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Abstract:
The rapid growth of electric vehicle (EV) adoption, together with the emergence of Renewable Energy
Communities (RECs), is reshaping local energy system optimization. Integrating EVs into RECs en-
ables a Community-to-Vehicle-to-Community (C2V2C) paradigm, where EVs act as mobile batteries
capable of storing, transporting, and returning energy within and between communities. Automating
this process requires reliable knowledge of driver intent; however, user-declared inputs are unreli-
able, as drivers tend to overestimate their energy needs or provide inconsistent information. In this
work, machine learning techniques are used to forecast EV mobility patterns, charging demand, and
connection flexibility, enabling the design of smart (dis)charging strategies that balance user conve-
nience with community self-consumption. This paper presents a comprehensive framework combin-
ing predictive modelling of charging-related variables with a smart C2V2C (dis)charging algorithm.
To evaluate it, a one-year synthetic dataset was generated for 1000 EV users across five archetypes,
delivery workers, remote workers, unemployed individuals, parents, and commuters, with mobility
behavior derived from European passenger mobility statistics, ensuring realistic charging patterns.
Five behavioral prediction approaches are compared: a user-based clustering method, two session-
based clustering strategies, a tree-based method, and a cosine similarity approach, each estimating
the next charging destination, trip energy requirement, and connection duration. Building on these
forecasts, a recommendation algorithm maximizes REC self-consumption by aligning EV charging
with renewable surplus and enabling controlled discharging during deficit periods. Results show that
all smart charging strategies improve self-consumption and reduce grid dependency, with gains most
pronounced in spring and summer when photovoltaic generation peaks. In contrast to most existing
work focused on delivered energy, this framework predicts energy needs, reducing behavioral bias
and extending the prediction scope to multiple charging locations and destination forecasting.
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1. Introduction
The rapid electrification of road transport, together with the increasing diffusion of variable renew-
able energy sources, is profoundly transforming electricity systems across Europe [1]. Over the past
decade, electric vehicles (EVs) have evolved from a minor technology into a growing component of
electricity demand, while solar and wind power have become important contributors [2,3] to the elec-
tricity mix. These create both challenges and opportunities for decentralized energy systems, as the
temporal mismatch between demand and generation intensifies the need for flexible resources.
In this context, EVs represent more than an additional load. Their storage capability enables them
to serve as flexible assets that can shift demand over time and, under bidirectional operation, supply
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electricity back to energy systems [4]. This is particularly relevant for Renewable Energy Communi-
ties (RECs) [5], which the European Union promotes to enhance local renewable energy integration,
self-consumption, and citizen participation in the energy transition. By aligning EV charging behavior
with local renewable energy availability, RECs can improve overall system efficiency.
Bidirectional charging schemes enable Vehicle-to-Everything (V2X) services. In this work, we con-
sider the concept of Community-to-Vehicle-to-Community (C2V2C), in which EVs operate as mobile
storage units that can store a surplus of renewable energy and later discharge it. Despite its signifi-
cant technical potential, its practical deployment remains limited. At the regulatory level, European
directives such as the Renewable Energy Directive 1 and the Internal Electricity Market Directive 2 es-
tablish a legal framework for energy communities but impose constraints on electricity injection and
storage usage. In several countries, like Belgium [6], Austria [7], Hungary [8], and Lithuania [9], only
renewable electricity may be injected into a REC, restricting the use of EV batteries for reinjection.
It must therefore be explicitly accounted for in smart charging and discharging strategies.
Recent research has investigated coordinated control and optimization frameworks for C2V2C energy
exchange [10, 11]. Existing studies typically propose multistage approaches combining data acqui-
sition from EVs and local energy systems, estimation of target states of charge, and optimization of
charging and discharging schedules, aiming at maximizing renewable self-consumption or facilitating
energy balance across communities. Reported results indicate substantial performance improvements
compared to baseline scenarios without coordinated charging, particularly in contexts with high re-
newable generation at the workplace. However, these approaches generally rely on aggregated or
simplified representations of EV availability and mobility, limiting their ability to capture heteroge-
neous usage patterns and realistic constraints at the individual vehicle level.
In parallel, a growing body of literature has focused on modeling and predicting EV charging behavior
using data-driven methods [12]. Clustering-based approaches have been proposed to characterize
typical charging sessions [13, 14] or user profiles [15]. Supervised learning and similarity-based
methods have been applied to forecast charging duration, energy demand, or flexibility potential [16].
Although these methods demonstrate promising predictive performance, they are often restricted to
a single charging context, such as residential or workplace charging, and frequently rely on user-
declared charging demand as a proxy for mobility needs. Empirical evidence suggests that such
assumptions are problematic, as EV users tend to systematically overestimate required charging due
to driving range anxiety [4], leading to structural biases in forecasting and optimization processes.
Existing work has integrated EV charging forecasts into energy management frameworks, notably
through day-ahead optimization combined with rule-based real-time control in RECs [18]. However,
EV behavior is typically represented via aggregated or synthetic demand profiles, without explicit
user- or session-level modeling. Recent data-driven approaches improve short-term charging demand
prediction at the station level using ensemble and deep learning methods [19], yet they still infer
behavior implicitly and overlook individual mobility patterns and user heterogeneity.
Consequently, current energy management frameworks for RECs lack behaviorally grounded models
capable of accurately predicting where vehicles will travel, how much energy they will require, and
how long they will remain connected across multiple locations, which is necessary to optimize self-
consumption and energy exchanges. This limitation is particularly critical for coordinated charging
and discharging strategies operating under regulatory constraints. Inaccurate assumptions about EV
availability or energy needs can significantly reduce flexibility and self-consumption gains.
To address these challenges, this work develops and evaluates data-driven methods for predicting
EV mobility and charging behavior from the perspective of individual vehicles across trips and loca-

1Directive (EU) 2018/2001 of the European Parliament and of the Council of 11 December 2018 on the promotion of
the use of energy from renewable sources. http://data.europa.eu/eli/dir/2018/2001/oj

2Directive (EU) 2019/944 of the European Parliament and of the Council of 5 June 2019 on common rules for the
internal market for electricity and amending Directive 2012/27/EU. http://data.europa.eu/eli/dir/2019/
944/oj
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tions. The proposed approach combines behavioral prediction with smart charging and discharging
strategies designed to exploit EV flexibility within RECs while explicitly accounting for regulatory
constraints, thereby enabling more efficient integration of electric vehicles, increasing local renewable
energy utilization, and enhancing system-level flexibility and resilience. Finally, the proposed meth-
ods are evaluated through simulation using synthetic mobility data, enabling a systematic assessment
of predictive performance and energy system impacts under controlled conditions.

2. Methodology
2.1. Datasets
A major limitation identified in the literature is the lack of accessible, open EV datasets that adopt
a vehicle-centric perspective. Existing datasets focus on charging infrastructure, reporting isolated
charging sessions at specific locations (e.g., workplace or public chargers) without capturing the ve-
hicle’s complete mobility. Such charger-based datasets do not provide information on where the EV
comes from or goes to. However, when EVs act as flexible transport of local electricity surpluses, it
is necessary to know each EV’s full travel path. This includes trip sequences, parking locations, and
charging opportunities throughout the day. To overcome these limitations, this work combines real
REC energy data with synthetic EV mobility profiles that explicitly model EVs’ full daily behavior.

2.1.1. REC datasets

The energy data used in this study originates from RECs managed by WeSmart3, a company that
facilitates energy sharing within communities in Belgium. These datasets provide realistic electric-
ity consumption and surplus-injection profiles, measured at 15-minute resolution over a full year.
They are anonymized real-world datasets collected from the operational management of a residen-
tial community and a workplace-based community in Brussels, Belgium. These datasets are used to
characterize the temporal availability of local electricity surplus that could be absorbed by EVs.

2.1.2. Synthetic EV mobility and charging dataset

Due to the absence of open datasets providing complete EV mobility trajectories, synthetic EV pro-
files were generated using emobpy [20], an open-source Python-based tool that generates electric ve-
hicle time series from empirical mobility statistics, vehicle physical characteristics, and user-defined
behavioral assumptions. For each EV, emobpy produces four complementary time series: vehicle
mobility, driving electricity consumption, EV grid availability, and EV grid electricity demand. The
final time series generated was processed in order to create a charging sessions dataset.
Profiles are generated using a Monte Carlo approach with probabilistic input assumptions. This en-
sures variability. Charging infrastructure availability depends on the location (home, workplace, or
public), each of which is associated with a specific nominal charging power.
To reflect heterogeneous mobility behaviors, five representative driver profiles were defined, each
characterized by distinct travel patterns. The main assumptions underlying each profile are:

• Delivery person: high activity level during weekdays (average of 5 trips/day). It includes a daily
commute of approximately 1 hour (to start and end the working day) and multiple work-related
trips. Charging opportunities vary and include workplace and public infrastructure.

• Commuter: regular and structured weekday mobility (average of 2.3 trips/day), dominated by
home-to-work and work-to-home travel. Charging is mainly available at home and workplace.

• Parents: moderate activity level (3 trips/day on average), characterized by trip chaining (e.g.,
escorting children, errands), leading to more variable schedules and intermediate stops. Charg-
ing opportunities are mixed across home, public locations, and workplace.

• Remote worker: low mobility (2.1 trips/day on average) and high presence at home compared
to others. Less structured trips and more flexible in timing. Primary reliance on home charging.

3https://wesmart.com/en

3

https://wesmart.com/en


• Unemployed: low and irregular mobility demand (2.1 trips/day on average), with no commut-
ing. Remain at home for several consecutive days. Charging is predominantly home-based.

During weekends, mobility patterns across all profiles are assumed to converge toward similar be-
havior, with reduced differentiation compared to weekdays. The relative probabilities of these driver
types were adapted based on European mobility studies [21, 22], ensuring consistency with observed
travel patterns. For each category, specific constraints on trip frequency, destinations, and parking
durations were applied, allowing the synthetic dataset to capture realistic inter-user diversity.
The final EV dataset comprises 1,000 users (200 per driver type). All time series are sampled at a 15-
minute resolution and span 53 weeks for training data and 4 weeks for testing data (Monday-Sunday).
The data generation process assumes a “typical” or steady-state week throughout the entire period,
i.e., without accounting for seasonal effects such as holidays, school closures, or atypical events.
The generated datasets are publicly available on Dataverse [24]. All code used for dataset generation
is openly accessible on GitHub4, ensuring full reproducibility of the data used in this work.

2.2. Simulation setup and data completion
All simulations were conducted at the individual EV level for 1000 profiles. To enable charging and
discharging decisions, several variables were initialized, computed, or predicted. The initial state
of charge (SoC) was set to 50% for all EVs. During the simulation, the following variables are
completed for each EV: 1) battery energy level (kWh), 2) energy charged from the REC (kWh), 3)
energy charged from the grid (kWh), 4) predicted next destination, 5) predicted plug-out time (hours),
and 6) predicted energy required for the next trip (kWh).

2.3. Prediction of the charging patterns
The prediction of EV mobility patterns is addressed from an EV-centric perspective. The prediction
problem is decomposed into three tasks: 1) the prediction of the next destination (multiclass clas-
sification); 2) the prediction of the energy required for the upcoming trips (regression); and 3) the
prediction of the duration of the current charging session (regression).
Five models drawn from two methodological families are adapted to the EV-centric perspective. The
adaptations consist of augmenting each model with a next-destination prediction component and re-
placing the energy-charged variable with the net energy required to cover the consumption anticipated
before the subsequent charging session. First, the family of behavioral models aims to capture charg-
ing habits and mobility patterns by either identifying latent sessions or driver types through clustering,
or by identifying historically similar sessions. The models used are the following: Population-level
Gaussian Mixture Model (BEH-GMM-P), Individual-level Gaussian Mixture Model (BEH-GMM-
I), 2-step sessions and users clustering (BEH-2Step-Clust), and Similarity-based predictions (BEH-
SimS). Second, the family of predictive models uses supervised learning to maximize predictive ac-
curacy, here via a tree-based model: Light Gradient Boosting Machine (TREE-LGBM).

2.3.1. Behavioral - Population-level Gaussian Mixture Model (BEH-GMM-P)

BEH-GMM-P [13] models EV charging behavior using a Gaussian mixture fitted on the set of charg-
ing sessions aggregated across all EVs. A Gaussian Mixture Model (GMM) [25] represents a prob-
ability distribution as a weighted sum of Gaussian components, where each can be intuitively inter-
preted as capturing a distinct underlying subpopulation within the data. Each component represents a
latent charging session type characterized by typical arrival time, charging duration, and consumption
for the next trip. By learning these shared patterns across the population, the model captures common
charging and mobility behaviors to generate predictions even with limited or no historical data.
Predictions are obtained by conditioning the learned mixture on the observed arrival time of the cur-
rent session. The predicted session duration and energy demand are then computed as conditional

4https://github.com/vicvrl/EV_profiles_generation.git
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expectations across the components. In addition, the model predicts the EV’s next destination. Dur-
ing training, each mixture component is associated with a categorical distribution over destinations
learned from the historical sessions assigned to that component. Given the arrival time, the proba-
bility of each destination is obtained by marginalizing over the mixture components. The predicted
destination is then taken as the most probable class under this distribution.

2.3.2. Behavioral - Individual-level Gaussian Mixture Models (BEH-GMM-I)

While the BEH-GMM-P captures common charging patterns across the population, EV users often ex-
hibit regular individual charging habits. To capture these personalized behaviors, an Individual-Level
Gaussian Mixture Model (BEH-GMM-I) [13] is trained on each EV’s historical charging sessions.
Predictions are obtained using the same conditioning procedure as in BEH-GMM-P, but using mixture
parameters learned from the historical sessions of the corresponding EV. This exploits correlations be-
tween arrival time, session duration, energy consumption, and destination within each EV’s historical
charging behavior, enabling personalized predictions.

2.3.3. Behavioral - Two-step user clustering and predictions (BEH-2Step-clust)

To acknowledge the intra-user variability in behavior across time of day and charging location, a
two-step clustering approach is considered [15]. First, a population-level GMM is used to define a
typology of charging sessions based on a feature set capturing session characteristics and near-term
mobility demand. Sessions are described using four features: connected duration, the next distance
between two sessions (DBS), hours between two sessions (HBS), and the plug-in time. The number
of clusters is selected using the Bayesian Information Criterion (BIC) and the elbow method.
Second, each driver is represented by a portfolio describing the proportions of their sessions by session
type. Users are then clustered into archetypes using a hierarchical clustering algorithm. These work
by grouping similar data points based on their similarity into trees of clusters. The idea is to begin
with each data point as its own separate cluster and then merge or split them based on their similarity.
For prediction, the model adopts a hybrid approach combining the learned clustering structure with
supervised learning. At inference time, the session cluster of a new observation is not directly inferred
from the GMM, as several input features (e.g., DBS or HBS) are not observable at plug-in time. In-
stead, a lookup-based procedure assigns the most likely session cluster by matching the current ob-
servation to historical sessions with similar characteristics. This matching is performed hierarchically
using the user cluster, charging location, and plug-in time within a configurable temporal window.
If no exact match is found, the procedure progressively relaxes these constraints to ensure a robust
assignment. The inferred session cluster, together with observable features such as user identifier,
user cluster, plug-in time, charging location, and arrival state of charge, forms the input to a set of
supervised learning models. Gradient boosting models are trained to predict three key outcomes: the
next destination (classification task), the next charging state (regression), and the connected duration
(regression). It was stated that the gradient-boosted decision tree implementations [16] demonstrated
particular effectiveness in EV charging applications while efficiently handling heterogeneous feature
types and nonlinear relationships inherent to user charging behavior.
Although connected duration is both a GMM clustering feature and a downstream prediction target,
no circularity arises: the GMM is fitted exclusively on completed historical sessions where all four
features are fully observed, while at inference time the session cluster is assigned via the lookup pro-
cedure using only plug-in-time observables (user cluster, location, and plug-in time), so the duration
of the incoming session is never required nor used.

2.3.4. Behavioral - Similarity-Based prediction model (BEH-SimS)

The SimS model, adapted from [16], predicts charging session outcomes by retrieving historical ses-
sions most similar to the current charging state. Unlike parametric models, SimS is an instance-based
method that does not require training. Each session is represented by a numerical feature vector
composed of temporal and contextual features. Temporal information is encoded using the plug-in
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timestamp (hour of day, month, and day of week). To preserve the periodic nature of these variables,
each temporal feature is transformed using sine and cosine representations. In addition, categorical
variables, including the user identifier and the charging location, are encoded using one-hot encoding
to capture user-specific charging habits and contextual differences across charging locations.
For a new session, similarity with each historical session is computed using cosine similarity.Only
sessions occurring prior to the current timestamp are considered in the similarity search to ensure
a strictly causal prediction setting. The m most similar sessions are selected, and predictions are
derived from their observed outcomes. Specifically, the predicted next destination is obtained as the
mode of the retrieved sessions, while the predicted energy consumption for the next trip and the
charging session duration are computed as the mean values across the selected sessions.
By incorporating user identifiers as features, SimS naturally exploits both within-user historical pat-
terns and cross-user behavioral similarities when retrieving relevant past sessions.

2.3.5. Predictive - Tree-Based predictive model (TREE-LGBM)

Light Gradient Boosting Machine (LGBM) models are particularly well-suited for tabular data, and
tree-based methods have demonstrated strong predictive performance in modeling EV behavior [16].
LGBM sequentially builds an ensemble of decision trees, where each tree partitions the feature space
into regions with similar target values. At each iteration, a new tree is trained to correct the ensemble’s
residual errors, allowing the model to capture complex and non-linear relationships [17].
As the three tasks correspond to distinct outputs and learning objectives, separate single-output LGBM
models are trained per task. Categorical variables are encoded as one-hot vectors, enabling the model
to capture place- and user-specific effects. Key hyperparameters considered include the number of
leaves, maximum tree depth, learning rate, minimum data in a leaf, and regularization terms. These
parameters control the complexity of the trees and the learning dynamics of the boosting process.
Hyperparameters are tuned using the Tree-structured Parzen Estimator (TPE) algorithm.

2.3.6. Evaluation

Model performance is evaluated separately for regression and classification tasks. For charging du-
ration and next consumption between sessions (CBS), formulated as regression problems, accuracy
is quantified using the Mean Absolute Error (MAE), reported in the natural units of the target vari-
able (hours for duration and kWh for CBS), and the Symmetric Mean Absolute Percentage Error
(SMAPE), which captures relative prediction error. For next-destination prediction, formulated as a
multiclass classification problem, performance is measured by the success rate, defined as the propor-
tion of charging sessions in which the predicted destination matches the observed destination.

2.4. Charging and discharging recommendation algorithms
The proposed recommendation algorithm, illustrated in Figure 1, determines charging and discharg-
ing actions for EVs connected to charging infrastructure within RECs. Its primary objective is to
maximize local renewable energy self-consumption while ensuring that each EV satisfies its expected
mobility needs. The algorithm operates at each plug-in event and provides charging or discharging
recommendations over the entire predicted connection duration.
Unlike centralized scheduling approaches, the algorithm follows a rule-based decision logic that in-
tegrates predicted mobility behavior, local energy availability, and battery constraints.

Plug- in time

Current location

Arrival SoC

Battery capacity

Prediction

Expected plug-out time

Expected next charging 

destination

Expected driving energy 

demand

Charging and 

discharging 

recommendations

Figure 1: Flowchart of the recommendation algorithm
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2.4.1. Inputs and Prediction

Upon plug-in, the algorithm receives the following inputs: 1) the plug-in time and location, 2) the
arrival state of charge (SoC), and 3) the battery capacity. Based on these inputs, the prediction module
provides 1) the expected plug-out time, 2) the next charging destination, and 3) the expected driving
energy demand until the next charging session.
Locations classified as home or workplace are assumed to belong to RECs with local renewable
production, while public locations are treated as grid-only access points.

2.4.2. Energy requirement formulation

The energy required to guarantee the next mobility period (Eneeded) is defined as the sum of the
predicted energy (i.e., expected driving energy demand until next charging event), and an unpredicted
amount of energy accounting for safety margins related to driving range anxiety factor. As in [27],
we use a factor of 1.5 (i.e., the unpredicted energy is 1.5 times the predicted one). Minimum and
maximum energy thresholds are enforced to avoid excessive battery degradation by maintaining the
SoC above a predefined lower bound (20%) and a predefined higher bound (80%) [28].

2.4.3. Charging and discharging decision logic

When the EV plugs in, a first decision is made based on the state, predicted future action (Eneeded,
next destination), and the current charging location.
Non-REC locations (public, fast charging): The EV only charge until Eneeded is reached. The goal
is to minimize the charging at those places.
REC-connected locations (home, workplace): Figure 2 illustrates the workflow of charging and
discharging recommendations when plugged at a REC.

• If the predicted renewable surplus during the connection exceeds Eneeded, charging is supplied
exclusively from the local surplus until the predefined upper SoC limit is reached.

• If the surplus is insufficient, the algorithm prioritizes renewable charging and complements the
remaining energy demand with grid supply as early as possible.

At a REC, discharging may also be recommended to support renewable consumption during periods
of renewable production deficit. The discharged energy is constrained by the available battery energy
beyond Eneeded, the renewable-origin energy stored in the battery and the maximum discharge power.

Current t ime

Current SoC

REC predict ions

SoC<SoChighLimit

Yes

SoC<SoCneeded

No

Consumption f rom grid

Discharge until 

Eneeded

Balanced or surplus Do nothing

No

What are REC 

predict ions?

Yes

What are REC 

predict ions?

Consumption f rom grid

Balanced
What are REC 

predict ions?

Charge until 

SoChighLimit is 

reached
Surplus

Balanced or consumption f rom grid
Charge until Eneeded 

is reached

Surplus

Figure 2: Flowchart of the decision algorithm. Case: the EV is connected to a REC.

2.5. Implementation and constraints
The recommendation process is evaluated in discrete 15-minute intervals over the entire connection
duration. At each time step, the EV may charge, discharge, or remain idle. All actions respect
battery capacity limits, charging efficiency, and power constraints. The algorithm ensures that mobil-
ity requirements are preserved while enabling flexible interaction between EVs and local renewable
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generation. The REC production and consumption predictions are assumed to be reliable over the
considered horizon, allowing the focus to remain on the charging decision logic.

3. Results and discussion
This section presents the predictive performance of the proposed models and evaluates their impact
on smart charging strategies through simulation. The code can be found in the GitHub repository5.

3.1. Prediction Results
Table 1 presents the predictive performance of the proposed models for the three target variables:
next destination, session duration, and energy consumption of the next trip. Destination prediction
is evaluated using accuracy, while session duration and energy consumption are assessed using mean
absolute error (MAE). The corresponding SMAPE values are reported in parentheses.
For destination prediction, the TREE-LGBM model achieves the highest accuracy, reaching 68%.
The BEH-2Step-Clust and BEH-SimS approaches follow, while the BEH-GMM-P and BEH-GMM-I
obtain slightly lower performance. Regarding session duration prediction, BEH-2Step-Clust provides
the lowest MAE (3.81 h), indicating the best performance for this task. TREE-LGBM and BEH-SimS
yield intermediate errors, while BEH-GMM-I and BEH-GMM-P show higher errors. In terms of
relative error, BEH-SimS achieves the lowest SMAPE (65%), although its MAE remains higher than
that of BEH-2Step-Clust. For energy consumption prediction, all models exhibit similar performance.
The BEH-GMM-P approach achieves the lowest MAE (0.11 kWh) and SMAPE (61%). Overall, the
results indicate that performance depends on the prediction task. The SMAPE values are consistent
with MAE results and do not modify the ranking of the models. This indicates that absolute and
relative error metrics convey similar information in this context, providing limited additional insight.

Table 1: Prediction performance of the different models for the three tasks

Model Destination Acc. ↑ Duration MAE (h) (SMAPE) ↓ Consumption MAE (kWh) (SMAPE) ↓
BEH-GMM-P 63% 7.67 (74%) 0.11 (61%)
BEH-GMM-I 63% 7.24 (72%) 0.11 (62%)
BEH-2Step-Clust 67% 3.81 (70%) 0.12 (64%)
BEH-SimS (m=50) 67% 6.47 (65%) 0.12 (76%)
TREE-LGBM 68% 5.91 (72%) 0.12 (63%)

A more detailed analysis reveals heterogeneity across location contexts. Session duration prediction
is notably more challenging in residential settings, likely due to higher variability in user behavior
compared to workplace or public charging environments.
In contrast, energy consumption prediction exhibits relatively stable performance across locations
and models. The observed differences are marginal and correspond to a small fraction of total battery
capacity, suggesting limited practical impact in the studied dataset. However, this observation may
not generalize to scenarios with higher variability in charging demand.
Finally, destination prediction accuracy is systematically higher in public charging contexts, indicat-
ing more regular and predictable mobility patterns. Across all tasks, LGBM demonstrates the most
consistent and robust performance, while SimS remains a competitive alternative specifically for des-
tination prediction.

3.2. Simulation results
This section presents simulation results for the different smart charging strategies and compares them
with the non-smart baseline (noSM) and the ideal predictive benchmark, i.e., an oracle case with an

5https://github.com/vicvrl/EV-as-mobile-batteries-predictions-and-simulations.
git
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hypothetic 100%-accurate predictor (SM ORACLE). A second non-smart strategy (noSM noPublic)
is simulated, which considers a potential incentive for the driver to charge only at home or work.
The analysis is structured around three main questions: 1) the improvement in EV self-consumption
relative to noSM, 2) the reduction in grid use enabled by the EV support at both RECs, and 3) the
impact of prediction errors, assessed by comparison with the oracle strategy.

3.2.1. Improvement in renewable energy self-consumption

The mean monthly self-consumption per EV, averaged across all simulation runs and separated by
plugin location, is shown in Table 2. As expected, noSM and noSM noPublic (not in the table) exhibit
values close to zero. This reflects typical user behavior, in which charging predominantly occurs in
the evening after returning home, i.e., outside local photovoltaic production. The noSM noPublic
configuration shows slightly higher values, but the difference remains negligible, confirming that
infrastructure alone does not significantly enhance self-consumption in the absence of coordinated
control.

Table 2: Mean monthly self-consumption per EV (kWh) by strategy and location (home and workplace). Values are
averaged over all simulation runs. In parentheses are the self-consumption gap to oracle (%).

Home (kWh) Workplace (kWh)
Strategy Jan Mar Jun Oct Jan Mar Jun Oct
SM BEH-GMM-I 18.80 (48.7) 93.50 (44.8) 213.15 (32.7) 79.48 (49.9) 0.46 (43.9) 2.78 (53.7) 10.67 (48.5) 1.24 (53.5)
SM BEH-GMM-P 19.47 (46.8) 94.75 (44.0) 211.86 (33.1) 79.92 (49.6) 0.46 (43.9) 2.78 (53.7) 10.66 (48.6) 1.25 (53.0)
SM BEH-SIMS 21.60 (41.0) 112.71 (33.4) 238.73 (24.6) 97.56 (38.5) 0.30 (63.4) 2.20 (63.4) 10.18 (50.9) 0.99 (62.8)
SM BEH-2Step-Clust 4.80 (86.9) 51.21 (69.8) 138.37 (56.3) 46.94 (70.4) 0.31 (61.9) 3.56 (40.8) 13.43 (35.2) 1.63 (38.5)
SM TREE-LGBM 18.12 (50.5) 94.94 (43.9) 205.85 (35.0) 84.18 (46.9) 0.24 (70.3) 1.88 (68.7) 8.91 (57.0) 0.69 (74.0)
SM ORACLE 36.63 169.32 316.75 158.57 0.82 6.01 20.72 2.66

Overall, all smart charging strategies significantly improve self-consumption, though the magnitude
of the improvement varies by month and location. At home, substantial gains are observed for all
smart strategies. The highest improvements occur in June, which is consistent with increased PV
generation during summer and higher availability of surplus energy. This highlights the strong depen-
dency of smart charging performance on renewable generation.
A ranking of the strategies can be observed. While, SM BEH-SIMS achieves the highest performance,
SM BEH-GMM-I, SM BEH-GMM-P, and SM TREE-LGBM achieve comparable, consistently high
performance. In contrast, SM BEH-2Step-Clust is worse at home. This can be attributed to its lower
ability to accurately predict long charging sessions happening essentially at home, which are critical
for aligning charging with local PV production.
At the workplace, self-consumption remains significantly lower across all strategies. This can be ex-
plained by a combination of factors: (1) the workplace REC already exhibits a high level of intrinsic
self-consumption, leaving limited surplus available for EV charging, and (2) EV often arrive with rel-
atively high SoC, reducing charging needs during working hours. As a result, most energy exchanges
occur at home rather than at the workplace. Interestingly, the SM BEH-2Step-Clust strategy performs
comparatively better at the workplace than at home, suggesting that it is more effective at capturing
workplace charging patterns, which tend to be more regular and predictable.
Finally, the results reveal a seasonal effect. Gains are highest in June, intermediate in March and
October, and lowest in January. This confirms that smart charging strategies are strongly influenced by
PV availability, with higher generation leading to more frequent surplus periods and more favorable
charging opportunities. These findings underscore the importance of evaluating control strategies
across contrasting seasonal conditions rather than relying on a single representative period.

3.2.2. Impact of prediction errors: comparison with the oracle scenario

The predictive strategies were compared with an oracle scenario (perfect foresight) to isolate the loss
attributable to imperfect forecasts. Table 2 reports, in parentheses, the self-consumption gap to the
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oracle benchmark at both locations. At home, the best method (SM BEH-SIMS) remains 25-41%
below the oracle, depending on the month, with the smallest gap observed in June when higher PV
availability facilitates alignment. At the workplace, SM BEH-2Step-Clust narrows its gap to 35-62%.
SM BEH-GMM-I and SM BEH-GMM-P remain quasi-identical across all configurations, indicating
that individualizing the GMM yields no measurable gain for the dataset used.

3.2.3. Reduction in grid use and REC support

The second objective of the analysis is to evaluate the reduction of electricity imported from the
grid. This is assessed by the reduction in residual grid draw after EV support relative to noSM (no
discharging). Table 3 shows the relative reduction in grid use at home achieved by each strategy
compared to the noSM. Overall, smart charging strategies reduce residual grid draw, confirming their
ability to better align EV charging with locally available energy.
The magnitude of the reduction varies across both strategies and months. The strongest improvements
are observed in June, reaching up to 1.21% for the SM ORACLE strategy, followed by March and Oc-
tober, while January exhibits the lowest gains. This seasonal trend is consistent with self-consumption
results. It reflects higher PV availability during spring and summer, creating more opportunities to
overcharge EVs, allowing them to later discharge RE into the REC.
Among the predictive strategies, SM BEH-GMM-I, SM BEH-GMM-P, and SM TREE-LGBM exhibit
similar performance, achieving reductions close to 0.7-1.0% during favorable months while SM BEH-
SIMS achieves the best performance. In contrast, the SM BEH-2Step-Clust approach systematically
underperforms, with reductions approximately half those of the best-performing methods. This con-
firms its lower ability to capture charging flexibility, particularly for longer and less regular home
charging sessions.
It should be noted that the reductions reported in Table 3 remain below 1.5%, as the metric is ex-
pressed relative to total REC consumption, which includes all non-EV loads beyond the reach of
smart charging. Additionally, the present study models a single EV operating across two renewable
energy communities, which represents a conservative setting: the absolute grid benefit per commu-
nity is inherently limited by the energy volume of a single charging session (EV battery capacity
and charger power). These results should therefore be understood as a per-vehicle lower bound, with
greater absolute reductions expected as community EV penetration increases.

Table 3: Relative reduction in residual grid draw at the residential REC compared to noSM, reported by month (%).

Residual grid draw - Home (%)
Strategy Jan Mar Jun Oct
SM BEH-GMM-I 0.236 0.777 0.980 0.713
SM BEH-GMM-P 0.300 0.775 0.905 0.817
SM BEH-SIMS 0.285 1.001 1.075 0.918
SM BEH-2Step-Clust 0.089 0.428 0.695 0.370
SM TREE-LGBM 0.222 0.757 0.868 0.702
SM ORACLE 0.323 1.180 1.209 1.046

4. Conclusion
This paper investigated the prediction of EV charging behavior using complementary modeling ap-
proaches, including probabilistic clustering methods and a tree-based model, addressing three key
tasks: next destination, session duration, and energy consumption. The resulting predictions were in-
tegrated into a simulation framework spanning two RECs and public charging infrastructures through
a rule-based smart-charging and discharging recommendation algorithm.
Results confirm that smart charging strategies effectively improve self-consumption and reduce grid
dependency, with gains most pronounced when PV availability is highest. Predictive strategies re-
cover a substantial share of the oracle scenario, demonstrating that accurate behavioral forecasting
translates into measurable energy community benefits, even under imperfect predictions.
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Several limitations remain. The framework models a single EV, and extending it to multi-vehicle
communities represents a natural and promising direction, where fleet-level coordination could yield
substantially larger grid benefits. The synthetic dataset used for training assumes temporally homo-
geneous charging behavior, with no seasonal variation in EV usage patterns; including the seasonal
structure of the charging session with national and school holidays, e.g., represents an important direc-
tion for future work. More broadly, EV usage is inherently stochastic and shaped by factors difficult
to capture from historical data alone, such as days off and atypical patterns. Incorporating user input
directly into the prediction pipeline, for instance through calendar integration or contextual queries
regarding planned departures or upcoming trips, could significantly reduce this uncertainty and im-
prove scheduling decisions. Finally, real-world deployment would require accounting for electricity
price signals, battery degradation, and driver feedback, all of which are left for future work.
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