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ARTICLE INFO ABSTRACT
Keywords: This study presents an updated version of the CityLearn Gym environment by integrating a stochastic data-driven
Reinforcement learning (RL) vehicle-to-building model. To this end, EVs are modeled as local mobile storage using stochastic behavior derived

Soft actor-critic (SAC)

from a real-world charging dataset, considering uncertainties in EV arrival/departure times, battery capacity,
Energy management system (EMS)

Smart microgrid (SMG) and t.he arrival state of charge (SoC). Then, the model is integrated vs{itl}in CityLearn tf) use.a reinforcement

Distributed energy resources (DER) learning-based energy management system (EMS) to control and optimize a smart microgrid’s energy con-

Electric vehicle (EV) sumption and storage systems. A real-world microgrid in Norway is used to evaluate system performance under
three scenarios, including one where solar panel (PV) generation is shared across buildings. The main objective is
to provide energy flexibility by enhancing the self-energy consumption of solar generation by finding the optimal
control policy for storage systems, which are batteries and EVs. The proposed EMS is designed using the soft
actor-critic (SAC) algorithm to coordinate among the different flexible sources by defining the priority resources
and direct charging control signals. Three scenarios are investigated and the shared scenario, which in PV
generation can be shared between buildings, has had the best performance. The performance of the EMS is
evaluated by five key indicators. The results show that the self-consumption ratio of microgrid has been
increased up to 23 % and daily peak power has been reduced by up to 20 % compared to RBC as a conventional
method. This highlights the impact of storage systems, especially EVs, on the microgrid performance to increase
the penetration of solar energy through the energy transition and the potential of RL in advancing intelligent
EMS design for future energy systems.
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1. Introduction

To deal with some global challenges such as climate change, envi-
ronmental hazards, and resource limitations, it is necessary to pursue
sustainable development through the global energy transition. The En-
ergy Transition Outlook 2022 by DNV introduces several scenarios for
this energy transition [1], projecting that renewable energy sources
(RES) such as solar and wind are expected to contribute 64 % of global
electricity generation by 2050. Among these, solar energy, especially
solar Photovoltaic (PV) systems, is expected to increase more than
20-fold from 2019 to 2050, making it the dominant source, representing
approximately 70 % of the RES mix by 2050. In addition, the Interna-
tional Energy Agency (IEA) World Energy Outlook 2022 also emphasize
the need for policies and regulations to facilitate the integration of solar
energy into power systems, along with the development of supporting
technologies such as energy storage and demand-side management
systems that employ advanced technologies to optimize energy con-
sumption and sustainability and reduce costs and emissions [2].

1.1. Motivation

The one that can greatly change energy usage by integrating sus-
tainable resources, enhancing efficiency, and improving supply security
is the smart microgrid (SMG). The concept of an SMG refers to an
electrical distribution grid that incorporates smart energy meters
(SEMs), RESs, energy storage systems (ESSs), and communication net-
works to supply local consumers [3]. An SMG can operate in parallel
with the main grid to fully exploit distributed energy resources (DERs)
or islanded to provide a reliability guarantee for local service when there
is a failure in the main utility grid [4]. One of the recent popular energy
systems is the electric vehicle (EV), which is rapidly growing due to the
advantages of high efficiency, low emissions, and energy saving. EVs are
expected to account for 80 % of passenger cars by 2050 [1]. This can
offer new opportunities for energy transition. However, this increased
adoption of EVs also leads to higher electricity consumption within the
grid. Therefore, EVs have become the focus of much research and are
favored by a lot of countries around the world, especially Norway.
Norway is leading the adoption of EVs with an 88 % sales share in 2023
[5].

Since EVs typically remain parked in a charging station for a longer
time than the actual charging time, it is possible to shift the EV charging
load in time. The use of Vehicle-to-Grid (V2G) or Vehicle-to-Building
(V2B) technology enables the discharge of energy from EV batteries to
the grid or local buildings. All these smart and integrated systems add
complexity and peak power for the grid, although they have a lot of
environmental and economic benefits. This highlights the critical
importance of a well-designed and effective energy management system
(EMS) in achieving goals like energy consumption reduction, balancing
supply and demand, increasing RES utilization or flexibility, and mini-
mizing costs [6]. Therefore, further research efforts are needed to focus
on improving EMS in real-world Smart Grids (SGs) and SMGs, which can
be considered different new energy systems and their integration. This
can be done by an Artificial Intelligence (AI) EMS. One of these Al
methods is Reinforcement Learning (RL), an area of Machine Learning
(ML) where an agent learns an optimal control policy through experi-
ence from interaction in an environment [7]. RL control has some ad-
vantages that make it a preferable control algorithm for use in complex
energy systems. RL outperforms conventional methods by providing
model-free, adaptive control that learns optimal energy management
strategies directly from data and real-time interaction [8]. Unlike
rule-based or optimization-based methods, which rely on predefined
rules or require precise system models, RL-EMS dynamically adapts to
uncertainties in PV generation, load demand, and EV behavior. It is
scalable in multi-agent environments and optimizes long-term
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performance goals, such as maximizing PV self-consumption and mini-
mizing peak loads. Some studies show how RL techniques can be applied
to EMS in various domains, including smart MGs, with the increasing
regional expansion of RESs.

1.2. Literature review

Several similar works are reviewed and categorized in three aspects:
RL EMS in an SMG, EV model, and control systems, and a short review of
different frameworks for implementing RL EMS. A comprehensive re-
view of the advantages of RL algorithms in adapting to dynamic envi-
ronments and optimizing complex systems was presented [9]. In
addition, RL concepts, algorithms, and their practical implementation in
power and energy systems were reviewed in another paper [10] high-
lighting the challenges of dealing with uncertain future system infor-
mation and the strategies employed by RL algorithms to handle them,
such as value function approximation and regular entropy learning.
Moreover, it discussed the lack of an in-depth analysis or comparison of
the performance of different RL algorithms in specific scenarios, in
addition to using RL in real-world energy systems [10]. An RL-based
EMS for smart energy buildings in a smart grid environment was dis-
cussed [9]. The system integrates various distributed energy sources,
including RESs, ESSs, and V2G stations, to optimize energy consumption
and reduce operating costs. The key contribution lay in modeling the
EMS using Markov Decision Process (MDP) and proposing an RL-based
algorithm to minimize energy costs under uncertain future informa-
tion. Additionally, the challenge of coordinating energy management in
a complex building was addressed [11]. It highlighted the need for
advanced control strategies to maximize energy flexibility and minimize
costs and greenhouse gas emissions. While the paper provided signifi-
cant contributions, it only focused on a centralized Deep RL (DRL)
approach, and future research could investigate decentralized DRL ap-
proaches and compare their performance. Moreover, a real-time dy-
namic optimal EMS solution for MGs based on DRL was developed [12].
This research showed the effectiveness and computational efficiency of
the proposed method through a case study. Although it has a lack of
exploring coordinated operation mechanisms for multiple MGs.

RL algorithm, specifically the Iterative Q (FQI), was used to optimize
the charging of EVs in an office building with rooftop PV [13]. The goal
was to maximize the self-consumption of locally generated solar energy
by shifting EV charging from morning to afternoon when PV production
is higher. However, it did not investigate the impact of different EV
charging strategies on grid stability, investigated dynamic pricing
mechanisms or demand response strategies, and did not evaluate the
integration of battery storage systems to enhance self-consumption and
grid interaction capabilities further. An overview of SG and the role of
DER in modern power infrastructure was provided [14]. It highlighted
the importance of technologies such as Al Internet of Things (IoT), and
Blockchain (BC) in increasing the performance and efficiency of SGs.
These technologies facilitate the transition from conventional
fossil-fuel-rich grids to DER-based SGs, enabling a two-way flow of
power and data between peers in power system grids. However, the
paper lacks specific examples or case studies to demonstrate the prac-
tical implementation and benefits of these technologies in real-world
smart grid scenarios.

Afterward, a new approach using Al and ML algorithms to improve
energy management in EVs was introduced in operation [15]. It used
real-time datasets and various ML techniques, including classification,
regression, RL, and clustering, to identify suitable profile patterns to
optimize energy efficiency in electric vehicles. The proposed method
included the development of EV models based on specification analysis,
description of vehicle characteristics, and formulation of energy effi-
ciency considerations. This study showed the effectiveness of ML algo-
rithms in improving energy efficiency in different stages of EVs. Nine
real-world challenges for RL control in grid-interactive buildings
(GIBs) were discussed [16]. It emphasized the need for standardization
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of environments in building control research and advocated the
expression of research within this framework to facilitate fair compari-
sons between state-of-the-art controllers such as model predictive con-
trol (MPC) and RL control.

In addition, a variation on an experience-based approach was
introduced to train DRL agents for energy consumption management in
buildings with ESSs [17]. Addressing aspects such as computational
complexity, scalability, or sensitivity to hyperparameters would in-
crease the completeness of the paper. Further studies can focus on
evaluating the robustness of the proposed approach in real-world envi-
ronments and evaluating its applicability in different building energy
management scenarios. Then, a new approach was proposed that co-
ordinates distributed generation and storage systems with the demand
side to jointly control energy systems, responding to environmental
changes. The performance was investigated under extreme weather
conditions, showing significant reductions in energy demand and peak
power, increasing self-consumption rate and grid independence, and
maintaining suitable indoor thermal comfort conditions [18].

All in all, most existing research in smart energy buildings focused on
calculating energy schedules using predicted day-ahead information
rather than real-time data and real-world scenarios. In addition, real-
world feasibility and scalability evaluation of the proposed approaches
in diverse buildings and EV scenarios can be valuable for more investi-
gation. Further research is needed to validate its performance in real-
world scenarios and explore potential strategies for different penetra-
tion of solar energy generation and ESS capacity. Furthermore, it would
be useful to address potential scalability issues or computational re-
quirements when deploying DRL-based EMS in larger or more complex
microgrids. Some papers are reviewed in detail and presented in Table 1.

Optimizing EV charging scheduling in the SG considering various
uncertain variables remains a challenging problem. As the penetration
of EVs increases, it becomes more critical to address these uncertainties.
Some research investigated the integration of various energy systems
into the grid and here it has reviewed papers with a focus on the inte-
gration of V2G and V2B as a new opportunity for MG. For example,
Mathankumar et al. optimized energy usage in different stages of EV
operation using AI-ML algorithms for EMS [15]. Also, the EV charging
control problem was addressed in the presence of PV generation using
DRL methods. This study proposed mathematical formulations of envi-
ronments with discrete, continuous and parametric action spaces along
with corresponding DRL algorithms to solve them [24]. A
metadata-based EV routing optimization framework aimed at
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minimizing road energy consumption was also developed [25]. The
proposed strategy used the SARSA (State-Action-Reward-State-Action)
RL algorithm to learn the optimal EV travel policy. The simulation re-
sults showed that the proposed framework can reduce the energy de-
mand by 11.04 % and 5.72 % for some EV trips. In this regard, future
research directions could focus on optimizing the hardware imple-
mentation of Al algorithms in vehicles, addressing computational chal-
lenges, and exploring strategies to reduce data interruptions from
external APIs [25]. Another optimal operation method for ESSs in PV
storage charging stations was proposed based on intelligent RL [26]. It
examined the limitations of existing model-based stochastic optimiza-
tion methods by considering the complex operational characteristics of
ESSs and the uncertainty of PV power generation and EV charging load
characteristics. The purpose of the proposed method was to maximize
the income of PV charging stations by optimizing charging and dis-
charging strategies of energy storage in real time.

In another study, the performance of demand-side resilient man-
agement was assessed in response to extreme weather conditions and
future climate scenarios. However, the paper lacks significant effects on
self-consumption and load matching index, because the flexible algo-
rithm was not adjusted when the load was supplied by the PV system.
Further research was suggested to evaluate the effectiveness of inte-
grating a battery system with the proposed flexible algorithm, especially
in scenarios where PV generation is insufficient [27]. Moreover, a novel
stochastic optimization approach was proposed that combines
scenario-based uncertainty description with piecewise hybrid correction
rules for resort decision-making. The proposed EMS was applied to a
real-world rural MG case study and a laboratory-scale MG, demon-
strating reliability and fuel efficiency compared to state-of-the-art
optimization approaches. However, it lacks detailed insight into the
specific mathematical formulation and implementation of the stochastic
optimization approach. In addition, this paper could provide more in-
formation about the computational complexity of the proposed model
and its scalability for larger MG systems with a higher number of sce-
narios and generators [28]. The profitability of PV and battery systems
installed on municipal buildings was also investigated [29], considering
the influence of various factors such as load profile, system size, and
electricity tariffs. It addressed the increasing deployment of hybrid PV
and battery systems globally, driven by declining battery costs and
changing electricity market dynamics. Results showed that small bat-
teries may be profitable when combined with a large PV plant, especially
when no feed-in tariff is granted [29].

Microgrid components KPIs

Key contribution

Table 1
Literature review of RL EMS in microgrids.
Ref. Objective Function RL algorithm
[9] Minimize the operational Q-learning Grid, PVs, EV charging, a
costs storage system, building loads
[12] Maximize the profit Q-learning Grid, PVs, wind and diesel
generators, a storage system,
demand
[19]1  Minimize the operational Q-learning + Decision PVs and diesel generators,
costs Tree Batteries, loads
[20] Minimize the costs Multi-agent Q-learning Grid, gas network, PVs, micro-
CHP, EV battery, loads
[21] Maximizing the overall system DQN, Double DQN, Grid, PVs, Batteries,
efficiency and optimizing the SARSA, REINFORCE, thermostatically controlled
dispatch of local resources Actor-critic, A3C, PPO loads, price-responsive loads
[22] Promoting learning efficiency Multi-agent deep Q- Grid, PVs, wind turbine (WT),
and to ensure benefits network (MADQN) micro-turbine (MT), Batteries,
equilibrium loads
[23] Minimizing the real-time Proximal policy Grid, PVs, wind generators, a

operation cost

optimization (PPO)

storage system, load

Average daily cost,
Daily energy bought
from the grid
Average Energy
Generation Profit of a
DER (AEP)

Fairness Factor (FF)
Electricity Purchased
from Maingrid (EPM)
Total error (Erriogar)

Energy Consumption

Average daily rewards
Training time (min)
Total and daily profit
?

Operation Time (s)
error

Sensitivity Analysis of Learning Parameters,
using real-world data, using time-of-use (tou)
and real-time energy pricing policies.
Sensitivity Analysis of Learning Parameters,
four configurations to assess the performance,
KPI comparison

A combination of RL and decision trees, a
comparison of a decision tree with different
methods

A scenario-based method with the real data, a
comparison an optimization-based study

A comparison of seven deep RL algorithms

Two scenarios, Comparison of Agents’ Benefits
Equilibrium with MARL and SARL,
Comparison of Long-term Performance with
Different Approaches

A comparison with other algorithms: DDPG,
DON, and SP
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The impact of random modeling of occupants’ behavior on the en-
ergy consumption of office buildings was examined [30]. This study
evaluated the uncertainty in the annual electrical energy consumption of
an office building by using different stochastic models to model occu-
pant occupancy and actions. The study method can be extended to
different building types, although the improvement in modeling
complexity requires longer simulation times [30]. Furthermore, a
real-time EMS for hybrid EVs was developed by using RL to increase fuel
consumption and minimize battery degradation with statistical features
of driving conditions, enabling the creation of an adaptive environment
model. However, the proposed strategy has limitations, including the
need for a more comprehensive battery model to manage thermal safety
and the potential challenge of managing large operational spaces.
Therefore, future research directions include integrating RL algorithms
to address scalability issues and conducting real vehicle experiments to
validate the control strategy in practical driving scenarios [31].

A stochastic bottom-up model was introduced to generate residential
EV charging load profiles, taking into account the outdoor temperature
[32]. This eliminates the need for EV data to assess grid effects and
optimal charging strategies. The model used real-world data from resi-
dential charging in Norway to provide hourly load profiles for different
numbers and types of EVs, assuming immediate charging after connec-
tion. However, it lacks specific validation of model accuracy against
experimental data. A detailed case study from Norway was also pre-
sented [33] focusing on the power flexibility potential of EVs in apart-
ment buildings, considering their loads and PV generation. Overall, this
research highlighted the significant potential of residential EV charging
in increasing electricity flexibility and provided practical insights for
real-world applications. However, it could be further enhanced by
examining additional factors such as the integration of ESSs, dynamic
pricing mechanisms, and demand response programs. In addition, con-
ducting field experiments or pilot projects to verify the findings in real
environments will increase the practical application of the proposed
solutions.

There are also some similar papers in order to use RL techniques to
optimize EV charging schedules, with considerations for grid conditions
and RESs in Table 2. However, there is a recurring research gap in
investigating the scalability and real-time applicability of RL-EMS in SGs
and EV charging systems, especially concerning multi-agent or deep RL
models. There is further research needed to enhance the application of
DRL in EV charging control; for example, incorporating additional
sources of flexibility such as considering V2G capabilities, extending the
method to multiple EV and PV installations, and exploring other RL
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methods for multi-objective optimization. The literature review shows
that investigating the scalability and robustness of the RL algorithm in
different EV routing scenarios and real-world deployment scenarios will
be valuable for practical implementation.

It is necessary to take a look at the available simulation environment.
Different simulation environments, such as CityLearn, MPCPy [38],
BOPTEST [39], and Energym [40] are utilized to benchmark building
control algorithms. These environments have various energy systems
controlled to achieve load satisfaction and energy flexibility. While they
rely on robust simulation engines like EnergyPlus and Modelica, which
may pose challenges for users due to their dependencies. Moreover,
these are designed for specific system-level or building-level environ-
ments and do not facilitate district-level control or objectives [8]. Cit-
yLearn, conversely, supports multiple buildings, district-level control,
and multi-agent control without requiring a co-simulation engine,
making it configurable for the benchmarking purposes outlined in this
study [41].

1.3. Contribution

As the literature review establishes the knowledge gap, there has
been a growing interest in data-driven approaches in the modeling and
control of EV charging infrastructure. Consequently, researchers seek to
deploy predictive analysis methods to solve EV charging management
problems with uncertainty. Therefore, the question arises of how to
optimize the relationship between generation capacities, storage op-
tions, and variable demands in an MG. Because, in addition to the RESs,
EVs, in particular, could play a significant role in grid balancing. Thus,
in this work, a stochastic data-driven EV model is developed and inte-
grated with an Al-based EMS within the CityLearn framework. The EMS
deploys the Soft Actor-Critic (SAC) algorithm to learn optimal sched-
uling and charging policies that maximize PV self-consumption in the
microgrid and the reward is defined based on the optimal use of storage
systems to achieve this objective. Incorporating real-time data about the
SMG controlled by an RL-EMS can provide a more practical and realistic
approach to tackling these challenges. Therefore, the model is validated
by employing a real-world case study which is an SMG consisting of
various types of buildings and energy systems. Then, different scenarios
are designed and employed in the model to analyze the effect of PV
capacity and storage systems in enhancing the self-consumption ratio.
Results show that the proposed RL-based EMS significantly improves
self-consumption and other KPIs compared to both a baseline (no con-
trol) and a conventional rule-based control (RBC) strategy.

Table 2
Literature review of RL EV management.
Ref. Objective Function RL algorithm Microgrid KPIs Key contribution
components

[15]  Minimizing the energy Four different AI-ML combinations with ~ EVs
losses of EVs in each IoT
stage

[34]  Maximize the benefits of  Fuzzy logic controller + DRL methods

PVs, EV charging,

EV profile data (Speed,
Velocity, Battery Level
and Torque)

Power flow, mass flow,

Using IoT real-time dataset

TD3-based DRL for controlling power flow,

EV parking lots and FCEVs and daily reward mass flow, and retail electricity prices.
[35] Minimizing costs by Multi-agent Q-learning PVs, EV charging, Average reward Application of MADRL to EV charging
optimizing the charging and Grid scheduling, flexibility and adaptability in

schedules

[24] Maximizing PV self-
consumption and EV SoC
at departure

Double deep Q-networks learning
(DDQN), DDPG, and parametrized deep
Q-networks learning (P-DQN), RBC, and Grid
MPC
[36]  Addressing multiple Deep Q-networks (DQN) EVs
issues related to EV
charging scheduling
[37]1  Minimizing costs Double deep Q-networks learning
(DDQN), Partially Observable Markov

Game (POMG)

PVs, EV charging,
building loads, and

PVs and diesel
generators, EVs,
loads, and Grid

dynamic nature of EV charging by a sequential
decision-making
Grid power, Training A comparison of different control methods with
Time (min), SoC RL

Reward A simulator to generate training data and

scenarios

Reward, Daily routing
and scheduling
decisions

Hybrid Continuous-Discrete Action Space,
Adaptability to Dynamic Conditions,
Integration of Transportation and Power
Networks
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Then, compared to prior studies, the major contributions of this
paper are summarized as follows.

e Development of a stochastic data-driven model of two-way EV
charging stations.

e Integration of the EV model with an RL-based EMS within the Cit-
yLearn environment

e Validation through a real-world Norwegian case study

To achieve these goals, the rest of this paper is organized as follows:
First, we explain the SMG architecture, the proposed V2B model, the
Citylearn environment, and the evaluation process in section 2. Then,
the training hyperparameter settings and the case study are well-defined
in section 3 and the results are reported and contextualized in section 4.
Finally, the conclusion and recommendations for future work are pre-
sented in section 5.

2. Framework and implementation

The problem statement was well-defined in section 1 and it is time to
define the SMG architecture and structural framework. Then, the
methodology consisting of the proposed EV model, CityLearn environ-
ment incorporating RL techniques, and designing a reward function will
be explained afterward. At the end of this section, some parameter
training and Key Performance Indicators (KPIs) for evaluating the per-
formance of the RL-based energy management algorithm within the
CityLearn environment will be introduced. These steps collectively form
the research approach to achieve the desired objectives.

2.1. Smart microgrid architecture

This study assesses the EMS of an SMG, focusing on the objective of
increasing RES penetration by controlling the stationary batteries and
EV batteries as local mobile storage. The architecture of the SMG, as
shown in Fig. 1, involves connections to the grid and various DERs, such
as a PV system, ESSs, and V2B stations as an efficient storage system in
an EMS.

In this research, there are four kinds of datasets in terms of impact on
the SMG based on the control actions by the EMS.

e "Electrical demand" represents the electrical energy demand required
by any smart buildings for their internal energy consumption. In this
research, “Electrical demand” refers to the measured delivered
electrical energy for all purposes including electricity for HVAC,

Fig. 1. Structural visualization of an SMG that is interconnected with smart
buildings, a grid, a PV, ESSs, and V2B stations.
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lighting, and equipment (plug load). The amount of electrical de-
mand is in kWh at each time.

"PV generation" signifies the energy generated by the PV system in
kwh.

"V2B demand" refers to the energy demand of the EV charging station
in kWh. The V2B station has a bidirectional energy exchange capa-
bility with the building. Hence, there are two possible values for V2B,
which can be positive (more EVs requiring charging) or negative
(more EVs requiring discharging). The EV’s battery State of Charge
(SoC) is unknown and subject to control.

"Battery Energy Storage" acts as an energy buffer for load shifting by
exchanging energy at the proper time. The value of SoC is also un-
known and subject to control.

2.2. The proposed V2B model

In this study, EVs are considered as local mobile storage in the SMG,
which contributes to increasing grid flexibility and on-site solar self-
consumption. One of the key contributions is the development of a
stochastic data-driven hybrid model for EVs and then integrating the
model into the CityLearn environment.

To realistically simulate the behavior of EVs while the direct EV
usage data is not available for the case of the study, we used a Norwegian
national dataset published by Sgrensen et al. (2024) [42]. This dataset
contains more than 35,000 home charging sessions from 267 users in 12
locations, providing detailed records of EVs connection and disconnec-
tion times, battery capacity, charging power level, charged energy, and
arrival SoC). Then, a stochastic distribution is applied to generate
random behavior of EVs, which is used in several numbers of research
[30,43-45]. To simulate the EV charging process dynamically, the SoC,
the presence, and the capacity of the EVs are chosen randomly from a
range of numbers from the mentioned real dataset. The number of
charging stations is based on the real-world case study, but the avail-
ability of EVs is based on stochastic scheduling which demonstrates the
number of EVs at the station in each time step. Arrival SoC is typically in
the range of 0.3-0.5, but to have a wider range it is randomly selected
from 0.2 to 0.6. The schedule of each EV is generated based on this
approach and given to the CityLearn.

Moreover, the variety of each charging power is also considered
based on the most common EV Level 2 residential chargers in Norway.
Similarly, EV battery capacities are chosen randomly based on available
most common EV models [46] with higher probabilities assigned to
battery sizes of 60 kWh and 80 kWh [47]. Each building has a different
number of chargers, and each EV has an arrival time domain from 7:00
to 10:00 and a departure time domain from 15:00 to 18:00. These hours
are selected based on typical working time in Norway by considering the
flexible delay period but with a higher probability of early arrivals and
late departures. Although the dataset primarily reflects residential
charging behavior, the patterns confirm that these timing assumptions
are appropriate. The frequencies of these EV Availability Time and
Arrival SoC are illustrated in Fig. 2.

To avoid unrealistic charging behavior and protect battery health,
some operational assumptions are taken into account. Since EV battery
degradation is strongly influenced by charge and discharge cycles and
the price of EV batteries themselves is nearly half of the vehicle price
[48], each EV is not allowed to discharge more than twice per day. At the
charging stage, the EV can be charged only up to 80 % of the maximum
battery capacity. But we should confess that there is a lack of knowledge
regarding EV travel patterns and their impact on battery degradation
while they are away from the building. To prevent a low partial load
efficiency of power electronics, the minimum charging power is set at
10 % of the charging power rating [49]. This is enough in Norway
because of having EV charging stations on all roads nearby. The influ-
ence of the self-discharge rate is ignored. All EV characteristics and EV
charging point specifications are summarized in Table 3.

Fig. 3 represents the structure of the V2B model. At the beginning of
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Table 3
EV characteristics.
Variables Value (Unit)
Battery capacities 20.0, 60.0, 80.0, 100.0 (kWh)
Charging powers 7.4, 11 (kW)
Efficiency 0.9 (-)
Arrival hour 7 to 10
Departure hour 15to0 18
Arrival SoC 0.2t0 0.6
Minimum SoC limit 0.1
Maximum SoC limit 0.8
Discharge count limit 2

each day, PV generations, electrical demand, EES, and EV states are
updated. EV states consist of EVs’ schedules and the SoC of each EV in
the buildings. We defined the time step as an hour to cope with the
charging interval term. Electricity from the PV or the grid can be
consumed by the buildings, stored in EES, or used to charge the EVs.
Also, if the electricity is not enough, firstly EES and secondly EVs can be
discharged to help supply the electricity of the building. After receiving
the power from the PV, the ESS and V2B model updates the SoCs,
considering the capacity. Rewards are given for the position in the next
step of the EV. If EVs leave the next step, they must receive 10 % more
than the initial SoC, as a guarantee that they will have enough charge to
reach another charging station. After each EV receives the rewards, all
the EV states are updated.

2.3. Modeling in CityLearn

The proposed EV model is developed in Python and is integrated into
CityLearn, a Gym environment for benchmarking advanced control al-
gorithms, including RL in urban energy management [7], to evaluate the
model and implement the case study as a microgrid controlled by an
RL-based EMS. This integration enables coordinated control of EV
charging alongside other energy systems to optimize the overall per-
formance of an SMG. CityLearn is explored in several studies. These
studies have shown promising results in improving EMS using RL
techniques and highlight the potential for real-world applications [16,
50,51]. As an example, MARLISA [52], a controller combining cooper-
ative multi-agent RL with an iterative sequential action selection algo-
rithm, demonstrated significant reductions in peak load and improved
load factor compared to manually optimized rule-based, and indepen-
dent RL controllers. Another example called MERLIN [41] addressed
challenges in RL training, evaluation, deployment, and transfer of con-
trol policies for DERs, showing performance improvements and cost
reductions through transfer learning. Coordinated energy management
using RL showcased the ability to flatten load profiles and optimize
energy consumption in a cluster of buildings [11]. All these features
make CityLearn suitable for use in this research. It is important to have a
communication interface for simulation and hybrid models and it is
necessary to define transformation paths for all sectors to analyze the
development and changes of neighborhoods over time. Hence, we
customize the Citylearn environment by integrating a V2B model which
is described in section 2.2. Moreover, Fig. 4 shows how the CityLearn
environment is used by compiling the V2B model and real-world case
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study to reach the goal of increasing the penetration of solar energy in
the proposed SMG.

The EMS is developed based on an RL algorithm tailored for energy
management in SMG. In our study, the SAC (Soft Actor-Critic) algorithm
is used as an alternative for RBC and MPC in battery and EV manage-
ment, where each building’s battery and EV charging spots are
controlled independently by an agent. SAC is a model-free off-policy RL
algorithm that allows for reusing experience and learning from fewer
samples. It incorporates an actor-critic architecture, off-policy updates,
and entropy maximization to facilitate efficient exploration and stable
training. SAC learns from three functions: the actor (policy), the critic
(soft Q-function), and the value function (V) [53](See Fig. 5). The steps

Critic

state

Fig. 5. Soft actor-critic reinforcement learning algorithm.

states reward(s) actions
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CiTyLEARN

!
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Fig. 4. Conceptual graph of what is added to Citylearn.
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of implementation of RL-EMS Algorithm using SAC are summarized in
Table 4.

For comparing the performance of the SAC policy, an RBC is used as a
reference control policy which is validated in Ref. [44]. RBC is a method
of controlling systems by defining a set of predetermined rules or con-
ditions. These rules are typically based on expert knowledge outlining
how the system should behave in different situations. Instead of learning
from data or optimizing parameters, RBC relies on instructions or
guidelines to make decisions and take action. The strategy is such that
the agent charges the controlled storage system(s) by 9.1 % of its
maximum capacity every hour between 10:00 p.m. and 08:00 a.m., and
discharges 8.0 % of its maximum capacity at every other hour. This
strategy minimized the error between simulated and measured battery
electricity consumption.

2.4. Reward function design

Designing an efficient reward function is one of the most important
aspects of using RL in complex energy systems. The reward directly
defines the learning objective and shapes the agent’s behavior. In this
work, the reward function is formulated with a clear energy efficiency
objective: to maximize the self-consumption of locally generated solar
energy while preserving the health of the battery and EV and minimizing
unnecessary energy exchanges with the grid.

As defined in Eq. (1), the total system reward at each time step is the
sum of individual building rewards in the SMG of np,gne that are
designed to maximize self-consumption of solar generation, E. It en-
courages net-zero energy use by penalizing grid load satisfaction when
there is energy in a building’s battery or available EVs out of ngy visiting
EVs SoC > 0.0 as well as penalizing net export when these storage de-
vices are not fully charged SoC < 1.0 through the penalty term, p defined
in Eq. (2). There is no penalty nor reward given when the battery and
EVs are fully charged during net export to the grid. Whereas the penalty
is maximized when there is a net import from the grid when the storage
systems are charged to capacity. Note that only net import is penalized
for a building with no PV generation. In particular, the reward indirectly
supports economic efficiency and system robustness by incentivizing
storage during surplus periods (e.g., high PV or low electricity prices)
and discharge during deficit periods (e.g., high demand or high grid
costs), without explicitly encoding time-of-use prices, thus keeping the
approach generalizable to other SMG setups. Overall, this reward
function captures both physical constraints and strategic energy man-
agement goals, ensuring that the SAC agent learns policies that are not
only optimal in simulation, but also meaningful and transferable in real-
world deployments.

Npyilding —1

r= > —pE| €Y

i=0

Table 4
Steps of RL-EMS Algorithm using SAC.
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2.5. Training parameters

The proposed SAC algorithm is trained using the measured data from
the case study explained in section 3, and its performance is evaluated
based on some KPIs defined in section 2.6. Initially, the raw time series
data is preprocessed to remove inconsistencies, adjust time steps, and
normalize important features. This ensures that the SAC agent is exposed
to consistent and meaningful data inputs, facilitating stable learning
dynamics. Next, the cleared time series data is forwarded to the pro-
posed model for training that intelligently learns discriminative fea-
tures. Finally, the model is tested and evaluated using numerous KPIs.

In this research, the agents are trained for 10 episodes, and each
episode has 8760 timesteps. The results from the sensitive analysis of the
SAC hyperparameter grid search in Ref. [41] show the values of the
decay rate (t), discount factor (1), learning rate (), and temperature (T)
that maximize the cumulative reward sum for each building’s SAC
agent. Therefore, the hyperparameter values used in the SAC agents for
this work are: T = 0.05, A = 0.90, a = 0.005, and T = 0.5. These values
maximized the cumulative reward sum across agents controlling each
building and their respective storage systems. The relatively high dis-
count factor ensures that long-term energy management goals are
prioritized, such as maximizing PV self-consumption over time.

This configuration allows the SAC agent to efficiently coordinate the
operation of building batteries and EVs, and dynamically respond to
changes in load, PV generation, and storage state in real time.

2.6. Key performance indicators

The performance is evaluated based on five energy-related Key
Performance Indicators (KPIs). These KPIs aim to assess both grid
interaction and system efficiency and are designed to be minimized. The
KPIs include self-consumption ratio (SCR), zero net energy (ZNE),
average daily peak (ADP), ramping (R), and 1 - Load Factor (1-LF) as
formulated in Egs. (3)-(7). The evaluation is carried out over a total of n
time steps in an episode. The KPIs ADP, R, and (1-LF) are calculated at
the SMG level using the aggregated district-level hourly net electricity
consumption. The two other KPIs are computed at the building level
using the building-level hourly net electricity consumption and then
reported as the average of the building-level values at the SMG level.
SCR is defined as the sum of the electricity received from the grid
divided by total consumption values. As the objective is to maximize
self-consumption, this KPI is considered -SCR. The definition of each of
the KPIs is well described in Ref. [41] as follows:

RL-EMS Algorithm using SAC.

1: Initializes the environment parameters such as maximum PV power, maximum battery capacity, and maximum EV capacity.
2: Initializes the Q-table based on the number of PV states, battery states, EV states, and actions.
3: Defines the hyperparameters such as learning rate (alpha), discount factor (gamma), epsilon-greedy parameter (epsilon), and number of episodes.
4: Defines the reward function that calculates the net power based on the PV power level, battery charge, and EV charge.
5: Defines the epsilon-greedy policy that selects an action based on the current state and epsilon value.

6: for the specified number of episodes:

7: Runs the Q-learning algorithm by determining a possible action set.
8: Updates the Q-values based on the current state, action, next state, and reward.
9: Updates the episode variables and checks if the episode is complete.

10: End for
11: Determine the optimal policy based on the Q-values.




P. Hajialigol et al.

n-1
ildi .
Z Eﬁul ing Eigar

EBuilding
P
S il
ZNE=) E"" )
h=0
364 23 distri o
2 3 max (B .. Eyidiss)
ADP =—-— 5
365 )
n-1 s o
R= | thmct _ Eﬁljtlnct| (6)
h=0

)

720
(e, (S /o)
mZ:o max (EF56, .. Efgtn 720) /

These KPIs provide a multidimensional picture of system perfor-
mance, capturing aspects of energy autonomy, peak load handling,
steady load, and operational efficiency — all of which are crucial for
evaluating advanced EMSs in smart microgrids. The KPIs are reported as
normalized values with respect to the baseline outcome (Eq. (8)) where
the baseline outcome is when buildings are not equipped with any
battery storage i.e., no control.

KP. Icontrol

KPl=————
KP Ibuseline(no storage)

(®

3. The selected case study
3.1. Real-world scenario

The seven pilot buildings in Norway are investigated as real-world
case study in this research, representing northern Europe with cold
winters and mild humid summers. There are various building types,
including two healthcare centers, two schools, one medical center, and
one sports arena (See Table 5) [54]. The training dataset consists of
real-world hourly data including the electrical demand of the buildings,
solar power generation, as well as weather data. Energy consumption
readings, environmental conditions, and solar power generation are
measured by Elhub (which is a centralized information exchange plat-
form for the Norwegian electricity market, facilitating efficient data
management and communication among market participants [55]).
Historical data is used for weather [56]. The data measured on an hourly
scale includes the main parameters necessary for energy simulation (e.
g., air temperature, relative humidity, as well as direct and scattered
solar radiation) and related to the period of 2022. The average daily
electricity load before battery flexibility (i.e., solid black line) and solar

Table 5
An overview of the case study (Buildings).
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generation (i.e., dashed blue line) profiles are presented in Fig. 6, where
the share of the electrical demands is denoted for all buildings, and then
the total electrical demand and the PV generation of the microgrid are
illustrated in one chart. While EV usage data was not available for this
case study, a data-driven stochastic EV model was developed using
national-scale EV charging data from Ref. [42], which is explained in
section 2.2. This hybrid data approach enables the simulation to remain
in real behavior patterns while preserving the integrity of the actual case
study. Thereafter, this case study is used to evaluate the EV model and
SAC-EMS. 1t is a real-world case, and we do not change the system ca-
pacities and specifications. It is obvious that the capacity of the current
PV systems is not enough for sharing among all buildings. Therefore, we
decided to design a PV system for each building in the microgrid and
also a battery storage system, explained in section 3.2.

3.2. PV and battery design scenario

To evaluate the impact of solar penetration and storage capacity, we
have designed a battery package and PV system for each building based
on its electrical demand. Thus, each building has its own PV generation
for afterward. The PV is designed based on the maximum available roof
area and looking at the maximum electrical demand, so it is kind of the
potential to have a PV system for each building. The solar radiation and
all other information used in this design are similar to Building ID. 1
specifications. The model is validated by real data from Building ID. 1.
Moreover, the battery system is sized based on the maximum daily en-
ergy storage requirement in 2022, ensuring sufficient capacity to shift or
store surplus solar energy. This scenario represents a decentralized
energy-autonomous configuration, allowing each building to operate
more independently while supporting self-consumption and demand-
side flexibility. The load profiles are illustrated in Fig. 7.

3.3. PV sharing scenario

To assess how solar energy penetration can affect the KPIs and help
the microgrid have a better performance, two more scenarios are
selected for PV generation. The first case applied to the model is a real-
world situation in which only one building has a PV plant for itself (see
Fig. 6 and Table 5) and it does not share it with other buildings. In the
second scenario, each building has PV and battery. Furthermore, the
third case or scenario is the situation where the available PV energy
generation can be shared between all buildings in the SMG. With the
regulatory changes that the Energy Ministry of Norway has made,
buildings can contribute to each other by sharing self-produced
renewable electricity on the same property [57]. In this regard, the PV
production is shared between the buildings based on their electrical
demand in Table 5. Then, it can be seen that PV generation has been
more fit to the demand of each building over time. This third scenario
represents a future-ready, district-level optimization strategy that
showcases the potential of collaborative EMS and resource sharing for
achieving higher RES self-consumption and operational efficiency. The

Building ID. Building type floor area Year built Annual Electrical Demand Annual PV Generation EV Charging Operation Time

No. (m?) (kWh/m?) (kWh/m?) Numbers (Hour)

ID. 1 Health care 7039 2015 88 145 5 24
center

ID. 2 Sports arena 2610 2015 40 N/A 3 8

ID. 3 Elementary 4477 1984 95 N/A N/A 8
school

ID. 4 Health care 5980 2012 111 N/A 5 24
center

ID. 5 Medical center 2700 1979 170 N/A N/A 8

ID. 6 High school 9700 2015 59 N/A 7 8

ID. 7 Elementary 2490 1959 (renovated in 115 N/A N/A 8
school 2002)
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load profiles of the third scenario are illustrated in Fig. 8.
4. Results and discussions

The SAC-RL agent is trained for 10 episodes, where each episode
represents a full year of operation (8760 time steps). The model per-
formance is validated using five key energy management KPIs: SCR,
ADP, ZNE, R, and 1-LF as defined in section 2.6. These metrics assess the
system’s ability to optimize the use of RES, reduce peak loads, and
maintain stable grid interaction. SAC is compared to both a baseline
scenario without storage control and a validated RBC policy used in
previous CityLearn studies [41].The plots in Fig. 9 illustrate the daily
net-electricity consumption profiles of the SMG with storage and PV (i.
e., blue line) compared to the status with no active storage (i.e., red
line). No active storage means that there are no battery systems and the
EVs are not considered as a storage system; they are only consumers.

It shows that SAC RL EMS can flatten load curves, reduce peaks, and
shift energy consumption to periods of higher solar energy production or
availability of EVs. It is obvious that a higher capacity of PV and the
number of |EVs would also be effective in this progress. For the buildings
with 24-h operation, the performance is much better (e.g., Buildings ID.
1 and 4), because there are some nighttime EVs for exchanging energy
during the period with no production. Also, buildings with more EV
charging stations or larger storage capacities are reducing energy con-
sumption even more. The SAC policy slightly improves load shapes in
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most of the buildings. The SAC profiles have lower peaks compared to
the baseline, exhibiting smoother profiles with no rapid ramping. In
contrast, some buildings (e.g., Building ID. 3, 5, and 7), show similar
profiles to the baseline, not only in this period but also in the KPIs for
these buildings, which are 0.99. This indicates that the controller for
electrical storage has little effect on energy flexibility in those buildings
because they have limited participation in the V2B model. It highlights
that storage flexibility, not just a control strategy, is key to achieving
optimal outcomes. Interestingly, in some buildings, EV could decrease
the peak, but in some cases, it causes a minor jump down in load which
makes R worse or not better. In this situation, if the price were consid-
ered, it would be a profit for the system.

Moreover, Fig. 10 displays the results of the evaluation after training
the SAC policy for 10 episodes, compared to the baseline model (i.e., no
storage) and the RBC policy in all three scenarios. In Fig. 10 (i), as a real-
world scenario, the SAC policy outperforms both the baseline and RBC
policies in minimizing all KPIs. However, it is performing slightly better
in R, Ramping. The figure indicates that the proposed EMS has the po-
tential to enhance KPIs in comparison to both the baseline and RBC,
even with minor improvements due to an under-designed PV system. In
the second scenario (ii), when the PV and battery are designed realis-
tically per building, it can be seen that SCR, ADP, and ZNE are improving
significantly, showing better load-shifting and energy self-sufficiency.
However, R increases, caused by sharper transitions from EV discharg-
ing. The only reason can be for having less smoothness of the load
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Fig. 8. Load Profiles of Buildings and the Microgrid (Shared_PV scenario).
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profile, where high R means an abrupt change in grid load. Here, what
makes some abrupt is a jump down because of EV discharging. However,
the best KPIs belong to the third scenario (iii), in which every building
shares its potential PV capacity to supply a high percentage of the dis-
trict’s consumption. In this case, all KPIs improve, especially ADP and
ZNE are significantly decreased, due to the EMS leveraging district-wide
flexibility. This highlights that solar PV can reduce peak electricity
consumption and grid load even if self-generation is unavailable. Less 1-
LF means the efficiency of electricity consumption is higher than (i) and
(ii). The 1-LF improvement suggests better load factor, indicating more
stable, efficient grid usage.

Fig. 10 analysis highlights how the SAC-based EMS effectively im-
proves grid interaction and energy efficiency. It is worth noting that the
scenario (iii) achieves the best performance in SCR (i.e., 0.89), ADP (i.e.,
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0.79), and ZNE (i.e., 0.73). These KPIs show approximately 20-23 %
improvements compared to the RBC. This reflects the significant benefit
of buildings with PV generation, which increases the overall utilization
of RESs and reduces grid dependency. On the other hand, scenario (i)
shows the most significant improvements in R with 19 % reduction and
27 % in 1-LF, indicating smoother load profiles and better load consis-
tency even under limited PV availability. These results confirm that
while distributed PV capacity improves renewable integration, the SAC
itself is very effective in handling load flexibility and reducing peak
loads. Across all KPIs and scenarios, the SAC consistently outperforms
the RBC, demonstrating its suitability for intelligent and dynamic con-
trol of smart microgrids.

The centralized SAC-RL agent demonstrates promising potential in
finding efficient energy management strategies to improve the KPIs of a
real-world application. After just 10 training episodes on the dataset for
a specific MG, the agent achieves an improved reward function
compared to the manually predefined RBC and baseline. These results
consider the agent’s adaptability over various buildings and climates
and the limited information required for its state space. The RL agent
shows potential for more significant improvements in MG-DSM when
fine-tuned and trained on larger datasets, making it a valuable approach
for energy management in grid-interactive communities and smart MG.

Moreover, this confirms findings from recent literature that RL
methods, especially SAC, are effective in complex, dynamic environ-
ments such as smart microgrids. While RBC relies on static rules, SAC
learns adaptive policies through interaction, allowing it to handle
variability in demand, PV generation, and EV behavior. These im-
provements are particularly notable in the PV sharing scenario, where
SAC achieves up to 25 % better load factor performance and 20 % higher
self-consumption rate than RBC.

5. Conclusion and recommendation

This study has proposed an energy management system (EMS) based
on reinforcement learning (RL) for smart microgrids (SMGs), focusing
on coordinated control of stationary batteries and bidirectional charging
of electric vehicles (EVs). Among all RL strategies, the Soft Actor-Critic
(SAC) algorithm is designed as the controller due to its robust perfor-
mance in high-dimensional, continuous action spaces typical of energy
systems. The reward function is designed to maximize the self-
consumption of locally generated solar energy while avoiding degra-
dation of the battery and EV by minimizing unnecessary energy ex-
changes with the grid. Another key contribution of this study is the
development of a stochastic data-driven EV model derived from over
35,000 real charging sessions from Norwegian users. The model gen-
erates probabilistic EV arrival/departure times, state of charge (SoC),
and charging behavior in accordance with observed national patterns.
This EV model has been integrated into the CityLearn environment. The
SAC-based EMS is trained using the measured dataset that consists of
real-world hourly data from a Norwegian case study, including the
electrical demand of the buildings, solar power generation, as well as
weather data.

Then, it is evaluated across three different scenarios: (i) Real World
scenario, (ii) Designed PV scenario, and (iii) Shared PV scenario.
Simulation results show that the SAC-based EMS system significantly
improves system performance across all key performance indicators
(KPIs), namely self-consumption ratio (SCR), zero net energy (ZNE),
average daily peak (ADP), ramping (R) and 1-load factor (I1-LF).
Notably, SAC achieved its best performance in Scenario (iii), where PV
energy is shared across all buildings, achieving a ZNE of 0.73, which
reflects improvements of up to 21 % over RBC and 27 % over the
baseline. In Scenario (i) (i.e., the real-world setting with only one PV
system), SAC reduced Ramping by 19 % and 1-LF by 27 % compared to
RBC, highlighting its effectiveness even under limited generation ca-
pacity. These results point out the importance of combining advanced
control strategies with flexible resources such as EVs and storage
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systems to improve grid interaction, smooth load profiles, and increase
renewable self-consumption.

Although the study focused on the development of EMS algorithms
rather than system design optimization, the results indicate that better-
designed PV and battery configurations can open up even greater flex-
ibility and sustainability. Future work will investigate optimal sizing
strategies, multi-agent coordination, considering other storage systems,
and dynamic pricing schemes to further advance the effective and sus-
tainable operation of SMGs.
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