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Abstract: The rise of electric vehicles (EVs) has significantly transformed transportation, offering
environmental advantages by curbing greenhouse gas emissions and fossil fuel dependency. However,
their increasing adoption poses challenges for power systems, especially distribution systems, due to
the direct connection of EVs with them. It requires robust infrastructure development, smart grid
integration, and effective charging solutions to mitigate issues like overloading and peak demand to
ensure grid stability, reliability, and sustainability. To prevent local equipment overloading during
peak load intervals, the management of EV charging demand is carried out in this study, considering
both the time to deadline and the energy demand of EVs. Initially, EVs are prioritized based on these
two factors (time and energy)—those with shorter deadlines and lower energy demands receive
higher rankings. This prioritization aims to maximize the number of EVs with their energy demands
met. Subsequently, energy allocation to EVs is determined by their rankings while adhering to the
transformer’s capacity limits. The process begins with the highest-ranked EV and continues until
the transformer nears its limit. To this end, an index is proposed to evaluate the performance of the
proposed method in terms of unserved EVs during various peak load intervals. Comparative analysis
against the earliest deadline first approach demonstrates the superior ability of the proposed method
to fulfill the energy demand of a larger number of EVs. By ensuring sustainable energy management,
the proposed method supports the widespread adoption of EVs and the transition to a cleaner, more
sustainable transportation system. Comparative analysis shows that the proposed method fulfills
the energy needs of up to 33% more EVs compared to the earliest deadline method, highlighting its
superior performance in managing network loads.

Keywords: charging demand management; electric vehicles; energy allocation; load adjustment;
transformer overload

1. Introduction

The increasing use of electric vehicles (EVs) has brought about substantial changes
in transportation, offering environmental benefits by reducing greenhouse gas emissions
and reliance on fossil fuels [1]. EVs contribute to cleaner air and a more sustainable future.
However, their growing presence presents challenges for power systems [2]. Handling the
added electricity demand necessitates strong infrastructure development, effective grid
integration, and intelligent charging solutions to prevent issues like overloading and peak
demand [3]. Maintaining grid stability and reliability while managing this increased load
poses a significant ongoing challenge [4].

This presents a notable challenge for residential distribution circuits as EVs directly
connect to them. Peak electricity demand in residential areas often coincides with residents
beginning to charge their EVs upon arriving home [5]. For example, a single EV charger can
cause a household to consume three times more electricity than usual in various places [6].
Shared parking stations in communities, like residential apartment parking lots, exacerbate
this issue as multiple residents charge their EVs simultaneously. This scenario can strain the
local transformer, resulting in overloading and reliability concerns. This increased demand
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for electricity from EV charging can lead to voltage fluctuations and increased losses in the
distribution system, affecting the overall efficiency and reliability of the grid [7]. Addition-
ally, without proper management strategies in place, the increased load from EV charging
can necessitate costly infrastructure upgrades to accommodate the growing number of EVs
in residential areas [8]. The assessment of public EV charging station accessibility in King
County, Washington, is carried out in [9], revealing significant spatial disparities and equity
implications that inform sustainable urban planning. Similarly, research on photovoltaic-
powered electric vehicle charging stations is carried out in [10], highlighting their potential
for economic growth and decentralized energy systems. It also discussed the energy usage,
costs, and payback periods that support their viability and guide future advancements in
sustainable transportation. Therefore, effective management of EV charging is essential to
ensure the stability and sustainability of residential distribution circuits [11].

Therefore, various studies have been proposed in the literature to address the load
management of shared charging stations, broadly categorized into two groups. The first
category focuses on EV load management through demand-side management and renew-
able integration. For instance, in [12], demand response strategies are employed for shared
EV planning, considering power grid overload and charging service operations. In another
study [13], transactive energy methods are applied to shared parking lots equipped with
EV charging and rooftop PV systems. Additionally, a planning framework for gridable
parking lots is explored in [14], considering uncertainties in user behavior while accommo-
dating EVs. A data-driven demand-side management approach for a solar-powered electric
vehicle charging station connected to a microgrid is proposed in [15], utilizing solar power
to reduce conventional energy use during peak demand and addressing obstacles to EV
adoption. A customer feedback-based EV charging scheduling method is proposed in [16]
to reduce peak loads. A deep reinforcement learning method is used for the maintenance
scheduling of distribution transformers. A hierarchical coordination framework is pro-
posed in [17] for EVs to optimize domestic load, demonstrating significant peak demand
reduction in a real distribution network. A reliability-driven time-of-use tariff is proposed
in [18] for EV integration, enhancing grid stability through optimized pricing and advanced
stochastic modeling. A two-layer optimization framework based on the Stackelberg leader-
follower model is proposed in [19] to manage a tri-level energy management strategy for
coordinating EV charging, incorporating decentralized energy requirement collection by
aggregators, centralized optimization by microgrids, and upper-level coordination with a
system operator.

The second category revolves around local demand management of EVs in shared
parking lots. For example, ref. [20] considers vehicle-to-vehicle (V2V) service to locally
manage EV load in shared parking stations. Similarly, another study [21] examines EV
charging at a parking garage with limited power capacity, utilizing the least laxity approach
to address fairness concerns. Game-theoretic approaches are also employed for local EV
load management. For example, a game-theory-based distributed charging control method
for EVs is proposed in [22], utilizing price-driven charging models to minimize individual
EV costs while ensuring network security. Additionally, in [23], Stackelberg’s game model
is utilized to manage EV load, considering their utility for charging and discharging
against set prices. A methodology for fair management of local energy communities
with EVs in V2G programs is proposed in [24]. Results show that clustering EVs based
on characteristics results in significant peak demand reduction. Non-linear charging
profiles and the use of an augmented Lagrangian-based decentralized model predictive
control are used in [25] for efficient and scalable power management in smart parking lots.
A game-based coordinated charging price mechanism for parking clusters is proposed
in [26], emphasizing vehicle aggregation and bi-directional power flow modeling. A
dynamic pricing model for managing EV loads is proposed in [27] to mitigate transformer
overloading in distribution systems. Finally, the Internet of Things and deep learning are
used in [28] to manage EV loads in residential communities.
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It is evident that existing studies have mainly focused on either energy demand [20,22,23]
or flexibility in charging deadlines (laxity) [21] when allocating energy to EVs. This ap-
proach may lead to inefficient utilization of available local equipment capacity. For instance,
allocating most capacity to a lower laxity customer with higher demand might cause dis-
satisfaction among numerous EV owners. Similarly, solely prioritizing energy demand
could result in discontent among consumers with lower laxity. In addition, consideration
of only one of these factors will result in energy demand fulfillment of a lesser number of
EVs. Therefore, considering both factors in energy allocation becomes crucial to maximize
the number of EVs with met energy demands, ensuring satisfaction for the maximum
number of EV owners while adhering to local equipment limitations, such as avoiding
transformer overloading.

To overcome issues in existing literature, this study employs both the time to deadline
and the required energy of EVs to allocate energy effectively. Considering these factors
maximizes the number of EVs having their energy demands met while adhering to local
equipment capacity constraints. Initially, EVs are ranked based on these factors, and energy
allocation commences with the highest-ranked EV. The transformer’s remaining capacity is
updated after each allocation, and the subsequent EV is selected accordingly. Additionally,
an index called the unserved index is introduced to evaluate the method’s performance,
measuring the percentage of unserved EVs across various intervals. Using this index, the
performance of the proposed method is compared with the earliest deadline first approach.
The major contributions of this study can be summarized as follows:

• The study introduces a novel energy allocation method that considers both the time to
deadline and required energy of EVs, maximizing the number of EVs with met energy
demands while adhering to local equipment capacity constraints;

• An unserved index is proposed to evaluate the effectiveness of the energy allocation
method, measuring the percentage of unserved EVs across various intervals;

• The proposed method demonstrates improved efficiency in energy distribution and
higher satisfaction among EV owners compared to traditional approaches, such as the
earliest deadline first method.

2. Network Configuration and EV Load Estimation
2.1. System Configuration

In this study, a residential apartment complex with a shared parking station is consid-
ered. However, the proposed method is adaptable for other shared parking locations, such
as those in commercial and industrial buildings. The illustration of a typical apartment
complex with a shared parking station is depicted in Figure 1. The principal stakeholders
in this setup include the energy manager (EM), distribution system operator (DSO), and
EV owners. It is important to note that flexibility and management of building loads are
not within the scope of this study and are not considered.
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The EM holds the responsibility of managing the load for both the building and the
charging station. Additionally, the EM is also responsible for estimating the daily load
of EVs, which will be further discussed in the following section. The EM establishes
communication with the distribution system operators to acquire transformer-related
information, including rated capacity and loading settings. Utilizing this information
along with the combined load of the building and EVs, the EM estimates the available
capacity of the transformer within each time interval throughout the day. Subsequently,
the EM allocates energy to EVs considering both the remaining time to the deadline and
the required energy by the EVs. In cases where the required energy by the EVs exceeds
the available capacity of the transformer, the proposed allocation strategy is adapted
accordingly.

2.2. EV Load Estimation

The section discusses a three-step method for determining the load profile of EVs,
including feature extraction, pre-processing, and estimation. It emphasizes the challenge of
realistic EV load profile estimation due to uncertainties and complex interdependencies
among factors, highlighting the use of National Household Travel Survey (NHTS) data
for behavior analysis [29,30]. Pre-processing of the NHTS data is crucial to avoid errors,
and the proposed model can be applied to other localities if similar data are available. The
study selected ten features from the NHTS data to calculate parameters for estimating
power density functions for arrival time, departure time, and mileage of EVs. The analysis
focused on four classes of vehicles: passenger cars, pickup trucks, sport utility vehicles,
and vans. Details about the process can be found in [31].

Based on the load profiles of individual EVs, the load of the EV fleet can be determined.
The net load of the EV fleet is necessary for each interval to maintain the normal operation
of the transformer and prevent overloading. The daily EV load relies on various factors,
such as the daily mileage of EVs, the energy efficiency of the vehicles, and the state-of-
charge (SOC) upon the EVs’ return [32]. These parameters are inherently stochastic and are
dependent on the behavior of the EV driver. As a result, most of these parameters, including
daily mileage and SOC, are typically estimated using lognormal distributions [33,34].
Mathematically, daily mileage can be written as

f =
1

d.σ.
√

2π
e−

(lnd−µ)2

2σ2 , d > 0, (1)

where d is the daily mileage. µ and σ, respectively, represent the mean and standard
deviation of daily mileage. Similar to [13], it is assumed that SOC reduces linearly with the
traveled distance, and the initial SOC at the arrival time (Sini) can be computed as

Sini = Smax − η · D, (2)

where Smax is the SOC at the start of the day, and D is the distance traveled by the EV and
η is the mileage efficiency of the EV. Details about individual EV load estimation can be
found in [13]. After determining individual EV load, the EV fleet load is estimated as

PEV
t = ∑

n∈N
Pev

t,n, (3)

where Pev
t,n is the load of an individual EV and N is the total number of EVs in the parking

station during interval t. PEV
t is the load of the EV fleet during interval t. The net EV load

is used in the following section to compare and allocate the available power capacity of the
transformer among different EVs available in the parking station at that time.

After estimating the daily mileage for vehicles, the study incorporates technical param-
eters specific to EVs. The dataset, referenced in [35], provides information on the mileage
efficiency and usable battery size of all commercially available EVs. As of March 2024, the
average energy efficiency for EVs is 195 Wh/km, and the average usable battery size is
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68.9 kWh. An overview of different EV models is presented in Figure 2. These data serve
as the foundation for computing the daily energy consumption of EVs. Figure 3 illustrates
the daily energy consumption of EVs, showing that most EVs consume under 25 kWh of
energy per day. This observation aligns well with the average vehicle mileage of under
100 km per day and an average energy efficiency of 195 Wh/km.

Sustainability 2024, 16, 6149 5 of 15 
 

where maxS  is the SOC at the start of the day, and D is the distance traveled by the EV 
and η  is the mileage efficiency of the EV. Details about individual EV load estimation 
can be found in [13]. After determining individual EV load, the EV fleet load is estimated 
as 

,
EV ev
t t n

n N
P P

∈
=  , (3)

where ,
ev
t nP  is the load of an individual EV and N is the total number of EVs in the parking 

station during interval t. EV
tP  is the load of the EV fleet during interval t. The net EV load 

is used in the following section to compare and allocate the available power capacity of 
the transformer among different EVs available in the parking station at that time. 

After estimating the daily mileage for vehicles, the study incorporates technical pa-
rameters specific to EVs. The dataset, referenced in [35], provides information on the mile-
age efficiency and usable battery size of all commercially available EVs. As of March 2024, 
the average energy efficiency for EVs is 195 Wh/km, and the average usable battery size is 
68.9 kWh. An overview of different EV models is presented in Figure 2. These data serve 
as the foundation for computing the daily energy consumption of EVs. Figure 3 illustrates 
the daily energy consumption of EVs, showing that most EVs consume under 25 kWh of 
energy per day. This observation aligns well with the average vehicle mileage of under 
100 km per day and an average energy efficiency of 195 Wh/km. 

 
Figure 2. Energy consumption and battery size of EVs. 

 
Figure 3. Daily energy consumption of EVs. 

3. Energy Allocation to EVs 
The increasing adoption of EVs poses a challenge to the power grid, particularly in 

urban areas, where transformer overloading can occur due to high concentrations of EVs 
charging simultaneously [36]. To mitigate this issue, it is essential to allocate the available 
capacity among EVs effectively. This requires intelligent management systems that can 
dynamically adjust charging rates based on grid capacity and prioritize EVs based on fac-
tors such as battery state of charge and urgency of recharge. 

0 5 10 15 20 25
Energy (kWh)

0

5

10

15

Figure 2. Energy consumption and battery size of EVs.

Sustainability 2024, 16, 6149 5 of 15 
 

where maxS  is the SOC at the start of the day, and D is the distance traveled by the EV 
and η  is the mileage efficiency of the EV. Details about individual EV load estimation 
can be found in [13]. After determining individual EV load, the EV fleet load is estimated 
as 

,
EV ev
t t n

n N
P P

∈
=  , (3)

where ,
ev
t nP  is the load of an individual EV and N is the total number of EVs in the parking 

station during interval t. EV
tP  is the load of the EV fleet during interval t. The net EV load 

is used in the following section to compare and allocate the available power capacity of 
the transformer among different EVs available in the parking station at that time. 

After estimating the daily mileage for vehicles, the study incorporates technical pa-
rameters specific to EVs. The dataset, referenced in [35], provides information on the mile-
age efficiency and usable battery size of all commercially available EVs. As of March 2024, 
the average energy efficiency for EVs is 195 Wh/km, and the average usable battery size is 
68.9 kWh. An overview of different EV models is presented in Figure 2. These data serve 
as the foundation for computing the daily energy consumption of EVs. Figure 3 illustrates 
the daily energy consumption of EVs, showing that most EVs consume under 25 kWh of 
energy per day. This observation aligns well with the average vehicle mileage of under 
100 km per day and an average energy efficiency of 195 Wh/km. 

 
Figure 2. Energy consumption and battery size of EVs. 

 
Figure 3. Daily energy consumption of EVs. 

3. Energy Allocation to EVs 
The increasing adoption of EVs poses a challenge to the power grid, particularly in 

urban areas, where transformer overloading can occur due to high concentrations of EVs 
charging simultaneously [36]. To mitigate this issue, it is essential to allocate the available 
capacity among EVs effectively. This requires intelligent management systems that can 
dynamically adjust charging rates based on grid capacity and prioritize EVs based on fac-
tors such as battery state of charge and urgency of recharge. 

0 5 10 15 20 25
Energy (kWh)

0

5

10

15

Figure 3. Daily energy consumption of EVs.

3. Energy Allocation to EVs

The increasing adoption of EVs poses a challenge to the power grid, particularly in
urban areas, where transformer overloading can occur due to high concentrations of EVs
charging simultaneously [36]. To mitigate this issue, it is essential to allocate the available
capacity among EVs effectively. This requires intelligent management systems that can
dynamically adjust charging rates based on grid capacity and prioritize EVs based on
factors such as battery state of charge and urgency of recharge.

Efficient allocation of available capacity among EVs can help defer equipment up-
grades in the power grid. By intelligently managing the charging schedules of EVs, grid
operators can reduce peak loads and avoid overloading transformers [37], which are com-
mon triggers for equipment upgrades. This optimization allows the existing infrastructure
to handle the increased demand from EVs without the immediate need for costly upgrades,
thereby deferring these expenses and improving the overall efficiency of the grid.

The proposed model in this study adopts a prioritization strategy for EV charging
based on remaining time to deadline and energy demand to prevent transformer over-
loading. It assumes a static transformer capacity throughout the day and accurate and
predictable daily load estimations for buildings and EVs. In addition, it considers prioritiza-
tion focused solely on time and energy demand, fixed charging rates within defined limits,
and exclusive management of EV charging without flexibility in building load handling.
Potential scenarios where these assumptions may not hold true include fluctuating trans-
former capacities due to environmental factors or maintenance, unpredictable variations in
load profiles, the need for more nuanced prioritization criteria beyond time and energy,
evolving charging infrastructure capabilities such as vehicle-to-grid technologies, and
dynamic adjustments in charging strategies based on real-time grid conditions.
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3.1. Demand Management of Charging Stations

An overview of the proposed demand management process is shown in Figure 4. First,
the hourly load of the apartment (building) and the EVs in the parking station (estimated
in the previous section) is obtained. Then, the remaining capacity of the transformer for
interval t (Ptxr

t ) is determined as

Ptxr
t = Ptx − PEV

t − Pload
t , (4)

where Ptx is the rated capacity of the transformer and Pload
t is the electric load of the build-

ing. If the reaming capacity is positive (capacity not violated), all EVs are charged normally.
However, if the remaining capacity is negative (capacity violated), then Algorithm 1 (dis-
cussed in the next section) is used to rank and allocate energy to EVs. This process is
repeated for all intervals of the day.
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3.2. Energy Allocation during Peak Load Intervals

In case of capacity violation, EVs are ranked based on the time to deadline and
required energy by each EV. For each interval t, the number of EVs in the parking station,
the energy demand of each EV, and the deadline for charging each EV are obtained. Then,
the remaining capacity of the transformer is obtained using (4). Then, the normalized
energy for each EV (Enor

n,t ) is computed as

Enor
n,t = En,t/max[En,t ∀n], (5)

where En,t is the original energy demand of EV n. Similarly, the normalized time to deadline
(Tndl

n,t ) is computed as

Tndl
n,t = Tdl

n,t/max[T dl
n,t ∀n], (6)

where Tdl
n,t is the original time to the deadline of EV n (in minutes). Based on the normalized

energy and time-to-deadline factors, the rank of EV n (Rn,t) is computed as

Rn,t =
α

Tndl
n,t

+
β

Enor
n,t

, (7)

where α, β are weight factors signifying the importance of each portion (required energy
and time to deadline). It can be observed that EVs having the lowest time to deadline and
lowest required energy will be ranked higher. This is to maximize the number of EVs that
have urgent needs to fulfill their energy demand while respecting equipment constraints.

After determining the rank of each EV, EVs are sorted (EVs with the highest rank are
placed on the top of the queue). Energy is allocated to EVs starting from the top of the
queue using

Eall
n,t = min

{
En,t, ∆t.Ptxr

n,t
}

, (8)

where Eall
n,t is the energy allocated to EV n at time t and ∆t is time in hours. After each

allocation, the remaining capacity of the transformer is updated as

Ptxr
n,t := ∆t.Ptxr

n,t − Eall
n,t (9)

This process is repeated until the transformer is near overload. EVs ranked below
this point do not receive power for the current interval, but they are considered for the
next interval.

The process can be summarised as follows. First, EVs are prioritized based on their
time to deadline and energy demand. For each time interval, the model computes normal-
ized energy and time factors for EVs, ranks them using weighted criteria, and allocates
energy starting from the highest-ranked EVs. Energy allocation continues until the trans-
former’s capacity nears overload, updating the capacity after each allocation. EVs ranked
lower in priority for a given interval are considered in subsequent intervals. This approach
aims to optimize grid resource utilization while ensuring critical energy needs are met
efficiently during high-demand periods.

3.3. Performance Evaluation Indices

To evaluate and compare the performance of different methods for managing EV
loads, common indices are essential. These indices provide a standardized way to measure
key metrics such as the number of EVs served under different methods. By using indices,
researchers and policymakers can objectively assess the effectiveness of various strategies
and make informed decisions about which methods are most suitable for their specific
needs and goals.

Therefore, to evaluate the performance of the proposed method and compare it with
other existing methods, an index is proposed in this study. It is named an unserved index,
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and it measures the percentage of EVs not served during different intervals of the day. It
can be mathematically modeled as

UIt = 100·
(

Nt − Nt,m

Nt

)
(10)

where Nt is the number of EVs present in the charging station during interval t and Nt,m is
the number of EVs served during interval t under method m. This index gives a quantitative
measure of the percentage of unserved EVs under different methods.

The unserved index proposed in this study offers a valuable quantitative measure
of the effectiveness of EV load management methods. Calculated as the percentage of
EVs not served during charging intervals, it directly reflects how well a method meets
EV charging demand. A lower unserved index indicates higher efficiency in serving
EVs, minimizing unmet demand and potential waiting times. Conversely, a higher index
suggests inefficiencies in allocation or capacity, highlighting areas for improvement in
charging infrastructure or management strategies. Policymakers and researchers can
utilize this index to compare and optimize different methods, ensuring more reliable and
responsive EV charging systems that better meet the needs of users and contribute to
sustainable transportation goals.

4. Simulation Results

To evaluate the performance of the proposed method in allocating power to EVs
during peak load intervals, daily energy consumption profiles from a dataset representing
an actual distribution system are utilized. The dataset used in this study pertains to a bus
of an actual distribution system owned by a municipal utility situated in the Midwest
region of the United States. This system constitutes a fully observable network equipped
with smart meters installed across all customer sites [16]. Specifically, a bus from feeder
3 is selected, encompassing 135 secondary distribution transformers and fed by a 69-kV
substation. This section of the distribution grid predominantly serves residential areas and
accommodates both single and three-phase loads.

4.1. Input Data

In this study, a residential apartment with a shared parking station is used, as shown
in Figure 1. An EV fleet of 50 EVs is considered [35], and the distribution of EVs at the
charging station during different hours of the day is depicted in Figure 5. Level 1 and level
2 chargers are considered, which are most commonly used in the residential sector. Notably,
as a residential community, the majority of EVs arrive during evening hours, as expected.
Figure 6 shows the hourly load profile of the building (apartment) sourced from the US
distribution network, coupled with the EV load estimated as discussed in Section 2.2. This
figure highlights the simultaneous occurrence of the EV peak load with the residential
peak load, as previously mentioned in the introduction [5]. Finally, Figure 7 presents the
total load, comprising both the combined EV and building load, shown with the remaining
capacity of the transformer. The remaining capacity denotes the transformer capacity
available after catering to the building and EV load. Notably, during intervals 14–20,
the transformer’s remaining capacity becomes negative, indicating overload situations.
This signifies the necessity for load adjustments to avert transformer overloading during
these intervals.

A scheduling horizon of 24 h (1 day) with a time interval of 1 h is considered in this
study. The model is developed and coded in MATLAB and tested on a computer with core
i7 and 8 GB RAM.
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4.2. Load Adjustment Analysis

This section analyzes the load adjustment achieved through the proposed method
by comparing it with the original EV load. Figure 8 provides an overview of the results,
while a more in-depth analysis is presented in the subsequent section. The original EV
load directly corresponds to the count of EVs at the charging station during different hours
of the day (highlighted in figure). Notably, the proposed method reduces the load solely
during the 14–20 h intervals, a response to identified transformer overloading occurrences
within these time frames, as evidenced in Figure 7. The adjusted load correlates directly
with the extent of transformer overload. For instance, the most substantial load reduction is
evident in intervals 17 and 18, coinciding with severe transformer overloading. Conversely,
minor load adjustments are visible in intervals 14 and 20 due to marginal overloading. No
load adjustment during 10–13 h and 21–24 h, as the load remains lower compared to the
transformer capacity.
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4.3. Energy Allocation to EVs

This section provides a detailed analysis of a specific interval (interval 19) to elaborate
on the operational principles of the proposed method. During interval 19, the charging
station has 9 EVs. At this time, the transformer had a remaining capacity of 45 kW, while
the cumulative energy demand of the EVs amounted to 72.2 kW, necessitating a load
adjustment of at least 27.7 kW. Table 1 presents the individual energy demands of the EVs
in kW and their corresponding time to deadline in minutes. To facilitate the analysis, we
computed the normalized energy demand (energy ratio) and time to deadline (time ratio)
using Equations (5) and (6), respectively, with the results detailed in Table 1. These ratios
were then employed to determine the rank (final rank) of each EV, also depicted in Table 1.

Table 1. Ranking and allocation of energy to EVs.

EV
ID

Energy
Demand

Time to
Deadline

Energy
Ratio

Time
Ratio Final Rank Demand

Fulfilled

1 3.2 30 0.21 0.13 12.69 3.2
2 4.1 15 0.27 0.06 19.66 4.1
3 6.7 60 0.45 0.25 6.24 6.7
4 12.8 75 0.85 0.31 4.37 12.8
5 4.1 90 0.27 0.38 6.33 4.1
6 9 30 0.60 0.13 9.67 9
7 15 120 1.00 0.50 3.00 0
8 7.4 240 0.49 1.00 3.03 0
9 10.3 120 0.69 0.50 3.46 5

Utilizing the final rank, energy is allocated to the EVs, and the outcomes for interval
19 are depicted in Figure 9. Notably, full energy allocation is made to EVs 1–6, while
partial energy fulfillment for EV 9. This allocation sequence is determined by the ranking
based on the time-to-deadline and required energy ratios of the EVs. For instance, EV2
secures the top rank, and its entire energy demand is met first, followed by EV1, EV6,
EV5, EV3, and EV4, in that order. Subsequently, the remaining capacity is updated after
each allocation. However, despite allocating energy to EV4, the remaining capacity was
insufficient to fulfill the entirety of EV9’s energy demand. Therefore, partial energy is
allocated to EV9. Ultimately, no energy allocation is made for EVs 7 and 8 due to their
lowest rank, as outlined in Table 1, indicating higher deadlines and comparatively greater
energy demands for both EVs.
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4.4. Comparative Analysis

In this section, the performance of the proposed method is evaluated against the
earliest deadline first method in terms of served and unserved EVs within intervals 12–22.
The results presented in Figure 10 indicate that during Intervals 12, 13, 21, and 22, all EVs are
served due to the absence of capacity constraints. However, from Intervals 14 to 20, only a
portion of EVs is served due to the transformer’s capacity limitations. Notably, the proposed
method consistently serves more EVs than the earliest deadline method throughout these
intervals. This advantage is attributed to the proposed method considering both energy
demand and time deadline for allocation decisions.
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Additionally, both methods are also compared using the proposed unserved index, as
shown in Figure 11. Similarly, the unserved index values consistently favor the proposed
method over the earliest deadline method, showcasing lower values. During load adjust-
ment intervals, this difference ranges from 14% to 33%, signifying the superiority of the
proposed method in efficiently managing EV demand.
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4.5. Weekly Analysis

In this section, the performance of the proposed method is evaluated for seven con-
secutive days (a week). The purpose of this analysis is to determine the capability of the
proposed method in managing the load of the network under different day types, such
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as weekdays and holidays. The hourly load profiles of the system and the EV fleet are
shown in Figure 12. System load refers to the electric load of the transformers, excluding
the load of EVs. The remaining capacity and total load of the transformer are shown in
Figure 13. Total load refers to the system load and EV load. The remaining capacity refers
to the capacity of the transformer after fulfilling the total load. It can be observed that the
remaining capacity becomes negative during the evening hours of the day. This is due to
the higher EV load coupled with higher residential load during evening hours, as shown in
Figure 12.
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Figure 14 shows the performance of the proposed method in respecting the limits
of the transformer. It can be observed that during normal hours, all the load is served,
but during evening hours, some of the load is clipped to keep it below the ratings of the
transformer. It should be noted that the system load is served first, and the clipped load is
the EV load, as discussed in the previous section. The EVs to be served during these higher
load intervals are based on the proposed method of ranking EVs.
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5. Conclusions

The study evaluates the performance of a method that prioritizes and allocates energy
to electric vehicles based on time to deadline and energy demand to prevent transformer
overload during peak load intervals. Over a period of seven consecutive days, including
weekdays and holidays, the method’s effectiveness in managing network loads is assessed.
It successfully alleviates transformer overload during peak periods by adjusting EV loads.
The method ensures that system load, excluding electric vehicles, is prioritized, with any
excess load being clipped to maintain transformer ratings, particularly evident during
evening hours when residential and EV loads peak simultaneously. Comparisons with the
earliest deadline method reveal that the proposed approach meets the energy demands
of a significantly higher number of EVs, demonstrating a performance improvement of
up to 33%. This method, originally tested in a residential complex with a shared parking
lot, holds promise for adaptation to commercial and industrial buildings equipped with
similar facilities.

Implementing dynamic optimization algorithms that can adjust in real time to chang-
ing grid conditions and user behaviors would improve the method’s ability to handle
uncertainties and fluctuations in demand effectively. This approach aligns with the need
to assess the validity of assumptions underlying the model and consider scenarios where
these assumptions may not hold true, as discussed previously.
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