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Abstract: Energy hub stations represent a transformative approach to modern energy
systems, functioning as flexible nodes within distribution networks. By seamlessly in-
tegrating electric vehicles (EVs) and battery energy storage systems (BESSs), these hubs
address critical challenges such as grid stress, renewable energy utilization, and peak load
management. This study introduces a novel mathematical optimization model designed to
maximize the operational flexibility of EV charging stations by transforming them into fully
functional energy hubs. The model incorporates key parameters such as energy demands,
load profiles, and grid conditions to optimize the sizing and operation of distributed en-
ergy resources, including photovoltaic (PV) systems and BESSs. The proposed approach
minimizes grid dependency, enabling energy hubs to efficiently operate varying levels of
operational flexibility, from full reliance on grid power to complete independence. The
results reveal that, by effectively shifting energy usage away from peak periods and lever-
aging PV generation, energy hubs emerge as a critical component of sustainable energy
systems and can independently support approximately 45% of their load, with minimal
PV and BESS capacities. It also reveals a direct correlation between higher flexibility levels
and increased infrastructure requirements for PV systems and BESSs. The proposed model
underscores the critical role of energy hubs in facilitating the global shift toward decar-
bonization, aligning with contemporary goals for resilient and environmentally sustainable
energy ecosystems. This work provides a scalable framework for future energy systems,
with significant implications for policymakers, researchers, and practitioners in the fields
of renewable energy and sustainable mobility.

Keywords: electric vehicles; photovoltaic; battery energy storage system; flexibility; smart grids

1. Introduction

The global transition to renewable energy sources and electric mobility is critical for
sustainable development. Electric vehicles (EVs), as a green transportation alternative,
align with environmental and economic objectives, including Saudi Arabia’s Vision 2030 [1].
However, the integration of EVs into the energy grid presents challenges such as increased
peak load and grid reliability concerns. Addressing these issues necessitates innovative
infrastructure solutions, particularly in the form of energy hubs [2].

An electric vehicle charging energy hub can be defined as a multi-functional infrastruc-
ture that integrates EV charging systems with energy management and storage technologies.
It combines renewable energy sources such as photovoltaic (PV) generation, battery energy
storage systems (BESSs), and smart energy management to ensure efficient and sustainable
EV charging. Such a design of an EV charging station renders it an EV charging energy
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hub, providing flexibility to the distribution system and deferring upgrades [3]. This paper
provides a comprehensive framework for transforming conventional EV charging stations
into EV charging energy hubs, emphasizing their role in sustainable energy ecosystems.

The growing integration of EVs into the power grid has become a crucial area of re-
search, with numerous studies exploring various aspects of this challenge through stochas-
tic models and planning approaches. The studies generally focus on optimizing charging
strategies, evaluating the impact of EVs on distribution networks and addressing the un-
certainties involved in EV adoption and charging demand. The risks associated with the
integration of EVs into residential distribution networks was highlighted in [4], stressing
the importance of managing voltage behavior, unbalance, system losses, and thermal trans-
former limits to ensure reliable RDN operation. The authors of [5] emphasized the design
of large-scale EV charging sites and their role in accelerating EV adoption. They propose a
stochastic model to predict EV arrival patterns and power demand, which aids operational
decisions, collaboration with grid operators, and investment planning. A two-stage stochas-
tic programming model to design a public EV charging station network was introduced
in [6]. This model accounts for uncertainties in various factors and shows that while more
charging stations improve accessibility, they may reduce station utilization, influencing
policy decisions. A method was developed in [7] to analyze EV charging demands using
stochastic simulation of trip chains, offering insights that help optimize power system
infrastructure. The authors of [8] proposed a Monte Carlo simulation-based stochastic
approach to estimate the load demand of domestic plug-in EVs. This approach aids distri-
bution system planning, load management, and infrastructure sizing. Ref. [9] presented a
two-stage stochastic programming model for optimizing charger allocation and EV flow
distribution, outperforming other methods in simulations for Massachusetts highways.
A decentralized algorithm for optimal EV charging was introduced in [10], considering
elasticity and formulating the problem as an optimal control issue, ensuring that optimal
charging profiles are achieved despite varying EV specifications. The partition-based
random routing strategy for EV charging systems with stochastic demand was proposed
in [11]. This flexible routing policy effectively reduces response times and adapts to dy-
namic charging demand. The load profile of fast-charging stations for EVs was modeled
in [12], incorporating traffic flow and EV efficiency, using Monte Carlo simulations and
real-world Norwegian data to enhance planning. The potential of using parked EVs in
parking lots was examined in [13] as grid energy storage; a stochastic model was pro-
posed to assess various EV behaviors and their ability to serve as energy resources for
the grid. The authors of [14] developed a stochastic planning model for an EV charging
station that incorporates distributed energy sources. Their model seeks to minimize the
station’s total cost by accounting for uncertainties in charging demand and photovoltaic
(PV) power generation.

Effective energy management within EV charging energy hubs is critical to balancing
energy supply and demand. A hierarchical energy management system integrating plug-in
EVs into home-energy hubs was proposed in [15], ensuring the efficient utilization of
resources while minimizing costs and emissions. Similarly, probabilistic models were intro-
duced in [16], for optimizing PHEV charging within renewable-based hubs, addressing
uncertainties in energy supply and vehicle demand. Renewable energy sources like solar
and wind are often integrated into EV charging energy hubs. The authors of [17] explored
cooperative energy management for EV hubs powered by photovoltaics (PVs) and storage
systems, highlighting the importance of harmonizing energy flows. Ref. [18] demonstrated
the potential of optimal hub scheduling for providing grid services, reducing reliance on
conventional power sources, and mitigating grid congestion. The influence of charging
strategies on the sizing of storage systems in microgrids was studied in [19], identifying
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methods to align charging patterns with renewable availability. IoT-enabled operations
were explored in [20], for multi-energy hubs, focusing on demand response and dynamic
charging schedules to minimize grid impacts. The authors of [21] introduced a proba-
bilistic framework for assessing the economic and technical performance of EV charging
energy hubs, considering varying charging strategies and grid interconnections. Simulation
and optimization tools were critical in evaluating EV charging energy hubs’ performance.
Multi-agent simulations were carried out in [22] to assess the impact of EV penetration and
charging behaviors on energy hub operations. Ref. [23] developed robust models for inte-
grating thermal and electrical demand response programs, enhancing hub resilience under
different charging modes. The spatial optimization of charging infrastructure, focusing on
public transportation systems in urban areas, was addressed in [24]. This research provides
insights into planning and policy requirements for supporting sustainable mobility.

Unlike previous studies, this study incorporates varying levels of flexibility to optimize
the sizing and operation of distributed energy resources (DERs), such as PV systems and
BESS, reducing grid dependency and managing peak loads. The main contributions of the
paper are as follows:

¢  Proposes a novel mathematical optimization model designed to enhance the opera-
tional flexibility of EV charging stations by transforming them into EV charging energy
hubs, focusing on the optimal sizing and operation of distributed energy resources
(DERs), such as photovoltaic (PV) systems and battery energy storage systems (BESSs).

*  Examines the effects of different levels of flexibility requirement on DER capacity
needs and hence provides critical insights into the planning and design of future
energy systems to support sustainable and resilient energy ecosystems.

*  The proposed design of EV charging energy hubs enables operation with varying
levels of grid independence, ranging from complete reliance on the grid (0%) to full
autonomy (100%). This flexibility substantially decreases dependence on the central
grid, representing a significant advancement toward achieving more sustainable and
resilient energy systems.

¢ Incorporating EV charging stations with varying levels of flexibility into distribution
systems can effectively mitigate grid stress, enhance renewable energy utilization,
and improve peak load management.

The remainder of this paper is organized as follows. Section 2 presents and discusses
the proposed mathematical optimization model. Section 3 presents the input data and
results to demonstrate the effectiveness of the proposed model. In Section 4, the conclusions
are drawn.

2. Proposed Mathematical Optimization Model

The proposed mathematical optimization model is designed to meet flexibility require-
ments in EV charging energy hubs by incorporating several key features and principles,
as follows:

¢  The proposed model enables EV charging energy hubs to operate at different levels
of grid reliance, from complete dependence to full autonomy (0% to 100% flexibility).
This adaptability ensures that the hubs can respond dynamically to grid conditions,
reducing stress and supporting stability in the distribution system.

¢ By optimizing the sizing and operation of PV systems and BESSs, the proposed model
ensures efficient energy management. This allows the hubs to store surplus energy,
utilize renewable sources, and shift loads away from peak periods, aligning with the
demand for flexibility.
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¢  The proposed model accounts for energy demands, load profiles, and grid conditions,
enabling energy hubs to adjust operations based on real-time requirements. This adapt-
ability enhances their ability to meet flexibility demands and support grid resilience.

In summary, the proposed model transforms EV charging stations into adaptable
energy hubs, capable of meeting diverse flexibility requirements while contributing to grid
stability, operational efficiency, and sustainability goals.

Objective Function: Minimize the capacity size of distributed energy resources associated
with an EV charging station energy hub, such as PV generation and (BESSs) as given by:

Min [CaPV + PsizePESS] (1)

Demand-Supply Balance: Total generation should meet the demand at period & on a typical
day, as follows:
PPV + pPisch 4 porid — pafV 4+ pet - vh 2)

where P,fv = 1 CalV.

Battery Energy Storage System Constraints

The relationship between the charging and discharging power of the BESS and its SOC
can be described as follows:

Disch
SOCy, 11 = SOC;, + P&y — hT Vh # 24 ?3)

0.2EsizePESS < SOC),,1 < EsizePESS Vh (4)

The energy capacity of the BESS for a certain power rating is determined based on its
energy-to-power ratio, as follows:

PCH < PsizePESS h (5)

pPisch < pgizeBESS Vh (6)

The initial SOC state (hour 1) and the final state (hour 24) of the BESS is assumed to be
50% of the installed energy capacity, as follows:

SOC;, = 0.5 EsizeBESS Vh=1,24 7)

In order to prevent simultaneous charging and discharging, the following constraint is
included as follows:
Pt .pPE = 0 Vh ®)

Grid Dependency Constraint: The grid power contribution is capped at a predefined maxi-
mum, as follows:
perid < pGrid Vh )

Energy-to-Power Ratio of BESS and Maximum Discharge Time: Each battery technology has a
specific range of energy-to-power ratios and maximum discharge times. The range of the
energy size for a specific power size is thus constrained as follows:

A - PsizePESS < EsizeBESS < A - PsizePESS (10)

Flexibility Requirements: The flexibility level, a core feature of the proposed model, governs
peak load management.
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Peak Load Constraint: The following constraint ensures that the peak load is minimized,
in conjunction with (1).
GFLex

PKES > plrit vy, Vh (11)

Flexibility Provision Constraint: This constraint ensures that the peak grid load is reduced by
a factor proportional to the flexibility af/¢*. The higher the flexibility, the less energy the
station draws from the grid during peak demand periods. It allows for flexibility in the
system’s operation while ensuring that the energy hub remains within feasible limits based
on the energy resources available (like PV and BESS).

PkCSFLex S (1 . al:lex)PkCSInfex (12)

This constraint is vital for minimizing grid dependency, managing peak loads,
and optimizing the performance of energy hubs as flexible nodes within the smart grid.
It directly impacts how the hub balances its internal generation (from the PV system)
and storage (from the BESS) against its reliance on grid power, particularly during
times of peak demand.

The above proposed framework is programmed using the General Algebraic Modeling
System (GAMS) environment [25].

3. Input Data and Simulation Results
3.1. Input Data

The analysis is conducted considering a 32-bus radial distribution system [26]. This
system’s highest demand is 3.8 MW, and it operates at a base voltage of 12.66 kV. Load
profiles for this study are sourced from the IEEE Reliability Test System [27], with all loads
characterized as residential. The peak demand per household is estimated to be 2.08 kW [2],
used to project the number of residences per bus. Data from the NHTS [28] estimated an
average of 1.9 vehicles per residence, aiding in the calculation of the total number of EVs
given the EV penetration rate [2]. EV station load profiles modeled in [29] are adopted in
this study by considering several specific assumptions, as follows:

* Itis posited that EVs maintain a battery state of charge within a 70% range, from 20%
to 90%, to optimize battery usage and charging opportunities.

* EVs are expected to begin their daily operations fully charged from an overnight
charge at home, eliminating the need for additional charging before commencing a
trip. This situates fast charging as an ancillary option to home charging.

¢ The analysis focuses on data involving 850,000 trips and 150,000 vehicles culled from
a broader NHTS dataset initially containing about 1,000,000 trips and 300,000 vehicles.
The focus narrows to specific types of vehicles, excluding records with incomplete
data to improve study precision.

*  Theresearch includes EVs categorized as EV20, EV40, and EV60, representing compact
sedans equipped with batteries of 6.51 kWh, 10.4 kWh, and 15.6 kWh, respectively,
capable of covering 20, 40, and 60 miles on a single charge.

¢ To optimize the study’s computational resources, vehicles that traverse less than
20 miles daily are omitted from the fast-charging demand analysis as their charging
needs are minimal and do not substantially influence the demand calculations.

3.2. Results and Discussions

Using the proposed mathematical model, the design of EV stations is evaluated across
a spectrum of scenarios, ranging from the station functions as a conventional EV charging
facility dependent solely on grid power (0% flexibility), to the station operates entirely on
power from BESS and PV systems, with no reliance on the grid (100% flexibility).
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3.3. Impact of Flexibility Levels on DER Sizing and Capacity

Figure 1 shows the relationship between the flexibility requirement level in reducing
EV station peak loads, expressed as a percentage, and the power size of PV generation.
It illustrates how increasing requirements for flexibility in an energy system impact the
needed capacity of PV generation. At lower levels of flexibility requirements (from 0% to
about 30%), the power size of PV generation remains relatively low. This suggests that
when flexibility demands are minimal, there is less need for substantial PV generation
capacity to meet energy needs or system stability. As the flexibility requirement increases to
moderate levels (40% to 60%), there is a noticeable increase in the required power size of PV
generation. This part of the curve shows a steeper ascent, indicating that more significant
PV capacity is needed to handle intermediate levels of flexibility in the system. At high
levels of flexibility (70% and above), the power size of PV generation increases substantially,
exhibiting the highest values on the chart at 90% and 100% flexibility requirements. The very
steep rise between 70% and 100% suggests that very high flexibility demands necessitate a
disproportionately larger PV capacity. It can be noted that there is a direct and increasingly
demanding relationship between the level of flexibility required by an energy system and
the capacity of PV generation needed.

400

350
300
250
200
150
100 I

50

. ] i I
50 60 70 80 90

0 10 20 30 40 100

Power Size of PV Generation, kW

Flexibilty Requirement Level, %

Figure 1. Optimal power size of PV generation considering different levels of power flexibility.

Figures 2 and 3 present the relationship between the flexibility requirement level
and the corresponding BESS power and energy capacity, illustrating how the need for en-
ergy storage capacity increases with the flexibility demands of an energy system. With flex-
ibility levels ranging from 0 to 20%, the BESS capacity is minimal, showing that low
flexibility demands can be met with a smaller scale of energy storage. As the flexibility
requirement increases to 30% and 50%, there is a notable rise in BESS capacity, indicating a
direct relationship where increased flexibility demands result in a greater need for energy
storage. It is also observed that there is a consistent increase in BESS capacity as the flexi-
bility requirement levels increase from 40% to 70%. The linear progression suggests that
each step up in flexibility requirement continues to necessitate a proportional increase in
BESS capacity. In the highest category, from 80% to 100%, the power and energy capacity
of the BESS surges dramatically, which highlights the critical need for substantial energy
storage to manage the highest levels of flexibility, due to peak load management and/or
integration of intermittent renewable energy sources. It can be concluded that the capacity
requirements for BESS increase progressively with the level of flexibility required by the
energy system. This indicates a robust correlation between the ability to manage variable
loads and the necessity for larger energy storage solutions. The sharp increase in BESS
capacity at very high flexibility levels underscores the challenges and demands placed
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on energy systems that need to be highly adaptable and responsive to changes in energy
production and consumption.

400
350
300
250
200
150
100
50
0

BESS Power Size, kW

0 10 20 30 40 50 60 70 80 90 100

Flexibilty Requirement Level, %

Figure 2. Optimal power size of BESS considering different levels of power flexibility.
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Figure 3. Optimal energy capacity of BESS considering different levels of power flexibility.

Figure 4 illustrates two key metrics, the capacity of DER and the peak load on the grid
from EV charging stations, as functions of the flexibility requirement level, which ranges
from 0% to 100%. At 0% flexibility, the load demands of EV stations are entirely supplied by
the main grid. In contrast, at 100% flexibility, the load is completely supported by the DER,
rendering the station independent from the main grid. It is noted that there is a nonlinear
increase in DER capacity as the flexibility requirement level increases. Starting relatively
low, the growth in DER capacity is modest up to about 50% flexibility, after which it accel-
erates significantly, suggesting an exponential growth pattern. This increase reflects the
integration of additional DER capabilities like solar resources to meet higher flexibility de-
mands, essential for managing variability in renewable energy generation and consumption.
The peak load attributable to EV charging stations on the grid starts higher than the initial
DER capacity and decreases linearly as the flexibility requirement level rises. The steep
rise in DER capacity at higher levels of flexibility requirement suggests that substantial
investment in DER is considered vital for enhancing grid flexibility. This could be driven by
the need to ensure grid stability, provide local energy generation, and reduce transmission
losses. The exponential growth highlights the challenge and necessity of scaling up DER to
manage peak loads and integrate fluctuating renewable energy sources effectively.
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Figure 4. Optimal DER capacity vs. EV station peak load reduction, considering different flexibil-
ity requirements.

It should be mentioned that higher flexibility levels require larger BESS and PV capaci-
ties, which entails higher initial investment costs. However, this reduces grid dependency
and enhances operational efficiency. Flexibility scenarios demonstrate the potential to shift
energy consumption away from peak demand periods, easing the load on the grid and
delaying costly infrastructure upgrades, and the EV station can sustain approximately 45%
of its load with minimal DER capacity.

While the current analysis primarily focuses on illustrating the relationship between
flexibility requirements and DER capacity, incorporating a detailed discussion on the eco-
nomic implications would significantly enhance its value. Future work will include a
cost-benefit analysis to evaluate the advantages, such as reduced grid dependency, im-
proved peak load management, and enhanced renewable energy utilization, in relation
to the costs associated with increased DER capacity. This approach will provide a clearer
understanding of the optimal balance between achieving flexibility and managing in-
vestment costs, thereby offering a more comprehensive framework for decision-making.
Additionally, a discussion on the associated trade-offs will be included to identify scenarios
where pursuing extreme flexibility levels may not be economically viable, thus providing
actionable insights for policymakers and stakeholders.

3.4. Load Profiles and Grid Implications Under Different Flexibility Scenarios

Different EV charging station load profiles on the grid over a 24-h period consid-
ering three scenarios: 0% flexibility, 50% flexibility, and 90% flexibility, are presented in
Figures 5, 6 and 7, respectively. Each load profile illustrates a distinct pattern of energy
consumption by EV stations, which can have significant implications for grid management
and operational strategies. With 0% flexibility, the EV station load starts at a moderate
level, gradually increasing through the morning and afternoon, peaking in the late evening
hours, and then declining sharply overnight. This profile indicate high use during typical
peak hours (EV station peak load reaches up to 210 kW), which could coincide with peak
residential or commercial electricity demand, thus adding significant stress to the grid.
When 50% flexibility is considered, the EV station load profile begins low, rises sharply
in the morning, drops significantly mid-day, then increases again in the evening before
leveling off during the night. The peak load of the EV station is at about 105 kW, and the
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load curve has moderate variability with a significant drop in mid-day demand, which
might offer the grid some relief during typical mid-day peak periods but requires the grid
to manage sharp ramps in demand, whereas, with 100% flexibility, the EV station load
shows a flat load profile throughout the day, and the peak load is consistent at about 40 kW.
This profile indicates a steady demand on the grid, which is easiest to manage from a grid
operation perspective as it avoids sudden spikes in power requirement and allows for more
predictable energy provision.

210
180
150
120
90
60

30

EV Station Load on the Grid, kW

0
1 23 4 5 6 7 8 9 10111213 14 1516 17 18 19 20 21 22 23 24

Time, h

Figure 5. EV charging station load profile on the grid considering 0% flexibility scenario.
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Figure 6. EV charging station load profile on the grid considering 50% flexibility scenario.
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Figure 7. EV charging station load profile on the grid considering 90% flexibility scenario.
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The high variability profile (Figure 5) puts more strain on grid infrastructure due
to high peaks and significant troughs, which require robust grid management systems
and quick response capabilities to prevent outages. In contrast, the flat profile (Figure 7)
is the most beneficial for grid management because it provides predictable loads and
avoids placing additional stress during peak hours. It facilitates the easier integration of
renewable energy sources, which often produces power at a constant rate. It can be noted
that the moderate variability profile (Figure 6) offers a balance by reducing loads during
typically low-demand periods, which can help in managing overall energy efficiency and
reducing the need for expensive peak power supplies.

The shape and magnitude of EV charging profiles impact not only the operational costs
and efficiency of the grid but also its stability and capacity to integrate renewable sources.
A flat load profile, while potentially underutilizing capacity during low-demand periods,
provides the most stability. In contrast, more variable profiles, while potentially maximizing
station throughput, require more complex and costly grid management strategies. Each
profile has its trade-offs and must be selected based on broader energy management goals,
infrastructure capabilities, and the typical patterns of EV usage in the area.

Table 1 summarizes the relationship between flexibility levels, peak load, and load
variability in an EV charging system. At 0% flexibility, the system experiences a high peak
load of 188 kW and significant variability, leading to considerable grid stress. With 50%
flexibility, the peak load reduces to 94 kW, and variability decreases to a moderate level,
offering a balanced approach to grid management. At 90% flexibility, the system achieves
a constant load profile, with the peak load dropping to just 19 kW, resulting in minimal
grid stress and highly predictable energy demand. This table highlights the effectiveness of
increasing flexibility in reducing peak loads and controlling variability, demonstrating its
potential to optimize system performance.

Table 1. Impact of flexibility levels on peak load and load variability in EV charging system.

Flexibility Level (%) Peak Load (kW) Load Variability
0 188 High
50 94 Moderate
90 19 Low

4. Conclusions

This paper presented a new framework for transforming conventional EV charging
stations into energy hubs, offering a practical solution to the challenges of integrating
renewable energy, managing peak loads, and enhancing grid flexibility. By developing a
mixed-integer linear programming optimization model, this research provided a robust ap-
proach to optimize the sizing and operation of PV systems and BESS. The proposed model
successfully minimized capacity requirements while maintaining operational efficiency,
demonstrating its potential to reduce grid dependency and operational costs. The analysis
of different flexibility scenarios revealed significant insights into the trade-offs between
grid reliance and infrastructure investment. The results showed that higher flexibility levels
lead to reduced grid strain, better utilization of renewable energy, and enhanced energy
management. It also emphasizes that energy hubs, when designed and operated effectively,
can act as critical nodes in achieving sustainable energy systems. This study highlighted
the transformative potential of energy hubs in modern energy systems, aligning with global
efforts toward decarbonization and smart grid development. The proposed energy hub
framework not only supports the growth of electric mobility but also contributes to the
broader goals of energy transition and sustainability. This work serves as a foundation
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for advancing EV infrastructure; promoting renewable energy adoption; and developing
resilient, cost-efficient smart grids for the future.
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