual demand.

Equation (7) is a calculation that determines the Energy Load Factor Pre-Distribution
(ELPD) based on the total energy consumption of the charging station prior to distribution
adjustment. The pre-load factor, as derived from this equation, is 67.8%, which indicates
that the total daily energy consumption is relatively concentrated at the peak-demand
point. Therefore, it can be concluded that charging demand is concentrated during specific
time periods. This finding quantitatively demonstrates the need for improvements in terms
of system stability and energy balance.
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Figure 11. Energy distribution graph for energy governance.

Equation (8) mathematically expresses the purpose of load redistribution, which is to
reduce peak loads occurring during a specific time interval and distribute them to other
time intervals with more capacity to alleviate the instantaneous burden on the power grid.
In this context, the variable AP; denotes the quantity of power to be reduced at time ¢. Its
value is recalibrated in accordance with the distribution strategy for each designated time
interval. In essence, the term AP; signifies the extent to which the maximum demand for
electricity is decreased. This parameter can be adaptively configured by taking into account
the available capacity of specific time slots and the prevailing energy demand patterns.

APy = Pafter,t - Pbefore,t (8)

Equation (9) is the formula for calculating the Energy Load Factor Post-Redistribution
(ELPR). As with the ELPD, this formula is based on the total daily energy consumption.
However, it is redefined using the post-redistribution power consumption Py, ;. Initially,
Pifter s is expressed as the sum of Ppefore s and AP;, as defined in Equation (8). However,
this is merely an intermediate variable used to describe the step-by-step process of power
redistribution. Therefore, it can be replaced with P, ; mathematically.

Zpufter,t - At

P

ELPR =
peakafter ¥ 24

©)

Based on the formula, the ELPR value derived in this study is 132.7%, which shows
approximately twice the load-balancing effect compared to the ELPD value of 67.8% before
dispersion. As a result, the peak power demand concentrated at each charging station is
alleviated, and the average load factor is improved to 64.9%. This quantitatively demon-
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strates that the proposed distribution strategy effectively redistributes the power grid
load, contributing to improved overall energy consumption balance and efficiency. By
managing energy demand through an intelligent VPP-based package that integrates four
types of charging stations and energy distribution, it is possible to improve load stability
and maintain energy supply and demand balance.

4.3. Impact of the Proposed Solutions on Carbon Emissions

Research on resilient city design centered on V2G solutions is gaining increasing
attention. In modern cities, carbon emissions from the transportation sector continue to
rise, which its prompting efforts to promote EV adoption and expand the deployment
of charging stations as key solutions. Because the use of a mobile ESS is closely related
to carbon emissions, it is essential to reduce emissions through its application. Accord-
ingly, strategic EV charging planning is necessary to facilitate the expansion of charging
infrastructure. Consequently, the expansion of EV infrastructure and the broader adoption
of V2G technologies are poised to enable eco-friendly vehicle charging and contribute
significantly to carbon emission reduction.

By distributing energy based on Mobile ESS Charging by Station Type (MECST) and
Mobile ESS Discharging by Station Type (MEDST), energy usage can be efficiently managed
to support both energy conservation and carbon emission reduction. Carbon reduction is
quantified using the Carbon Reduction via Energy Distribution (CRED) method, which
calculates the difference in Marginal Emission Factors (MEFs) between charging and
discharging periods. As a quantitative indicator, CRED expresses the carbon reduction
achieved through energy redistribution between charging stations using a mobile ESS.

The carbon emission factors by fuel type are based on Intergovernmental Panel on
Climate Change (IPCC) guidelines. These values are used to calculate the Carbon Emission
Factor (CEF) [71]. Values of 94.6 kgCO,/GJ and 56.1 kgCO, /] are applied to coal and
LNG, respectively. Meanwhile, renewable energy sources such as solar and wind power
do not involve combustion processes and are therefore not listed in the table. They are
considered to have zero CO, emissions and are treated as 0 kgCO, /G]J.

Equation (10) calculates the MEF, which represents the final carbon emission coefficient
for each time period. The MEF is derived by multiplying the Marginal Share Ratio (MSR)
of each fuel type by its corresponding CEF.

MEF; = ) (MSR;; - CEF)) (10)

1

The MEF value is applied to Equation (11) by comparing the carbon emissions during
the charging and discharging time periods. It serves as a key variable for estimating carbon
reduction based on V2G. Table 1 presents the carbon emission factors derived for each
time slot.

Table 1. MEF by time slot.

Time Slot 00:00-06:00 06:00-18:00 18:00-22:00 22:00-24:00
MEEF (kg-CO,/kWh) 0.32 0.60 0.78 0.32

Figure 12 compares the carbon emissions for each charging station category before
and after energy redistribution using the time zone-specific Marginal Emission Factors
(MEFs) listed in Table 1. The red dashed line represents emissions prior to redistribution,
whereas the blue solid line represents emissions afterwards. Green shading marks intervals
in which emissions fall, while orange shading indicates intervals in which they rise owing
to diurnal variation in the MEF.
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Figure 12. Carbon emissions before and after energy redistribution.

To quantitatively reflect the energy losses during the charging and discharging pro-
cesses based on a mobile ESS, the discharge loss rate (17,) is considered. The actual energy
charged at charging stations reflects a charging loss rate of #7; = 0.9, and a discharging
loss rate of 7, = 0.9 is applied to calculate the effective discharged energy. Subsequently,
based on the MEFs presented in Table 1, the carbon reduction amount is derived using
Equation (11):

CRED = Z Z {ECtrtbeforeﬁtafter ’ (MEFtbefore - MEFtaﬂer) : 171 ’ 172} (11)

ct tpeforestafter

Carbon reduction is enhanced through the use of V2G solutions, and, by leveraging
mobile ESSs for energy distribution between charging stations, a reduction of 271.5 kgCO,
per day can be achieved. As a result, from the perspective of EV charging, the expansion of
charging station deployment plays a critical role in promoting EV adoption. Furthermore,
a substantial reduction in carbon emissions can be achieved through energy distribution at
charging stations using a mobile ESS.

4.4. Economic Feasibility Analysis of the Proposed Solution

To evaluate the economic feasibility and resilience of the proposed system, this study
adopts quantitative indicators such as the annual benefit (USD/year), Benefit—-Cost Ratio
(BCR), and Levelized Cost of Energy (LCOE). These indicators reflect the system’s ability to
respond to external factors, ensure long-term applicability, and support energy sovereignty
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and resilient energy governance. Table 2 summarizes the main variables used for this
analysis based on system configuration, market data, and analytical results.

Table 2. Variables for economic feasibility assessment.

Item Symbol Value Description

Annual CO, Reduction Cco, 271.5 Reduction based on EV charging load shift
Carbon Price [72] Pco, 100 Market or SCC-based unit price

Shifted Electricity Ehifted 190 Electricity redistributed via ESS and V2G

Electricity Market Price [73]  ppeak 109 System marginal price (SMP) average
Initial Infrastructure Cost CapEx 45,000 V2G chargers and mobile ESS infra cost
Annual O&M Cost [74,75] OpEx 1350 Operation and maintenance

System Lifetime T 10 Project evaluation period
Discount Rate [76] r 5 Commonly used for ESS/LCOE assessments
Annual Energy Supplied E; 190 Estimated annual energy benefit

Based on these variables, the annual benefit B; is calculated as in Equation (12):

By = CCOZ * PCO, + Eshifted . ppeak (12)

The calculated annual benefit B; is USD 47,860 per year, which indicates that the
investment can recover both CapEx and OpEx over the project lifetime. The BCR, which
evaluates economic efficiency by comparing the present value of benefits to costs, is defined
in Equation (13):

T B;
Li—1 {ery

CapEx T OpEx
P + Zt:l P

(1+7)0 A+t

BCR = (13)

The system’s BCR is calculated to be 6.67, indicating strong financial and policy-
oriented investment feasibility.

Additionally, the LCOE, which represents the average cost per unit of electricity
(MWh) over the system’s lifetime, is defined as shown in Equation (14):

O
CapEx + Zthl (1175;

T E;
t=1 {T+r)t

LCOE = (14)

As a result, the calculated LCOE is USD 37.78 / MWh—below the current electricity
market price—confirming the system’s economic competitiveness.

Beyond technological and economic efficiency, the proposed solution also supports
the realization of resilient energy governance. Resilience refers to the energy system’s
adaptability and recoverability in response to diverse external stressors such as climate
change, demand imbalance, policy shifts, and infrastructure failures. These qualities are
essential for sustainable and stable energy systems.

Accordingly, the economic indicators—the annual benefit, BCR, and LCOE—can be
interpreted from a resilience perspective as follows:

*  An annual benefit exceeding the annualized cost indicates financial autonomy and
operational sustainability under market or policy fluctuations.

* A high BCR demonstrates strong investment return potential and economic recover-
ability.

* A low LCOE enhances price elasticity, enabling cost-effective energy supply even
under market volatility or supply instability.
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These results demonstrate that the proposed system is not only viable under fixed op-
erational conditions but also adaptable to external changes such as policy transitions, price
instability, and energy crises, supporting its structural readiness for long-term resilience.

5. Conclusions

This study explores the integration of an intelligent VPP using EV traffic data and
demand response technologies tailored to different types of charging stations. As global EV
adoption expands, the demand for convenient charging at accessible living hubs is rising,
thus increasing the need for a proportional increase in charging stations. By implementing
intelligent VPP and V2G solutions, this study aims to enhance the versatility of EV charging,
improve charging station management, and provide greater convenience to users. While
existing research has explored energy demand governance in charging stations using
machine learning, studies on the operation of charging stations by type through unified VPP
packaging remain limited. This study distinguishes itself from prior work by analyzing the
relationship between rising charging demand, user behavior, EV traffic data, and charging
station utilization rates. It proposes a polyfunctional V2G solution that integrates intelligent
VPP packaging technology for data-driven carbon reduction, addressing both climate
change and growing EV demand. In addition, the study introduces energy demand
response technologies tailored to different types of charging stations to further support
energy conservation. The advanced techniques introduced in this study significantly
improve the state of the art in charging station management and pave the way for future
research in this field.

When the proposed technology is linked to energy management in buildings within
a city, it can be used as a B2G-linked node capable of energy storage and resupply as
a demand source for EV charging. In particular, the interconnection between charging
stations, users, and traffic volume is analyzed to achieve an EV-centered virtuous cycle
structure by applying V2G solutions in the city. The key technologies of this solution (an
intelligent VPP and a mobile ESS) are integrated to play critical roles in achieving three
primary goals: (1) strengthening the stability of the energy grid, (2) managing energy
sources efficiently, and (3) reducing carbon emissions. This approach demonstrates that
carbon emissions can be reduced effectively by using private EVs. The study proposes a
series of measures with the dual objectives of promoting energy conservation and enhancing
the safety of charging stations.

In addition, it suggests measures for conserving energy and enhancing the safety
of charging stations. The proposed approach raises the charging station load factor to
132.7% and cuts daily emissions by 271.5 kgCO,. Each year, it delivers a net benefit
of USD 47,860, a BCR of 6.67, and an LCOE of USD 37.78/MWh, confirming strong
economic feasibility. These results show that technology provides a practical foundation for
simultaneously improving energy efficiency and reducing carbon emissions in real-world
EV charging station operations. Consequently, using only EV traffic data, charging station
locations, and charging station utilization data, it is possible to design a scenario for the
implementation of a sustainable city.

6. Future Research

This paper presents an intelligent demand response strategy that exploits EV traffic
and charging station data. Future work will extend the dataset to regional hubs and quantify
carbon reduction and energy conservation effects on the city scale. In particular, we aim to
balance urban energy flows by interlinking hub-type ESSs—an approach that aligns with
the global ESS market, which is expected to be growing at an average annual rate of 38%
by 2028, according to the Battery for Energy Storage Systems Market Size 2024-2028 report.
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Coupling hub-based ESSs with V2G solutions will facilitate a transportation-centered smart
city architecture capable of achieving carbon neutrality through sector-specific mitigation,
emissions reduction, and energy saving.

In addition, integrating building energy use patterns with EV charging demand
should diffuse peak loads, maximize ESS utilization, and channel surplus power into
V2G operations. Such an integrated energy flow model will enhance urban resilience
and magnify carbon-abatement benefits. Ultimately, the proposed framework offers both
practicality and scalability: it can underpin demonstrator projects, inform energy policy,
and convert idle building power into V2G resources. Continued analysis of demand
and supply data among EVs, chargers, and buildings will further reinforce urban energy
resilience and carbon reduction outcomes.
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Abbreviations and Symbols

The following abbreviations and symbols are used in this manuscript:

BCR Benefit-Cost Ratio

BEM Building Energy Modeling

BIM Building Information Modeling

CEF Carbon emission factor

CRED Carbon Reduction via Energy Distribution
DER Distributed Energy Resource

ELPD Energy Load Factor Pre-Distribution
ELPR Energy Load Factor Post-Redistribution
ESS Energy storage system

EV Electric Vehicle

GJ Gigajoule

IPCC Intergovernmental Panel on Climate Change
KEPCO Korea Electric Power Corporation

kWh Kilowatt-hour

LCOE Levelized Cost of Energy (USD/MWh)
LNG Liquefied Natural Gas

MECST Mobile ESS Charging by Station Type
MEDST Mobile ESS Discharging by Station Type
MEF Marginal Emission Factor

Mobile ESS  Mobile energy storage system
MSR Marginal Share Ratio
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V2G Vehicle-to-Grid
VPP Virtual Power Plant
Ppefore,t Power at time f before redistribution
Pattert Power at time ¢ after redistribution
AP, Change in power at time ¢ due to redistribution
At Time-step interval (h) in load factor calculations
Uk Initial centroid of the k-th cluster in K-means
C; Set of data points in cluster i
E; demand Total energy demand of cluster i
E; supply Energy supplied by mobile ESS to cluster i
Eigv Energy available from private EVs in cluster i
/il Charging cycle efficiency factor
1 Discharging cycle efficiency factor
B; Annual total benefit (USD/year)
CapEx Capital expenditure or initial investment (USD)
OpEx Annual operation and maintenance cost (USD/year)
T Project duration or system lifetime (years)
r Discount rate (%)
E; Annual energy supplied or saved (MWh/year)
Eghifted Electricity redistributed via ESS/V2G (MWh/ year)
Ppeak Electricity market price (USD/MWh)
pco, Carbon price (USD/tonCO,)
Cco, CO; reduction (ton/year)
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