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Abstract

Global electric vehicle sales are growing exponentially, with the European Union actively
promoting the adoption of electric vehicles to significantly reduce mobility-related emis-
sions. Concurrently, research efforts are increasingly directed toward optimizing vehicle
charging strategies for the effective integration of renewable energy sources. Nevertheless,
despite extensive theoretical studies, few practical implementations have been carried out.
In response, this paper presents a digital twin of a microgrid designed specifically for
optimizing the charging schedules of an electric vehicle fleet, with the goal of maximiz-
ing photovoltaic self-consumption. Machine learning algorithms are utilized to forecast
vehicle energy consumption, and various heuristic optimization methods are applied to
determine optimal charging schedules. The system incorporates an interactive dashboard,
enabling users to input specific preferences or delegate charging decisions to a real-time
optimizer. Additionally, a user-centric decision support system was developed to pro-
vide recommendations on optimal vehicle connection timings and heat pump setpoints.
Certain algorithms failed to converge on a feasible optimal solution, even after 340 s and
over 500 generations, particularly within high-production scenarios. Conversely, using
the GWO-WOA algorithm, optimal charging schedules are computed in less than 25 s,
balancing photovoltaic power exports under varying weather conditions. Furthermore,
K-Means was identified as the most effective clustering technique, achieving a Silhouette
Score of up to 0.57 with four clusters. This configuration resulted in four distinct velocity
ranges, within which energy consumption varied by up to 5.8 kWh/100 km, depending on
the vehicle’s velocity. Finally, the facility managers positively assessed the usability of the
DT dashboard and the effectiveness of the decision support system.

Keywords: digital twin; microgrid; optimization; electric vehicles; smart energy system;
renewable energy

1. Introduction
The transport sector is the second-largest source of GHG emissions globally, accounting

for 23% of CO2 emissions in the world [1]. To reduce emissions, the European Union (EU) is
promoting the electrification of mobility, offering various incentives to potential buyers [2].
However, such environmental benefits would only originate from electric vehicles (EVs) if
the sources of electricity used for charging were based on renewable energy sources (RESs),
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like solar and wind power. Moreover, such electrification of mobility poses some challenges,
even from the perspective of the electric system, as the demand for electricity increases
and requires adequate infrastructure for charging. At the same time, this electrification
also leads to opportunities for grid balancing by integrating EVs with RESs, since EVs can
act as flexible loads or storage devices that can respond to the fluctuations in the supply
and demand of electricity [3]. For example, EVs can charge during periods of excess RES
production (grid to vehicle) and discharge during a shortage (vehicle to grid). In this
way, the variability and intermittency of RESs will be smoothed out for better integration
into the electric system. In this context, technologies such as digital twins (DTs), digital
and synchronized replicas of real systems [4], and energy management systems [5] are
increasingly applied to microgrids to optimize their operation.

In the field of microgrids, significant attention has been devoted to developing algo-
rithms for optimizing EV charging in microgrids [6,7]. The need to integrate EVs into the
existing power grids with minimal environmental impacts has driven such sudden interest
in innovation. A notable example of this trend is [8], where the authors developed a model
for optimizing the charging schedules of battery electric vehicles. The model, adapted
to consider the different environmental impacts of the generation mix, demonstrates the
substantial reduction in GHG emissions made possible by smart charging strategies. In a
different approach, Bao et al. [9] presented a methodology for mixed fleet scheduling of
airport ground service vehicles that considers both fuel-based and electric tractors in the
fleet. Another critical contribution is presented by Yin et al., who introduced a methodol-
ogy for the safe and efficient operation of electrical grids using the optimum scheduling
strategy of EVs [10]. Their methodology included ML models such as Long-Short Term
Memory (LSTM) and XGBoost combined with the CPLEX solver to handle complex opti-
mization problems. Ahmadi and Shiradi [11] analyzed distribution networks with high EV
penetration, applying different meta-heuristic optimization algorithms to residential and
non-residential EV users. Their results demonstrated that smart charging could mitigate
or eliminate blackouts and voltage violations. Fresia et al. [12] investigated an industrial
microgrid within a renewable energy community, where company cars and delivery trucks
were used as mobile storage. Their multi-objective optimization revealed that following
only the desired power exchange profile resulted in a self-sufficiency rate of 56.43%, while
simultaneously increasing operating costs. Similarly, Nguyen and Nguyen [13] proposed
a hybrid PSO–GWO algorithm to minimize losses and improve load balancing. Their
results confirmed that the hybrid approach outperformed single algorithms in loss and
voltage optimization.

Advanced algorithms can be implemented in real-time, enabling management of all
energy flows, such as EV charging, grid interaction, and heat pump operations, to reduce
energy drawn from the grid. Examples are found in the work of Mathur et al. [14] and
Uzair et al. [15], which present a relevant example of real-time operational optimization.
In ref. [16], an alternative optimization method was proposed by the authors using Multi-
Agent Deep Reinforcement Learning. With appropriate management of EVs and PVs, grid
energy consumption could be reduced by up to 40%, compared to multi-home systems
that do not participate in energy trading or incorporate EVs. In ref. [17], a multi-objective
optimal charging strategy was presented, aimed at peak load shaving and developed using
various optimization algorithms. DTs are also proving to be effective tools for enabling
real-time energy management. Li and Xu [18] developed a DT of two smart houses
incorporating an LSTM model for building load forecasting and different optimization
algorithms for reducing energy costs while maintaining user satisfaction. Their results
indicated that LSTM achieved an MAPE of 4.4%, while an improved WOA outperformed
other heuristic algorithms such as particle swarm optimization. Similarly, Benedetto
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et al. [19] demonstrated that a vehicle-to-building DT can reduce demand charges and
partially substitute stationary storage systems.

The rapid expansion of EV adoption requires parallel research efforts: on the one hand,
reducing emissions associated with EV charging; on the other, accurately characterizing
RES forecasts and EV consumption. As shown by Menyhart [20], even hybrid vehicles can
provide additional flexibility and value to the grid, as evidenced by a one-year analysis of
hybrid vehicle operation. Ref. [21] presented CALNet, a hybrid LSTM–CNN-based method
for accurately forecasting RES generation in microgrids. Zhao et al. [22] have proposed
XGBoost and Light GBM-based approaches for the forecast of the remaining driving range
based on an extensive EV database: NDANEV. Although these models achieved very good
accuracy, they include a large number of features, such as braking ratio, acceleration ratio,
and motor and battery output energy, which makes them difficult to replicate in simpler
scenarios. On the other hand, H.A. Yavasoglu et al. [23] proposed a range estimation
method for EV using data gathered and experimentation. They used a Decision Tree to
identify road type and an ANN to predict range based on variables such as HVAC usage,
vehicle weight, traffic, and road type. Their model resulted in an accuracy of more than
94%. Though these models are very efficient, the replicability by non-experts or people
with less sophisticated equipment is limited.

Research Gaps and Novel Contributions

Overall, the reviewed studies underscore the growing importance of ML and optimiza-
tion algorithms in balancing EV charging demands with grid stability. However, as also
noted by Almeida et al. [24], a critical gap remains in the deployment of these approaches
in real-world case studies, highlighting the need for further development tailored to actual
user requirements. This observation is consistent with the studies summarized in Table 1,
where only 12% of the works were implemented in real-case applications. Therefore, the
main gaps identified in the current literature can be summarized as follows:

• Although numerous studies address EV charging and microgrid optimization, only a
limited number are implemented in real-world case studies and operated in real-time.

• In the few real implementations available, user interaction is often overlooked; facility
manager preferences are rarely incorporated, and existing tools can be too complex for
practical use.

• There is limited deployment of DTs for smart grids that simultaneously integrate EVs,
buildings, and PV systems.

• Methodologies for estimating individual EV consumption based solely on simple data
collection remain scarce.

This work aims to address the gaps encountered in the literature by presenting a DT
that integrates ML models and optimization algorithms capable of real-time response. This
article is distinguished from previous studies by five main contributions:

1. A replicable DT architecture based entirely on open-source tools and designed to
optimize EV charging using simple yet effective algorithms.

2. The DT recommends EV charging strategies according to user preferences and inte-
grates adaptive machine learning models calibrated for each vehicle.

3. Continuously improving consumption models, enabled by real-time synchronization
of data between the physical and virtual layers;

4. The implementation and operation of a real-life case study involving a fleet of EVs.
5. An interactive DT dashboard that is intuitive for facility managers and capable of

providing real-time recommendations to enhance overall system efficiency.
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Table 1. Overview of the state of the art and paper contribution.

Ref. System Type Real Case
Study

Real-Time
Synchronization Digital Twin

EV Con-
sumption
Modeling

User
Interaction

Optimization
Approach

[6] Microgrid Yes HiGHS and
SNOPT solvers

[7] Microgrid Newton-based
optimization

[8] National grid n.d.

[9] Microgrid Yes ALNS, MSILS,
CPLEX, iALNS

[10] Microgrid

LSTM and
XGBoost for
EVs charging

load

n.d.

[11] Distribution
network Yes DHLO, GWO,

PSO

[12] Microgrid Yes Matlab R2022b
(Gurobi solver)

[13] Microgrid
PSO, GWO,
PSO–GWO

hybrid

[14] Microgrid Yes
Biogeography-

Based
Optimization

[15] Building
with PV Yes Yes Yes TOPSIS, MCE,

PROMETHEE

[16] Microgrid Average
consumption

Multi-agent
DDPG

[17]
Regional

distribution
network

RBH-PSO, PSO

[18] Two houses n.d. Yes Yes
IWOA, WOA,

PSO, DEA,
Dragonfly

[19] Microgrid Yes Yes n.d.

[21] Microgrid Yes

No (CALNet,
CNN, and
LSTM for

RESs)

N/A

[22] EV XGBoost,
LightGBM N/A

[23] EV Yes ANN,
Decision Tree N/A

This
study Microgrid Yes Yes Yes

K-Means, Ag-
glomerative,

Gaussian
Clusterings

Yes
GWO-WOA.
IGWO, CGO,
GA, NSGA-II

This methodology was applied in the framework of the DigiBUILD project [25]. Pre-
cisely, a DT was developed to optimize the management of the microgrid associated with
Emotion S.r.l. (Perugia, Italy), an Italian company operating in the field of EV charging
stations. This case study focuses on one of the company’s buildings, which is equipped
with 50 kWp PV panels and four EV charging points, each rated at 11 kW. Through the
use of optimization algorithms, charging strategies will be provided via the DT for the
company’s fleet of EVs. The algorithm’s input will include forecasts of building energy
consumption, PV production, and user needs. Moreover, the DT can control the charging
of connected EVs in real-time, leveraging available PV power to reduce energy costs. This
will contribute not only to energy efficiency but also to grid stability. Finally, the DT dash-
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board not only displays historical and real-time information but also serves as a decision
support system (DSS), suggesting manual actions such as setting the setpoint temperature
for HVAC and advising on connecting or disconnecting vehicles. An overview of the DT
is presented in Figure 1, which includes a high-level scenario diagram. The physical twin
encompasses all the energy systems involved in the microgrid, as well as the metering
systems. An interconnection layer regulates the input and output between the digital and
physical twins, ensuring the update of the models and their impact on the physical twin
through APIs. Real-time synchronization between the physical system and the digital twin
is achieved via Apache Kafka topics, which stream sensors and operational data directly
to the DT in real time. Historical and semantic information is stored and accessed via a
data warehouse and an intelligent querying mechanism [26]. Finally, the facility manager
interacts with the digital twin to monitor the system and optimize EV charging thanks to
all the models included in the digital twin back-end. The presented approach meets the
most up-to-date focus in scientific literature data and adaptive control for the optimal use
of energy in facilities hosting RESs and EV fleets [27].

Figure 1. Scenario diagram of the proposed microgrid digital twin framework.

2. Materials and Methods
The DT developed in the context of this work presents various models that interact

with each other, as anticipated in Figure 1 and detailed in Figure 2. The models of the DT
of this study, white boxes in Figure 2, are focused on three different types of algorithms:

• ML models, for each vehicle, which are used to estimate EV-specific consumption
based on average trip velocity;

• An optimization algorithm designed to determine optimal strategies based on different
self-consumption objectives and user preferences;

• A real-time processor employed to optimally control charging and provide recommen-
dations.
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Figure 2. Digital twin architecture of this work.

Regarding the ML models, an algorithm is executed monthly to update clustering mod-
els based on historical vehicle data. Once updated, the user can access the DT dashboard
to run the optimization and input preferences, such as the required vehicles, time of need,
distance to be traveled, and expected average speed. The last two pieces of information are
used by the pre-trained models to calculate specific energy consumption and, consequently,
the energy required by each selected vehicle.

For the optimization algorithm, the energy required by each vehicle is used to de-
termine the minimum State of Charge (SoC) necessary at the specified time. While user
preferences are not strictly essential for the algorithm, the algorithm’s essential inputs
include the SoC of each vehicle at the start of the optimization process and forecasts of
PV production and building consumption for the next 24 h. Specifically, forecasts of PV
production and building electricity consumption were not developed as part of this study,
since they had already been provided by the project framework. This forecasting procedure
selects the best-performing model from a trained ensemble of Random Forest Regressor,
Gradient Boosting Regressor, Lasso Regressor, and Multilayer Perceptron models. The
input data includes the building’s and EV chargers’ historical electricity consumption, PV
generation, and historical and forecasted weather variables. Once the forecasted data is
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available, the optimization process begins, and it provides the user with three different
strategies based on the level of self-consumption they wish to achieve.

Through the DT dashboard, the user can select one of the suggested strategies or
activate the “Automatic Control” mode, which engages the real-time processor module.
The output of each strategy specifies the optimal time to connect the EV for charging, as
well as the power modulation behavior for each charging port. The system then regulates
the charging power at each port, ensuring the predicted balance between energy import
and export. In the “Automatic Control” mode, if the real-time data processor detects an
imbalance in grid power import or export, the algorithm automatically adjusts the charging
power or provides suggestions to address the issue, functioning as a DSS.

2.1. Optimization Algorithm

The optimization algorithm developed in this study aims to address a question often
noted in the literature: the balance between PV production, building consumption, and
electricity consumption for EV charging. Given the practical nature of this study, the
end-user was consistently considered to ensure that the findings could be applied tangibly
through the DT. Consequently, the optimization problem includes various constraints that
account for both user preferences and physics-based relationships.

This algorithm aims to exploit various strategies for effectively charging 10 EVs. It
involves forecasting the next 24 h of PV production (EPV), building energy consumption
(EB), and estimating grid energy purchase (Ebuy) and potential energy sales (Esell). Other
inputs are the real-time vehicle SoCs and user energy requirements (calculated by vehicle
models and user preferences). Finally, the 240 decisional variables of this problem are the
energy demanded for charging vehicle j in hour i (Ei,j).

The optimization problem includes seven different constraints, which comprise both
linear and non-linear equations, as well as those based on if-else statements or compar-
isons between variables. This was made possible by using Python 3.12 as a development
environment for the optimization problem, ensuring both a smooth integration into the DT
and interaction between different models through the use of Application Programming
Interfaces (APIs).

The first constraint is applied to incorporate user preferences. Based on the ma-
chine learning (ML) model trained for each vehicle and the user inputs, the required SoC,
SoCdesired, and the specified time of use hdesired are implemented using Equation (1). Specifi-
cally, between the time of optimization (i = 1) and the time of use, hdesired, the sum of the
energy consumed by vehicle j Ei,j in each hour i must be greater than or equal to the energy
required to reach the desired SoC. This energy is calculated as the difference between
the SoC at the time of the optimization run SoC1,j, gathered in real time, and SoCdesired,
multiplied by the capacity of vehicle j Cj and charging efficiency ηchar.

For each vehicle j:

hdesired

∑
i=1

Ei,j ≥ Cj·
(
SoC1,j − SoCdesired

)
·ηchar (1)

Secondly, the operational constraints regarding the charging limits are implemented
through Equations (2) and (3). For each hour i, the sum of Ei,j must be lower than the
maximum total plug capacity (44 kW). Simultaneously, the values of Ei,j higher than zero in
each hour i must be lower than 4, as 4 is the maximum number of plugs available. In detail:

10

∑
j=1

Ei,j ≤ 44 (2)
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Count.i f
(
Ei,j > 0

)
≤ 4 f or each hour i (3)

An additional constraint was set to avoid charging an EV beyond the 100% limit,
which depends on the SoC of the vehicle when the simulation starts SoC1,j and its capacity
Capj, as highlighted in Equation (4), which is applied to each vehicle j:

24

∑
i=1

Ei,j ≤
(
100 − SoC1,j

)
·

Capj

ηchar
(4)

Charging all vehicles in a very short time would result in minimal energy contribution
and high user effort in disconnecting and reconnecting vehicles to charge. For this reason,
a new constraint was introduced. First, the constraint counts vehicles set to charge and
calculates their potential stored energy from the current and 100% SoC. If the excess energy
over potential exports is too high, it penalizes solutions, encouraging the algorithm to
minimize the number of vehicles charged. Finally, another constraint is introduced to
prevent a vehicle from being charged one hour, not charged the next, and then charged
again the following hour. This constraint was implemented to ensure there are no gaps
between two non-zero values in the charging sequence.

Focusing on output strategies, the only difference is the grade of self-consumption
desired, such as maximizing self-consumption or ensuring at least 50% usage of potential
exported energy (PercPV). The strategy differentiation is exploited by modifying the self-
consumption constraint (5) in the problem.

24

∑
i=1

(
10

∑
j=1

Ei,j

)
≥ (PercPV) ·

24

∑
i=1

Esell,i (5)

In detail, three different strategies will be provided, considering, respectively, a
percentage PercPV of 0% (no self-consumption limit), of 50% and 100% (maximize self-
consumption). These represent, respectively:

• Unconstrained self-consumption (0%): No minimum threshold is imposed, allowing
flexible energy management. In this case, EV charging is aligned with PV generation
without guaranteeing a baseline self-consumption level.

• Moderate self-consumption (50%): At least half of the potential exported energy
must be utilized locally, presenting a trade-off between grid interaction and internal
energy use.

• Maximized self-consumption (100%): All PV-generated energy must be consumed within
the microgrid, eliminating grid exports and prioritizing internal load satisfaction.

The objective function F(X) to be minimized in the optimization is presented in
Equation (6). The objective is to minimize energy costs over the next 24 h by balancing
the energy required for EV charging of 10 vehicles (Ei,j) while considering interactive
user-defined constraints related to self-consumption rates and vehicle requirements.

F(X) = min

[
24

∑
i=1

(
10

∑
j=1

Ei,j+Ei, B − Ei,PV

)
·Ecost + Penalties

]
(6)

where Ecost is the cost of electric energy, which differs depending on whether the energy
is sold (energy balance at hour i is negative) or bought (energy balance is positive). This
quantity is calculated based on the average cost per kWh, using the billing details provided
by the user. Ei, B and Ei,PV are the forecasts of electricity demanded by the building at hour
i and produced by the PV plant, respectively. The term Penalties in this equation is used
to implement each constraint as a penalty of the function itself. If an individual is led to
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a violation of constraints, a numerical penalty (ranging from 1000 to 10,000) is added to
the objective function. Consequently, the solutions of each generation are steered towards
feasible solutions.

Focusing on the implementation of the optimization algorithm, a metaheuristic opti-
mization approach was selected after reviewing the relevant literature. This choice was
made because metaheuristic methods are well-suited for handling non-linear relations
and are widely applied in microgrid optimization [28–30]. In this study, different algo-
rithms available in Python libraries [31–33] were used for solving the optimization problem,
including basic Genetic Algorithm (GA) [33], NSGA-II [34], Chaos Game Optimization
(CGO) [35], Improved Grey Wolf Optimization (IGWO) [36], and a hybrid GWO-WOA [37].
In this way, it was possible to identify the most effective algorithm for solving the presented
problem, taking into account the number of constraints met and the execution time required.
Different libraries were selected: Pymoo [31] for NSGA-II and PyGAD [33] for GA, given
the possibility of algorithm customization. Moreover, Mealpy [32] was chosen as it includes
the highest number of heuristic and meta-heuristic algorithms.

2.2. EV Consumption Estimation

One of the contributions of this work is to provide a functioning DT that is based on the
real needs of the end-user, which will interact with it. Specifically, the user can initiate the
optimization process based on their preferences regarding the vehicle to use for a specific
itinerary. To understand properly the energy needed by each vehicle, and so the minimum
SoC in the optimization algorithm, it was necessary to assume each vehicle’s consumption.

As vehicles were equipped with OBD sensors, and some data, such as odometer and in-
stant velocity, were tracked, a new approach based on clustering was used. Specifically, the
methodology for estimating real vehicle consumption was based on the following process:

1. Expand the number of available variables monitored by calculating new features such
as average velocity and specific consumption.

2. Conduct a data analysis to investigate the possible correlation between different features.
3. Apply unsupervised learning techniques, such as clustering, to identify new relationships.

This approach would guarantee the discovery of an alternative solution, rather than re-
lying on average or constructor-declared consumption. In particular, while the supervised
approach requires choosing input features before model training, necessitating multiple
feature tests based on correlations encountered, the unsupervised approach can be used
to understand new relationships through cluster analysis. Additionally, in cases of low
correlation in data, clustering techniques can offer an opportunity to find simpler relation-
ships that approximate real behavior. In particular, unsupervised clustering techniques,
including K-Means, GMM, and agglomerative clustering, were employed using the SciKit
Learn [38] Python library. Before applying clustering techniques, the data was standard-
ized, and a weight of 5 times higher was applied to velocity. This weight was imposed to
better differentiate consumption based on velocity, rather than consumption, as in the DT,
the user would select an average velocity to assess the vehicle consumption. The elbow
method was applied to calculate the best number of clusters suitable for all vehicles. Finally,
the quality of the clusters was subsequently evaluated using the Silhouette Score and the
Davies–Bouldin index. The centroids of each cluster are then used in the DT to calculate
the SoC desired by the user, given the distance to be traveled and the average velocity of
the itinerary.

2.3. Real-Time Monitoring and Management System

In the DT dashboard, users can access real-time energy exchange information for the
systems, including building consumption, PV production, and grid exchange. Moreover,
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the user can also understand all the behavior of EVs, such as their SoC or their charging
status. Finally, the DT dashboard provides insight into historical data. The dashboard and
all the twin back and front-end were developed using REACT. The architecture of the twin
includes a middleware API, a database, and dataflows as previously presented in [26].

The algorithm for real-time management aims to address the limitations of the opti-
mization algorithm charging strategies, which rely on predictions that might not always
be accurate. Therefore, the HP use is not considered in the previous optimization. Using
a simplified algorithm, this model uses real-time data, including the power output of
charging columns, the SoC of the EVs, as well as the real-time power state of the PV system
and the building. Governed by “if-based” rules, the algorithm responds to energy imports
from the grid by suggesting either the disconnection of EVs or the adjustment of heat pump
setpoint temperatures, lowering them in winter and raising them in summer. Conversely,
when energy is exported to the grid, the system recommends connecting additional vehicles
(if feasible) or adjusting the setpoint temperature in the opposite direction: increasing in
winter and decreasing in summer. This approach would guarantee the use of the thermal
capacity of air to store energy when needed.

The algorithm considers the SoCs of all vehicles as input, along with data on the power
at each plug of the two charging stations, and the power exchanged with the grid. When
there is power export, the algorithm determines the energy amount that can be distributed
among the connected EVs. In the case where the export is less than the maximum available
power capacity of the plugs Capplug,charge, defined as (7), the algorithm recalculates the
power dividing and assigning the exported energy equally in each plug.

Capplug,charge =
EVs Connected

∑
i=1

(11 − Ei,real−time) (7)

In scenarios where the export exceeds the plug’s power capacity, the algorithm recom-
mends which vehicle to charge first based on the vehicle with the highest EV capacity, as
defined in Equation (8).

CapEV = (100 − SoCreal−time)·Capbattery (8)

Finally, the service recommends adjusting the heat pump’s setpoint temperature
according to the time period.

In situations where power is imported from the grid, the algorithm initially verifies
whether the connected vehicles have reached the SoC demanded by the user. Subsequently,
the new plug capacity Capplug,discharge is determined using Equation (9). If the power
import is lower than Capplug,discharge, then this quantity will be subtracted proportionally
by each plug’s charging power Ei,real−time. This algorithm, in which Emin is the minimum
charging power that a charging station could reach, is specifically tailored to reduce power
usage, contrasting with Equation (7).

Capplug,discharge =
EVs Connected

∑
i=1

(Ei,real−time − Emin) (9)

If the plug capacity is insufficient, the system recommends disconnecting a vehicle after
verifying whether its SoC has already reached the user-defined target. In addition, it may
suggest adjusting the heat pump setpoint temperature. Specifically, during energy export,
the DSS advises increasing the setpoint in winter or lowering it in summer. Conversely,
during energy import, the algorithm suggests decreasing the setpoint in winter or raising it
in summer, while ensuring compliance with minimum comfort requirements.
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3. Case Study
The microgrid of this case study is located in the Umbria region, in the center of Italy,

and is hosted by Emotion Srl, a company that produces charging stations and acts as a
charging point operator and electric mobility service provider. This microgrid (Figure 3)
infrastructure is composed of:

• A 2000 m2 tertiary office building.
• A 50 kWp PV plant.
• Two smart charging stations for EVs, equipped with two Type 2 connectors for a total

of 44 kW.
• A fleet of 15 EVs, real-time monitored through OBD systems.
• A 45 kW heat pump system for heating and cooling the office building space.

Figure 3. Schematic representation of the case study microgrid. Production energy fluxes are shown
in green, consumption in red, and the bidirectional flux in blue.

The main devices that will be involved in this study are the fleet of 15 EVs, the
two charging columns, the 50 KWp PV panels, and the available internal loads. What is
notable is the absence of battery energy storage, demonstrating the user’s need to optimize
the charge of their vehicles. For this reason, battery energy storage was not modeled or
included in the optimization process. The charging stations are located within the company
premises to facilitate easy access for charging the entire EV fleet.

The vehicles’ OBDs were used by the user to collect different measurements. This
includes metrics such as the connector type used, the maximum power capacity of the
battery, its energy capacity, and vehicle SoC. At the building level, various smart meters
are installed in the charging station, building, and PV system. These meters provide
measurements of both cumulative quantities, such as the total energy consumed by the
building or charging station, as well as the energy generated by the PV system. Additionally,
detailed electrical parameters, including power, voltage, and current for each phase, are
recorded to offer a comprehensive overview of the system.
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Data Analysis

In the microgrid presented, the building and EVs consume up to 90 MWh per year,
while the PV system produces around 75 MWh. Yet there is still an issue of matching
production to consumption, with around 40 MWh of energy sold to the grid annually.
In 2022, data provided showed that considering the sole energy required for charging
EVs, this accounted for 25.5% of the total. Increasing self-consumption is also critical, not
only for environmental reasons, but also for economic ones. Consuming energy locally
minimizes distribution losses and reduces negative impacts on grid frequency and control.
For example, the consumption analysis from February to August, covering 4900 h, revealed
the sale of 22 MWh to the grid and the import of 12 MWh. The self-consumption rate
during this period, calculated as the ratio of imported energy to total energy consumption,
is approximately 45%.

As shown in Figure 4, on a sunny winter day, the building’s consumption demand
and EV charging demand can be fully met by the PV system (orange line). However,
due to insufficient PV generation during the morning and evening hours, the required
electricity is imported from the grid. A similar pattern is observed on overcast days, such
as Wednesday and Thursday. In summer, building consumption is significantly lower than
in winter, while PV production reaches its peak; as a result, a larger share of energy is
exported to the grid. During nighttime in summer, in the absence of on-site battery energy
storage, the building relies entirely on grid electricity. Even on overcast days, the energy
produced by the PV system is sufficient to meet the building’s electric load with a high
self-consumption rate.

Figure 4. Microgrid consumption and production behavior in a winter (above) and summer
(below) week.

Historical data on EVs provided in this Case Study include information from Septem-
ber 2023 to June 2025, depending on the vehicle. The OBD device collected data about:
instant velocity, odometer, charging state, timestamp, and battery SoC. To extend the vari-
ables used by the ML algorithms, the data were ordered and resampled, and these new
features were calculated.

Distance traveled d (expressed in km) was calculated as the difference between two
consecutive odometer readings:

d = O2 − O1 (10)

where O1 and O2 are the odometer readings at the initial and final timesteps, respectively.
The odometer has a sensitivity of 0.1 km.
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Energy consumption E (in kWh) was calculated from the variation in the State of
Charge (SoC), multiplied by the real battery capacity of each EV:

E = Cbat ·
SoC1 − SoC2

100
(11)

where Cbat is the nominal usable capacity of the battery (kWh), and SoC1, SoC2 are the
initial and final SoC values in percent.

Specific consumption espec (expressed in kWh/100 km) was computed as the ratio
between energy consumption and distance traveled, multiplied by 100:

espec =
E
d
· 100 (12)

Average velocity vavg (expressed in km/h) was calculated as the ratio between the
traveled distance and the time interval between two timesteps:

vavg =
d

∆t
(13)

where ∆t is the elapsed time, expressed in hours.
In this work, several assumptions were introduced to simplify implementation and

reduce computational costs:

• The effective battery capacity was assumed to be 85% of the nominal value, as some
vehicles had been in use for more than five years [39].

• The specific energy consumption was assumed to depend only on the change in SoC,
and not on its absolute level.

• The charging efficiency (ηchar) was considered constant and equal to 0.8.
• No power losses were considered between the charging stations, the building, and the

grid exchange meter to simplify the models. This assumption is based on the relatively
short distances between the different components, typically less than 50–100 m.

Before being analyzed for ML purposes, the data required several preprocessing steps
to ensure correct integration into the DT. Different criteria were chosen to filter data and
consider only relevant measurements. Precisely, these filters include:

• taking into consideration only velocities between 10 km/h and the speed limit of
each vehicle;

• limiting the values of specific consumption to below 30 kWh/100 km;
• The traveled distance (d) had to exceed 0.01 m to ensure that the vehicle was in motion;
• Outliers were removed by excluding data points with a z-score greater than 3 for each

vehicle dataset.

In this manner, entries for each vehicle were calculated, and a summary of these is
presented in Table 2. Simulations and analysis were conducted using a notebook with
16 GB RAM, an i7-12750H, and an RTX 4060. For the EV data analysis, collecting and
processing all entries from the .json files (approximately 7 million records) required 61 s.
It should be noted that this analysis and filtering step may take some time; however, it is
performed only when the vehicle consumption models are updated, which occurs once a
month, as agreed upon with the user. As velocity was one parameter that could be known
prior to the user and input before starting an optimization, a correlation between this and
the consumption was calculated. Specifically, Table 1 reveals that these two quantities are
lowly correlated, ranging from person correlation values of −0.01 to 0.70 for Vehicle #2
and Vehicle #15, respectively. For this reason, it was not convenient to assess the specific
consumption by the velocity using a supervised ML algorithm. Moreover, vehicles 11 to
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15 present only a few entries which is related to their recent availability. Accordingly, the
subsequent optimization process was limited to Vehicles 1–10.

Table 2. Summary table of EV data.

Vehicle ID First Timestamp Last Timestamp Entries Pearson
Speed-Consumption

1 21 June 2024 18 May 2025 2531 0.07
2 21 June 2024 17 May 2025 2915 −0.01
3 22 June 2024 18 May 2025 3016 −0.01
4 21 June 2024 11 June 2025 2223 0.07
5 24 June 2024 11 June 2025 2943 0.09
6 25 June 2024 11 June 2025 3206 0.54
7 24 June 2024 11 June 2025 3282 0.58
8 20 October 2023 11 June 2025 3048 0.01
9 26 September 2023 11 June 2025 3346 0.52

10 20 October 2023 9 June 2025 3127 0.54
11 16 May 2025 11 June 2025 121 0.62
12 16 May 2025 11 June 2025 109 0.68
13 16 May 2025 11 June 2025 179 0.59
14 17 May 2025 11 June 2025 140 0.69
15 16 May 2025 10 June 2025 181 0.70

4. Results
4.1. Optimization Algorithm Outcomes

Given the complexity of the trade-off between finding an optimal solution and re-
ducing computational time, various algorithms and libraries were compared to identify
the optimal solution. The algorithms included in this analysis are GA, NSGA-II, CGO,
IGWO, and GWO-WOA, as they are among the most used in the current state-of-the-art
related to microgrid optimization [40–43]. To test these algorithms, four different days were
selected (two for winter and two for summer) to evaluate their performance under varying
conditions. Specifically, for each season, a cloudy day and a sunny day were chosen, as
seasonal variations affect not only solar radiation and, consequently, PV production, but
also the duration of daylight. However, to maintain consistent boundary conditions, user
preferences were assumed to remain constant for each day. Specifically, for Vehicle #2, a
distance of 150 km, an average speed of 60 km/h, and an initial SoC of 25% were assumed.
For Vehicle #6, a typical mixed route was considered, with an average speed of 30 km/h, a
distance of 70 km, and an initial SoC of 10%.

In all cases, similar boundary conditions were applied across different algorithms: a
population size of 500 individuals per generation and 500 generations (epochs) to prevent
limiting the solution search. As shown in Table 3, on winter days, all the algorithms yielded
similar objective function values (about EUR 52), with the exception of CGO. In this case,
the cost was higher by EUR 4 as it was suggested to charge Vehicle #2 also at 4:00 am
when no PV production was available. Focusing on a sunny day, as the availability of solar
radiation is lower than in summer, it was possible to charge only the two vehicles needed.
The charging periods in all the configurations were aligned with PV production, achieving
a perfect balance between production and charging power. On a cloudy day, only the
minimum SoC was achieved due to reduced PV production. As shown in Table 3, in both
cases, IGWO and GWO-WOA outperformed the other algorithms, achieving the optimal
solution up to 0.12% of the time (when comparing GA with GWO-WOA) and requiring
fewer generations to converge. On the winter day, however, all algorithms succeeded in
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finding feasible solutions, demonstrating that when export is limited, all the algorithms
converge in fewer than 332 generations.

Table 3. Optimization results on winter days.

Algorithm
Time of Execution Convergence Generation

Sunny Cloudy Sunny Cloudy

GA 174.59 s 99.40 s 244 176
NSGA-2 87.28 s 81.16 s 272 220

CGO 133.4 s 63.52 s 332 160
IGWO 25.62 s 22.71 s 283 214

GWO-WOA 22.11 s 20.48 s 226 189

During the summer, it was observed that exceeding 100% SoC was always avoided,
except in two distinct cases. In Table 4, as can be seen, only IGWO and GWO-WOA con-
verged on both days without violating any constraints. Focusing on the results for a typical
sunny summer day, IGWO and GWO-WOA performed the best, consistently converging
in less than 1 min. Conversely, CGO, which performed well in winter, struggled during
summer, failing to find an optimal solution. It exceeded the self-consumption constraint tol-
erance after 500 generations, requiring over 200 s. A similar pattern was observed with GA,
which also took 500 generations and slightly exceeded the self-consumption tolerance but
achieved a lower objective function value (EUR 23.1) compared to CGO (EUR 34.6), as some
of the energy was sold instead of being self-consumed. NSGA-II found an optimal solution
that maximized self-consumption; however, it predicted a SoC exceeding 100% for Vehicle
#10, returning an infeasible solution. As expected, under cloudy conditions, the behavior
resembled that of winter days, with IGWO and GWO-WOA converging more rapidly and
producing feasible solutions. In contrast, CGO violated two constraints, as two vehicles
exceeded 100% SoC and failed to achieve self-consumption, resulting in non-convergence.
NSGA-II achieved the same optimal result as GWO-WOA but took more time and required
more generations. The GA implementation violated two constraints: one that should limit
the occurrence of alternative charging/discharging, and another that slightly exceeded the
self-consumption tolerance. However, in both seasons, the GWO–WOA algorithm achieved
the best performance among all tested methods, resulting in the lowest daily electricity
costs while fully meeting user requirements.

Table 4. Optimization results on summer days.

Algorithm
Time of Execution Convergence Generation

Sunny Cloudy Sunny Cloudy

GA 340 s 258 s - 381
NSGA-2 177 s 112 s - 376

CGO 204 s 197.2 s - -
IGWO 53 s 54.66 s 500 500

GWO-WOA 49.5 s 29.6 s 463 264

Figure 5 serves as an illustrative example of the hourly results from a single operational
day, showing scenarios with high (top) and low (bottom) PV generation. On these days, it
was assumed that a user requirement was to charge Vehicle #4 to 50% by 14:00 and Vehicle
#6 to 40% by 18:00. In Figure 5, the attainment of the target SoC is indicated by a colored
marker. The graph illustrates how the vehicles are fully charged during periods of potential
energy export, thereby optimizing self-consumption. In addition, the vehicles are often
charged beyond the required SoC levels when sufficient PV generation is available. For
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instance, the final SoC of Vehicle #4 reaches 56% at 14:00, exceeding the user-specified
target. When the available export capacity is insufficient to fully meet the EV charging
requirements specified by the user, the algorithm proposes a strategy that sources at least a
portion of the energy needed for charging EVs during periods of excess PV production. As
shown in Figure 5, this occurs between 10:00 and 14:00 and 15:00 and 18:00. In such cases,
only the minimum SoC requirement is fulfilled, as expected.

Figure 5. Power trends and SoCs on winter days considering EV user preferences.

An 11-day test period was considered from 06/12/23 to 16/12/23, where the GWO-
WOA algorithm was applied to historical data to assess its efficiency in saving energy
for EV charging. During this period, which fell in winter, PV production was not always
excessive, resulting in days when the algorithm recommended not charging the EVs. User
preferences were excluded to simplify the testing process, as more than one day was
considered simultaneously in the same simulation. During this period, PV generation
peaked at 12.4 kW, with potential energy export occurring on 4 out of 7 days. As illustrated
in Figure 6, the proposed algorithm employs charging strategies that utilize the available
PV energy, both during high-export periods (the first 48 h of the week) and low-export
periods (the last 48 h). These results confirm that the algorithm can effectively guide users
in charging their EVs using self-generated power each day.
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Figure 6. Weekly Power trends for optimal EV charging compared to power import and export.

4.2. EV Consumption ML Models

To improve the reliability of EV consumption estimations, clustering techniques were
applied to the available measurements for all vehicles. As previously mentioned, the Elbow
method was employed to determine the appropriate number of clusters. As shown in
Figure 7, the red marker, corresponding to a cluster number of four, lies at the elbow of
the curve for each vehicle. Therefore, when applying K-Means clustering, four clusters
were identified as the most appropriate choice for all 15 vehicles considered in the analysis.
Selecting four clusters also provides a practical advantage, as it allows the DT to represent
vehicle operation using only four average speed levels, thereby avoiding unnecessary
complexity. For Vehicles #1 to #10, this choice resulted in WCSS values consistently ranging
between 2000 and 100. For Vehicles #11 to #15, the scores were considerably lower due
to the limited number of data points; however, in these cases, the Elbow criterion also
supported the selection of four clusters.

The clustering performance across 15 vehicles was evaluated using Calinski–Harabasz,
Silhouette, and Davies–Bouldin indices (see Table 5). K-Means consistently delivered su-
perior scores in most cases, particularly evident in the Calinski–Harabasz and Silhouette
indices, indicating clear separation and internal cohesion among clusters. Gaussian Mix-
ture Models (GMM) and Agglomerative clustering demonstrated variable performance,
occasionally competitive but generally inferior to K-Means. Notably, vehicle 8 presented
the highest Calinski score (11,585.3) with K-Means, while GMM underperformed with a
Davies–Bouldin index of 1.345, suggesting increased overlap between clusters. Conversely,
vehicles 11 to 15 exhibited lower Calinski scores, indicating inherently weaker clustering
structures, likely due to the lower number of available entries. These findings suggest
that K-Means is the preferred clustering approach for analyzing vehicle data; however, the
algorithm choice may require adjustment based on specific vehicle characteristics.

Finally, Figure 8 illustrates the position of the centroids and the clustering differentia-
tion across all vehicles in the study. The analysis focuses on K-Means and agglomerative
clustering, as these methods achieved the best performance (see Table 4). With a weight of 5
assigned to velocity, four centroids corresponding to different speed groups were identified.
The results show that, depending on the vehicle and the number of available entries, similar
patterns can be observed. For some vehicles (e.g., Vehicle #5 in Figure 8), consumption
values at each centroid exhibit low variation across different speeds. Specifically, for Ve-
hicle #5, consumption ranged between 12.5 and 20 kWh/100 km, with lower variability
observed at higher speeds. In other cases, however, larger differences in consumption are
observed between velocity ranges and their corresponding cluster centroids. For instance,
in Vehicle #9, the centroid corresponding to the lowest speed (approximately 17 km/h) is
associated with a consumption of 10.4 kWh/100 km, while at 57 km/h the consumption
increases to 15.4 kWh/100 km. Comparing K-Means and agglomerative clustering, it is
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evident that agglomerative clustering produces less regular cluster boundaries, although
the groupings remain similar to those obtained with K-Means. The consumption values
associated with each centroid are also comparable between the two methods, with only mi-
nor differences observed. For instance, for Vehicle #9, the centroid of Cluster 3 corresponds
to 39 km/h using K-Means and 47 km/h using agglomerative clustering. This difference
arises because K-Means is more strongly influenced by variables with higher variance. As
a result, in K-Means, points located near cluster boundaries show a sharper distinction
between groups.

Figure 7. Outcomes of elbow methods using K-Means on 15 vehicles (the red marker indicates the
selected cluster number).

Table 6 reports the K-Means clustering results for vehicle centroids. These values are
integrated into the DT as user-defined speed inputs for customized optimization. For the
process, from filtered data to the identification of centroids using the best clustering tech-
nique for all vehicles, the process required 46 s. Six out of fifteen vehicles show negligible
sensitivity of consumption to velocity; for example, Vehicles #1–3 exhibit values between
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16.0 and 16.5 kWh/100 km. In contrast, vehicles with larger variation display ranges from
7.3 to 15.8 kWh/100 km, with the highest deviations typically associated with limited
datasets. In all cases, consumption increases with velocity, consistent with expectations. At
low speeds, higher regenerative braking frequency contributes to improved efficiency. For
vehicles with velocity-dependent consumption, centroid positions remain largely stable
across clusters.

Table 5. Clustering performance across the 15 vehicles.

Vehicle
Calinski Silhouette Davies

K-Means GMM Agglo. K-Means GMM Agglo. K-Means GMM Agglo.

1 8489.50 6404.90 6282.10 0.53 0.50 0.49 0.56 0.56 0.54
2 9975.80 9570.50 7805.50 0.55 0.56 0.51 0.56 0.51 0.52
3 10,426.50 8712.60 8530.30 0.52 0.50 0.50 0.56 0.56 0.55
4 6881.50 6208.10 6076.70 0.55 0.54 0.50 0.54 0.55 0.59
5 10,275.60 9651.60 8921.80 0.57 0.56 0.48 0.52 0.52 0.60
6 9410.20 8517.00 7469.10 0.52 0.50 0.42 0.58 0.59 0.67
7 9959.00 9109.40 8547.30 0.54 0.52 0.49 0.57 0.59 0.59
8 11,585.30 5398.90 9305.90 0.57 0.51 0.55 0.51 1.35 0.53
9 9059.40 7429.90 8562.90 0.50 0.47 0.52 0.61 0.65 0.59
10 6848.00 5134.70 6216.80 0.43 0.40 0.41 0.68 0.75 0.70
11 341.20 301.30 239.00 0.51 0.50 0.43 0.62 0.63 0.68
12 222.70 147.80 200.70 0.41 0.46 0.38 0.74 0.66 0.74
13 349.50 286.20 335.10 0.45 0.42 0.45 0.67 0.73 0.66
14 347.70 331.40 345.80 0.48 0.46 0.48 0.63 0.64 0.62
15 451.60 366.10 392.00 0.46 0.42 0.47 0.66 0.69 0.62

Figure 8. Clusters and position of the centroids for K-Means and agglomerative clustering techniques.
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Table 6. Centroid details for K-Means clustering for each vehicle.

Vehicle Velocity_1 Consumption_1 Velocity_2 Consumption_2 Velocity_3 Consumption_3 Velocity_4 Consumption_4

#1 15.3 16.2 23.9 16.0 31.2 16.0 51.7 16.3
#2 16.5 16.4 26.6 16.2 36.5 16.2 54.0 16.3
#3 15.5 16.5 24.1 16.2 31.6 16.2 52.2 16.3
#4 16.7 16.2 27.2 16.0 38.2 16.3 54.3 16.4
#5 16.9 16.1 27.6 16.0 40.2 16.3 56.8 16.3
#6 16.8 11.6 27.1 13.1 38.8 14.8 55.8 15.3
#7 16.7 11.2 27.7 13.1 42.2 15.3 57.4 15.6
#8 16.7 16.2 27.5 16.0 40.2 16.3 56.7 16.2
#9 16.6 10.4 27.3 12.7 39.0 14.8 56.7 15.4

#10 15.4 9.6 23.8 12.1 31.6 13.2 51.4 15.4
#11 13.4 7.2 21.0 12.2 30.3 13.3 49.6 15.3
#12 13.3 7.6 20.6 10.4 28.9 13.0 51.2 15.7
#13 14.4 10.0 23.1 12.0 30.4 12.9 47.2 15.5
#14 13.5 7.5 22.3 12.0 29.6 13.2 47.7 15.3
#15 14.3 7.3 23.1 11.7 30.7 13.1 49.2 15.8

4.3. Digital Twin Dashboard

The presented algorithms are finally implemented in the DT’s DSS, which focuses
on optimizing EV charging processes to enhance self-consumption of generated power
while also reducing costs. The implementation is based on APIs, following the architecture
previously presented in [26] for DT. Within this DT, users can access real-time data from the
homepage, such as the instantaneous power of each charging station plug, building energy
consumption, and power output from the PV plant. Furthermore, as the EVs are fitted with
OBD systems, continuous monitoring via the DT is available. This setup also allows for the
constant refinement of vehicle consumption ML models through ongoing data collection.
Finally, the collected data is utilized to train regressors, which are not the focus of this study,
that forecast future PV production or building energy consumption, both of which can be
viewed on the dashboard of the DT and serve as inputs for the optimization.

The DT implements three optimization strategies via the Middleware API, providing
both day-ahead and real-time recommendations to facility managers on vehicle selection,
charging schedules, and charging methods. The day-ahead optimization generates fore-
casts of plug power demand for the following day, together with State of Charge (SoC)
projections. Through the DT dashboard, users define operational requirements by specify-
ing which EVs will be needed the next day, the travel distance, and the expected itinerary
type (based on velocity settings shown in Figure 9a). As shown, a button is located in the
upper-left section of the dashboard, allowing the user to define or leave the charging start
time undefined. This feature helps facility managers, even those without specific charging
requirements, identify how to schedule charging to maximize self-consumption. Once
the input is submitted, the optimization is executed, and the results are displayed in the
dashboard (Figure 9b), enabling users to evaluate and select the most appropriate strategy
among the three presented in the Methodology section. Once a strategy is selected, the DT
could autonomously control the charging station through an API, after the user connects
the corresponding EV, as recommended by the optimization algorithm. On the vehicles
page, users can view the expected future EV SoC via a chart, which indicates the remaining
charge hours.

The real-time optimization algorithm can also adjust the power output of active plugs
to better align on-site PV generation with building energy demand, thereby reducing
both energy exports and imports from the grid (Figure 10). Once activated, the processor
calculates a new charging power modulation for the charging stations, which is also
displayed in a dedicated panel on the dashboard. In cases where modulation options are
limited, for example, when only a single vehicle is connected, the DSS interface provides
guidance by suggesting which vehicle to connect or recommending adjustments to the
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HP setpoint to modify building electricity consumption. An illustrative case is shown in
Figure 10, where the DSS panel prompts the user to lower the reversible HP setpoint and
modify plug charging power. This approach would enable pre-cooling of the building
during the day, thereby reducing cooling demand in the evening.

 
(a) 

 
(b) 

Figure 9. Dashboard of the smart grid digital twin: vehicle selection page (a) and strategy selection
page (b).
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Figure 10. Example of suggestions for the DSS of the smart grid.

5. Discussion
The developed DT demonstrated its capability to provide several useful outputs for

the end user. The optimization based on the GWO–WOA algorithm, being a heuristic
model, was able to identify local optima within a time frame suitable for real-time user
interaction. The integration with the ML models for EV consumption was also tested and
successfully supported charging recommendations. For the ML models, when a sufficient
number of data entries were available (as for EVs #1–10), the clustering approach allowed
each vehicle to be uniquely characterized. Among these, five vehicles showed an average
variation in consumption of only 0.2 kWh/100 km across different velocity range centroids,
while in some cases the variation reached up to 3 kWh/100 km.

Throughout the DigiBUILD project, continuous collaboration ensured active involve-
ment of the end user in the development of the DT. It is evident, based on the findings
of this study, that the implementation of this technology has yielded a variety of benefits.
Firstly, a 25.7% reduction in energy drawn from the grid was achieved through the more
efficient use of available EVs within the DT framework. This reduction corresponds to an
annual reduction of approximately 4.2 tCO2 in GWP emissions [44]. Furthermore, self-
consumption expectations were met, with the self-consumption rate increasing from 60%
to 80%. Finally, by improving energy awareness through the DT, the company identified
the need to install an additional charging station, moving closer to its net-zero targets.

To the best of the authors’ knowledge, compared to previous studies, this work
represents the first implementation of a DT that integrates interactive user preferences,
EV modeling, and charging optimization. The most comparable study is Ref. [15], which
considered optimization under user preference constraints. However, this study did
not include EV modeling (treating EVs only as shiftable loads) or implementing a DT
framework. In terms of algorithm performance, the GWO–WOA algorithm in this study
achieved an optimal charging solution in under 21 s on a cloudy winter’s day, significantly
faster than the 197 s reported in Ref. [9] and 97 s in Ref. [11]. Nevertheless, metaheuristic
algorithms can struggle to identify global optima, and mathematical solvers can yield
faster charging schedules when the optimization problem is well formulated. For instance,
Ref. [12] achieved optimal scheduling at hourly intervals over a one-week horizon in
35 s. The clustering-based method for estimating EV consumption also represented an
improvement over using a fixed average consumption, as in Ref. [16]. This approach
required only two input variables, whereas more accurately supervised learning models in
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Ref. [22] and Ref. [23] required 14 and 9 inputs, respectively, thus increasing computational
complexity. Overall, comparing the proposed DT architecture with state-of-the-art methods
confirms that it achieves satisfactory computational efficiency for real-time operation,
relying on limited input data and moderate hardware resources.

The developed DT operated effectively under different meteorological conditions.
The proposed methodology can be replicated in broader contexts, such as microgrids that
integrate additional energy systems, including battery storage and small-scale wind gen-
erators. The DT architecture relies entirely on open-source tools, while the sensing layer
incorporates various meters and OBD devices for vehicles. However, certain limitations
are introduced by several assumptions that were made. Additional constraints would
need to be incorporated for larger microgrids, accounting for factors such as the distance
between charging stations, power losses, multi-user interactions, and conditions to mitigate
battery degradation. Furthermore, the accuracy of the ML models could be improved, as it
was limited in this study by the amount of available data. To enhance both optimization
performance and model accuracy, future work should explore hybrid approaches combin-
ing electronic systems, data-driven techniques, and physics-based methods, as presented
in [45].

Finally, to further improve the proposed methodology, several directions should
be explored. New optimization constraints should include parameters related to EV
battery degradation, in order to limit its impact during operation. With regard to EVs,
it is important to note that additional parameters identified in previous studies, such as
load ratio, maximum speed, latitude and longitude, and road slopes, should be collected
through the existing OBD systems or provided directly by the user. From an optimization
perspective, multi-objective approaches should be considered in order to account for system
flexibility and integration with other components of the smart grid or with grid operators.
In addition, the utilization of non-heuristic optimization methods should be explored
to facilitate the identification of optimal solutions, rather than local optima. The DSS
could also be enhanced by incorporating more advanced recommendations for heat pump
management, including thermal comfort indicators (if indoor sensors are available) and
potential inputs from energy community operators.

6. Conclusions
ML and optimization algorithms have been extensively studied in the recent literature

for balancing the charging of EVs with available RESs. However, the majority of these
contributions remain theoretical, with limited deployment in real-world case studies. This
work partially addresses this gap by presenting a case study developed within the Di-
giBUILD European project. A DT was designed and implemented for a microgrid in Italy,
integrating unsupervised learning models and optimization algorithms. The microgrid
comprises 15 EVs, a building equipped with 50 kWp of PV, and two 22 kW EV charging sta-
tions (four plugs in total). The DT provides charging schedules based on user preferences,
aiming to reduce energy costs by maximizing the use of on-site PV generation. Simulations
conducted using historical data showed that the optimization algorithms provided solu-
tions for maximizing EV self-consumption in under 25 s. In particular, IGWO-WOA and
CGO consistently achieved optimal solutions in shorter times compared to other heuristic
algorithms tested. Regarding the ML models, clustering analysis demonstrated that EV
consumption could be effectively correlated with speed, with four clusters representing
the majority of vehicles. Using K-Means, 9 out of 15 vehicles exhibited increasing con-
sumption with increasing velocity. The models used were integrated into the DT through a
middleware API. Finally, a user-oriented DSS was incorporated into the DT dashboard to
provide actionable recommendations, such as connecting or disconnecting EVs based on
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grid conditions or adjusting HVAC setpoints. The real-time processor also enabled dynamic
balancing of PV production and building demand by modulating charging power. Thanks
to the DT, the facility manager was provided with an easy-to-use tool that enabled an
increase in self-consumption of up to 80% during real testing. Future developments could
incorporate more accurate methods for estimating EV consumption as additional vehicle
data becomes available. Furthermore, the optimization framework could be extended
with additional strategies and constraints, including multi-objective formulations, to better
support grid operation. The deployment of such tools will be critical for achieving broader
goals in energy efficiency and sustainability.
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