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Abstract—Achieving climate neutrality requires a fundamen-
tal transformation of production systems and energy use, driven
by technological innovation. In the building sector, virtual rep-
resentations of physical assets can accelerate this transition by
enabling simulation-based evaluation of energy strategies. When
combined with Reinforcement Learning (RL), these models
support dynamic testing and real-time optimization of building
operations. This study presents a simulation framework for
assessing and comparing energy management strategies aimed
at reducing energy consumption while maintaining thermal
comfort. As a case study, the methodology is applied to an
existing industrial facility using the BIMtoBEM modeling ap-
proach. The framework integrates detailed simulation models
with RL-based control to optimize the performance of the
Heating, Ventilation, and Air Conditioning (HVAC) system. Two
digital models with increasing Levels of Detail, are developed
to evaluate the impact of three structural and one mechanical
refurbishment scenario, alongside two RL control strategies.
By simulating different combinations of physical retrofits and
control approaches, the framework enables users to identify the
most impactful interventions and make informed decisions based
on specific energy-saving goals. Results show that modifying the
mechanics of the HVAC system alone leads to a 12% reduction
in natural gas consumption, while combining retrofitting with
RL can lead to 32% of savings, emphasizing the impact of both
physical and control-based interventions.

Index Terms—Dynamic systems and control, Modeling, Rein-
forcement Learning

I. INTRODUCTION

Energy consumption in buildings accounts for 17.5% of
global greenhouse gas emissions [1], and this is primarily
driven by the demand for appliances and HVAC systems
to maintain the occupants’ desired comfort and needs. This
is why improving their energy efficiency and optimizing
their operation has become pivotal, making building and
HVACs one of the most significant object of research [2].
Advanced control strategies, like RL, dynamically adjust
control policies in response to evolving objectives, overcom-
ing the limitations of conventional approaches, taking into
account the unique characteristics of individual buildings and
sites and incorporating available forecasts such as weather
conditions and occupancy patterns [3]. In [4], the authors
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implemented a hybrid approach that combines a model-free
algorithm [5] with a black-box model of the building, which
provides domain knowledge to the agent, allowing it to freely
interact with the environment during training. This hybrid
method is both fast and scalable, making it easily replicable
across different buildings. The approach discussed in the
paper employs an offline problem formulation, where the
agent learns the optimal policy from pre-collected batches of
data. This contrasts with the online learning paradigm, where
the agent is deployed directly in the building without prior
knowledge of the environment, enabling real-time actions
and immediate feedback [6]. Building on this, the authors
extended their previous work by introducing an online RL
approach for HVAC control in [7], where the agent is trained
directly on a white-box model that acts as a stand-in for the
actual building.

Combining Artificial Intelligence (Al)-driven control al-
gorithms with traditional refurbishment strategies (e.g., en-
velope renovation) in a unique simulation framework allow
to asses energy-efficient management under different energy
performance configurations. Flexible frameworks that take
into consideration modelling and operational aspects are
fundamental for comprehensive benchmarking and informed
policy making [8].

This paper presents a novel simulation framework that
combines the BIMtoBEM modeling methodology with an
advanced control strategy. By extending a Building Informa-
tion Model (BIM) into a Building Energy Model (BEM), the
framework addresses the typical lack of operational data in
existing buildings and enables performance assessment under
different architectural and operational configurations. To this
end, a digital model of an industrial facility is developed with
increasing Levels of Detail (LOD), starting from a simplified
”shoebox” model, Model 1.0, and progressing to a more
refined version, Model 1.5, that includes detailed architec-
tural and envelope features. These base models are further
expanded into intervention scenarios: a mechanical upgrade
of the HVAC system in Model 1.0, and three envelope refur-
bishment strategies in Model 1.5. This setup allows for the
comparative evaluation of retrofit options, identifying those
with the highest potential for energy savings. The models
also serve as consistent and realistic environments for training
and testing both offline and online RL algorithms, as in [4]
and [7], focused on supply airflow control. This supports
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Fig. 1. Proposed methodology framework

the development of effective, data-driven control policies. By
comparing these control strategies, the study demonstrates the
potential of simulation-driven RL to enhance building energy
management.

The proposed methodology is directly transferable to real-
world, IoT devices-equipped buildings by replacing the cal-
ibrated simulation with live data, offering a scalable and
flexible solution for evaluating energy-saving measures and
implementing smart building management strategies.

The rest of the paper is organized as follows: Section II
describes the proposed methodology; Section III introduces
our case study and the related outlined scenarios and Section
IV presents the experimental results. Lastly, Section V reports
our concluding remarks.

II. METHODOLOGY

The presented methodology can be recognized as a facility
management platform, as illustrated in Fig. 1. It is orga-
nized into three conceptual layers that enable interoperability
among the various actors: starting from the bottom, the Data-
Source Integration Layer includes the elements that provide
relevant data and facility features; the Services Layer, in
the middle, connects these data sources and facility models
to the platform’s core functions, enabling data storage and
facilitating Al-driven interventions; the Application Layer
presents the results and insights in a user-accessible format,
supporting the comparative analysis of different scenarios.
The rest of this sections delves into the adopted framework
in greater detail.

A. Data-Source Integration Layer

This layer can be seen as the combination of two main
components: Internet of Things (IoT) devices and the Digital
Shadow architecture. The IoT system collects data from mul-
tiple sources, including third-party weather services, building
HVAC systems, and indoor sensors, with related actuators,
that monitor variables such as air temperature and relative
humidity. This setup allows for continuous monitoring of
the building, providing insight into its energy performance
in (near-) real-time. The Digital Shadow, which aims to
realistically mirror the physical building, consists of BIM,
which is subsequently translated into a BEM following the
BIMtoBEM methodology [9]. The BIM, developed as feder-
ated model, comprises three distinct digital representations
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of the building: (i) the electrical system, which includes
transformers, medium- and low-voltage switchboards, busbar
trunking systems, and lighting devices; (ii) the mechanical
system, primarily encompassing the HVAC infrastructure;
(iii) the processes model, which represent the main production
equipment; and (iv) the architectural model, which represents
the building envelope and the internal room partitioning.
Elements from (ii) and (iv), such as the thermophysical
properties of the envelope, the thermal zone configuration,
and detailed HVAC specifications, serve as critical inputs
for generating the BEM and conducting accurate energy
simulations. The Digital Shadow thus provides virtual sensor
data derived from these models, enabling a realistic represen-
tation of building behavior. Our methodology includes two
thermophysical models of the building envelope that differ
in geometric representation. Specifically, Model 1.0 adopts a
simple shoebox geometry, while Model 1.5 incorporates more
detailed features, including complex roof shapes and inclina-
tions. This modeling workflow is applicable to any building
type, as long as that the necessary system information is
available and sufficient calibration data can be obtained.

B. Services Layers

This layer enables interoperability and communication
among various IoT devices, within the device connector,
allowing them to operate cohesively with each other [10]. It
also serves as the environment where Al simulations, training,
and testing are conducted. These activities are supported by
a specialized simulation container, the Functional Mock-up
Unit (FMU), which facilitates bidirectional communication
between the simulated environment and the Al framework.
In this context, the digital representation can either act as
a stand-in for the physical building or be used to generate
synthetic historical data through BEM simulations, helping
address the issue of limited operational data in building
management.

The practical implementation of this setup, enabled by the
Services Layer, is illustrated in Fig. 2. Meteorological data are
provided as input to the Digital Shadow, allowing BEM sim-
ulations based on the weather data specified location and time
period. This process facilitates the generation and storage
of synthetic datasets. The Al controller, implemented as RL
agent, can be trained in two ways: offline, using pre-sampled
batches from the stored data; or online, by interacting directly
with the Digital Shadow, executing control actions on the sim-
ulated system and receiving real-time feedback to iteratively
improve its policy. The training and optimization process
is supported by a set of integrated components, including
OpenAl Gym [11] for RL environments and EnergyPlus for
building energy simulation. To support this online training
process, a custom learning environment was developed using
the Functional Mock-up Interface - Machine Learning Center



(FMI-MLC) framework [12], which enables real-time co-
simulation between Python-based RL agents and EnergyPlus
model’s FMU [13]. Effectively, the building’s BIM serves
as a virtual gym [14], enabling safe and effective agent
training before deployment in a real-world scenario. This
minimizes the risk of adverse outcomes, such as suboptimal
decisions that could affect thermal comfort, energy efficiency,
or system stability during early learning phases. Once the
physical building is adequately equipped, the same training
and evaluation process can be executed directly on the real-
world building environment.

C. Application Layer

The top layer of the framework provides interfaces for visu-
alization, monitoring, and user interaction. It includes dash-
boards for real-time data analytics and performance track-
ing, supporting human-in-the-loop supervision and informed
decision-making on energy management, maintenance, and
control strategies. Through these tools, users can not only
compare and evaluate different control approaches, such as
rule-based or Al-driven controllers, but also analyze the
effects of physical interventions on the building’s structural
or mechanical systems, which can be simulated by modi-
fying the BIM identification file (IDF). In such cases, the
entire platform can be re-applied to the updated BIM model,
enabling end-to-end testing of scenarios involving changes to
the building envelope, layout, or HVAC configurations.

III. CASE STUDY

The case study illustrating the application of the proposed
begins with a description of the BIM models, along with the
corresponding refurbishment scenarios. This is followed by
an overview of the implemented control strategies.

A. Digital Shadow Modeling

The objective of our study is an existing industrial plant
located in Northwestern Italy, whose BIM model has been de-
veloped through the Autodesk Revit platform [15], following
on-site inspections, complemented with available descriptive
and contextual particulars. The BEM simulations have been
carried out with the EnergyPlus [16] energy simulation tool.

To evaluate the impact of geometric elements, the archi-
tectural representation was developed with two progressively
detailed configurations: Model 1.0, shown in Fig. 3a, features
a simplified roof; Model 1.5, in Fig. 3b, on the other hand,
reflects the actual building configuration, including a shed-
type roof. Each model treats the entire volume as a single
thermal zone, as there is no distinction in how the spaces are
thermally managed.

For what concerns the mechanical system of the building,
two different HVAC models were adopted: a Constant Air
Volume (CAV) type, which allows control only over the
supply air temperature, implemented using the EnergyPlus
AirTerminal:SingleDuct: ConstantVolume:NoReheat template
and a Variable Air Volume (VAV) system, enabling con-
trol over both the supply air temperature and the airflow
rate. The corresponding EnergyPlus template is AirTermi-
nal:SingleDuct:VAV:Reheat. Both HVAC configurations are
integrated into the building envelope model via the Design-
Builder interface [17].

(a)

N

Fig. 3. Comparison between Architectural Model 1.0 (a) and 1.5 (b)

B. Scenarios definition

Five different scenarios were defined by combining the
two architectural models, Model 1.0 and Model 1.5, with the
two HVAC configurations, CAV and VAV, introduced in the
previous paragraph.

a) Scenario 1.0-Baseline: couples the simplified Model
1.0 with the CAV system;

b) Scenario 1.0-A: combines Model 1.0 with the more
advanced VAV HVAC template;

c) Scenario 1.5-Baseline: features the Model 1.5 archi-
tectural representation and the CAV system.

To further investigate the impact of additional envelope fea-
tures on energy savings, Scenario 1.5-Baseline was extended
with three refurbishment strategies; all of them conceived and
implemented on Model 1.5 coupled with the CAV template.

d) Scenario 1.5-A: focuses on the glazed areas of the
shed roof, which have been categorized into three types
based on their structural openings for glazing elements. The
intervention involves replacing the existing traditional single-
pane glass with a more suitable and technologically advanced
glazing system designed for industrial use. The selected
solution has a U-value above 1.1 W/m?K and complies with
current Italian regulations [18];

e) Scenario 1.5-B: targets the plant’s opaque surfaces,
particularly the external walls. Previous inspections revealed
the absence of any insulation layer; therefore, the proposed
scenario evaluates the impact of installing polyurethane
panels, paired with a metal carter capable of withstanding
mechanical stress, fire, and low temperatures. The resulting
assembly achieves an estimated U-value of 0.12 W/m?K;

f) Scenario 1.5-C: addresses the opaque portions of the
roof, specifically the horizontal surfaces between each row
of sheds, as well as the non-glazed sections of the shed
structures themselves. For the sloped shed surfaces, a suitable
insulated construction finished with metal cladding has been
selected. In contrast, the horizontal areas are designed with
an insulated build-up that ensures adequate slope for proper
rainwater drainage. The two setups have an U-value of 0.17
and 0.15 W/m2K respectively.

Each of the defined simulation scenarios was evaluated
using two control strategies: a basic PID controller serving
as a benchmark, and a more advanced RL approach, which
will be detailed in the following section.

C. Reinforcement Learning Algorithms

In a RL framework, the agent interacts with the environ-
ment to learn its dynamics through a reward-based algorithm.
It observes the environment’s state s, either fully or partially,
and selects actions a that influence future states. Based on
these actions, the agent, a decision-making entity, receives
a reward signal r that reflects its performance relative to the
control objectives, guiding its learning process. The decisions



made by the agent are governed by a policy m, and the
ultimate goal is to learn the optimal policy 7* that maximizes
cumulative rewards.

In RL, the state-value function v,; and action-value function
¢ estimate expected returns under a policy [19]. Different RL
methods target different goals: value-based approaches like
Q-learning learn the optimal action-value function without
relying on a fixed policy (off-policy), while policy-based
methods directly optimize the decision-making strategy and
typically follow an on-policy framework [20].

We implement and compare two different learning frame-
works for the HVAC system control. While both share the
state representation and reward function, they differ in the
state-transition function, action space and algorithm.

For the first implemented framework, applied to Scenario
1.0-Baseline, Scenario 1.5-Baseline, with its related Scenarios
1.5-A, 1.5-B and 1.5-C, an off-policy DDQN algorithm is
coupled with a fully connected feedforward neural network
that serves as a system identification model and acts as a data-
driven state transition function, learning to predict the next
indoor temperature based on selected disturbances. The input
features include normalized values of indoor and outdoor
temperature, HVAC temperature differential, and occupancy
status. The network comprises two hidden layers with ReL.U
activations and is trained to minimize the mean squared
error between predicted and actual temperatures. This model
enables the agent to interact with a fast and reliable repre-
sentation of the building during offline training, supporting
efficient policy learning across different scenarios. The agent
is trained offline on a three-month dataset (from January
Ist to March 31st in 2021), generated through EnergyPlus
weather files and simulations of the building models. The
action space is discrete and represents the increase in supply
air temperature provided by the HVAC heating coil, with
available actions being: [0, 0.5, 1, 1.5, 2.5, 3.5, 4.5, 5] °C.

For the second adopted framework, applied to Scenario
1.0-A, the simulated building serves as a test-bed for the
real one, providing ground-truth values for the state-transition
function [7]. In this case, a policy-based DDPG agent is
trained in an online fashion, directly interacting with the
environment by executing actions on the simulated system
and receiving real-time feedback. The control actions involve
adjusting the supply air temperature and mass flow rate. The
action space is continuous, allowing the agent to select and
apply any value within a defined range: temperature values
range from O to 4.5 °C, and mass flow rates from 0 to 60
kg/s.

In both cases, the state representation includes: the differ-
ence between the setpoint and the indoor temperature over the
past four time steps, the difference between the setpoint and
the current outdoor temperature, outdoor relative humidity,
wind speed and direction, diffuse and direct solar radiation,
and the number of hours remaining until the start and end
of the next occupancy period [4]. The reward function takes
as input the current state and control action, and outputs the
expected reward, which the agent aims to maximize. In both
cases, the objective is to optimize HVAC energy consumption
while ensuring thermal comfort for occupants when present.
To achieve this, the reward function, shown in Eq. (1),
consists of three main components: (1) the squared deviation
between the resulting indoor temperature (x;) and the air
setpoint (Tsetpoint), (2) the cost of the selected control action

(ut), (3) a term (var_penalty) that penalizes the cumulative
error between predicted and actual next states over the course
of an episode, encouraging stable and reliable policy behavior.

R(Svu) = _(5'($t - xsetpoint)Z+p'u+0.5'va}"_penalty) (1)

The weighting parameters /3 and p balance comfort and en-
ergy efficiency: a higher /3 prioritizes maintaining the indoor
temperature close to the setpoint, while a higher p places
greater emphasis on minimizing energy consumption. 3 is
set to 2 when the building is occupied, to prioritize thermal
comfort, and reduced to 0.05 when unoccupied, reflecting a
lower need for strict temperature regulation. On the other
hand, p is kept constant at 1, ensuring that energy saving is
always taken into account.

Within the RL frameworks, the building models serve
distinct roles: in the online approach, they act as the training
environment, while in the offline setting, they are used to
generate the training datasets. In both cases, the resulting RL
agents are tested on simulations from the heating season of
2022 using the presented mock-ups.

IV. EXPERIMENTAL RESULTS

This section presents the results obtained using the pro-
posed methodology, comparing the different scenarios ana-
lyzed, with and without the implementation of the RL control
strategy. The focus is placed on demonstrating the capabil-
ities of the simulation framework, which enables efficient
evaluation of diverse configurations and interventions with
minimal setup effort. The comparison is based on natural
gas consumption for the heating system, and the Predicted
Percentage of Dissatisfied (PPD) index, which quantifies the
occupants’ thermal comfort.

A. Refurbishment measures and energy savings

To ensure the validity of the implemented methodology,
it is essential that the building models are calibrated against
real data. For the calibration to be considered acceptable,
the discrepancy between simulated and actual energy con-
sumption should not exceed 8%. For this purpose, natural gas
consumption bills from the year 2022 were used, focusing ex-
clusively on the winter and autumn months (January—March
and October—December), as these correspond to the heating
season. Scenario 1.0-Baseline showed a 4% deviation, from
the actual natural gas consumption, while Scenario 1.5-
Baseline achieved a reduced error of 1.3%. This improvement
can be justified by the increased geometric and envelope
detail, which enhances the accuracy of thermal performance
simulation. As shown in the bar plot in Fig. 4, which
compares the monthly natural gas consumption extracted
from utility bills with that of the two models prior to the RL
implementation, the improved calibration is clearly visible.

Fig. 4 also reports the energy consumption across all
evaluated scenarios. Among them, the intervention that led to
the greatest energy savings is Scenario 1.5-C, which involves
enhancing the opaque surfaces of the roof. This upgrade
resulted in a 21% reduction in consumption compared to the
original calibrated Scenario 1.5-Baseline: its effectiveness is
due to the focus on the opaque roof surfaces, which also sur-
round the roof sheds. These areas are particularly vulnerable
to heat loss, especially where the glazed areas of the sheds
meet the opaque surfaces, creating significant thermal bridges



that contribute to higher heat loss. Hence insulating the roof
construction reduces overall energy consumption.

Meanwhile, modifying the HVAC system from CAV to
VAV in Scenario 1.0-Baseline and Scenario 1.0-A delivers a
12% saving and this is largely due to the ability to modulate
the supply airflow, allowing the system to operate at or near
minimum mass flow rates when the building is empty or
already heated, thus significantly lowering energy demand.

Table IV-A also mentions the consumption for each model
and scenario when the DDQN algorithm, combined with
the black-box system identification model, is applied. The
optimized Scenario 1.0-Baseline shows a 41% reduction in
natural gas consumption for heating, compared to a 14%
reduction in optimized Scenario 1.5-Baseline. While both
models meet calibration criteria and reflect the real building’s
overall behavior, these results highlight that the simpler
Model 1.0, despite being faithful to the available data, is less
accurate and reliable. The more detailed one provides a closer
representation of the building’s thermal dynamics, leading to
more robust and realistic predictions. However, this comes
at the cost of significantly increased modeling effort and
simulation time. As such, Model 1.0 may be more suitable for
applications where rapid analysis or iterative control strategy
testing is prioritized.

With respect to Scenario 1.5-Baseline and its three refur-
bishment scenarios; out of all three options, the introduction
of the RL algorithm provides the greatest benefit in the sce-
nario 1.5-B, where it enables savings of up to 32 % of the nat-
ural gas in the heating season. The refurbishment intervention
on the external walls increases the building’s thermal mass
and capacitance, allowing the envelope to store and gradually
release heat. This characteristic works particularly well with
the RL agent, which learns to anticipate heating needs and
adjusts control actions accordingly. By exploiting the delayed
heat transfer of the improved envelope, the agent can optimize
energy use more effectively, reducing consumption. Aside
from the Scenario 1.5-B, the remaining three configurations
also achieve significant control savings, ranging from 9% in
Scenario 1.5-C, where the control reduces consumption that
was already minimized by structural improvements, to 14%
in the unmodified building, and 28% in the case focusing on
the glazed surfaces. Additionally, it is worth noting that the
mean PPD index, shown in the last column of Table IV-A,
remains below the acceptable limit of 10% (ISO 7730) in all
cases, ensuring thermal comfort is not compromised.

To better illustrate the effectiveness of the RL control,
Fig. 5 presents the supply air temperature results for Scenario
1.5-B. This is shown as a representative case to avoid
confusion from displaying multiple similar results for each
scenario. The trend observed in this graph highlights that the
control agent is able to reduce the supply air temperature
when the occupancy flag is zero and, when the building is
unoccupied, it does not continuously heat at its maximum
level.

B. RL Algorithm Comparison: DDQN vs. DDPG

The RL algorithms, offline DDQN and online DDPG,
were applied to Scenario 1.0-Baseline and to Scenario 1.0-
A respectively. Despite its simplified nature, Model 1.0 was
selected for testing the online methodology, as it provides a
more straightforward and manageable environment for eval-
uating the performance of the online RL strategy. Although

8 Scenario 1.0-A
# Scenario 1.5-C

| Measured Consumption E Scenario 1.0-Baseline
Scenario 1.5-Baseline i Scenario 1.5-A

% i .5-|
9,000 % Scenario 1.5-B

ion [MWh]

.2 7,000

6,000

5,000

&
=)
S
8

3,000

Natural gas consumpti

2,000

1,000

NSNS
=

(I

S

N
o

=
w

w

o

Supply air temperature [°C]
=
o

N
o

22-01-04 2022-01-05 2022-01-06 2022-01-07 2022-01-08

Fig. 5. DDQN agent and default controller supply air temperature compar-
ison

this choice may yield less reliable results compared to more
detailed models, it offers clearer insights into the online
approach’s behavior.

The trained DDPG agent, operating in a continuous action
space, effectively adjusts the indoor air temperature to closely
match the desired setpoint, except during unoccupied periods
when the heating system is completely turned off to optimize
energy use, as shown by the dotted line in Fig. 6. In contrast,
the DDQN agent, during occupancy, follows a temperature
profile that mirrors the daily and nightly outdoor air temper-
ature fluctuations, albeit much more smoothly (dashed line in
Fig. 6).

Overall, the DDPG agent’s control for the Scenario 1.0-A
resulted in a 45% reduction in natural gas consumption during
the considered heating period, compared to a 41% reduction
achieved by the DDQN agent. The superior performance of
the DDPG agent is likely attributed to its ability to control
both the supply air temperature and the HVAC airflow, the
latter being a key factor in regulating indoor conditions. In
contrast, the DDQN agent operates in a CAV configuration
and is limited to discrete temperature control. The DDPG
agent dynamically modulates the mass flow rate and, con-
sequently, the heating coil heating power: unlike the default
controller and the DDQN for the CAV system in Scenario
1.0-Baseline, which operates at maximum power, the agent
is able to reduce it to zero, as shown in Fig. 7. Another key
difference is that during training, the DDPG agent receives
real-time feedback directly from the actual environment. This
results in more accurate responses, allowing the agent to
make more informed and effective decisions. In contrast, the
DDQN agent relies on responses generated by the system
identification neural network, which may not capture the full
complexity of the real-world environment.

As shown in Fig. 7, the DDPG agent dynamically lowers
the mass flow rate, allowing the heating coil power to drop



TABLE I
ENERGY PERFORMANCE COMPARISON WITH REFURBISHMENT AND OPTIMIZED CONTROL STRATEGIES

Default Refurbishment Optimized Control PPD [%]
control [MWh] Savings [%] Control [MWh] savings [%]
Scenario 1.0-Baseline 7786 - 4541 41% 8%
Scenario 1.0-A 6813 12% 4771 45% 6%
Scenario 1.5-Baseline 8220 - 7041 14% 6.6%
Scenario 1.5-A 7653 13% 5517 28% 8%
Scenario 1.5-B 7980 10% 5362 32% 8.4%
Scenario 1.5-C 6479 21% 5900 9% 6.4%
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significantly, even to zero, during low-demand periods, unlike
the more rigid operation of the default and DDQN controllers.

V. CONCLUSIONS

This study introduces a simulation framework for facility
management that allows users to test and compare various
building configuration scenarios to identify the most effec-
tive energy-saving interventions. The framework combines
the BIMtoBEM methodology with advanced RL control,
applied to an existing industrial facility. A Digital Shadow of
the building is created, incorporating multiple refurbishment
strategies and two RL algorithms, trained in an offline and
online fashion. The approach provides a reliable yet simple
way to estimate energy savings and is easily adaptable to
other buildings.

To further validate and expand the applicability of these
strategies, future works will explore online training on higher-
detail building models, potentially combined with multi-
agent RL paradigm. The transition from a Digital Shadow
to a full Digital Twin will be pursued enabling two-way
communication between the physical system and its digital
counterpart.
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