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Abstract

This doctoral thesis presents the design, development, and validation of an
innovative energy management system for residential buildings. The system
integrates advanced thermal energy storage using the building envelope with a
robust model predictive control strategy to optimize the operation of heating,
ventilation, and air conditioning systems. Its primary goal is to reduce energy
consumption and operational costs while maintaining occupant comfort and
contributing to greenhouse gas emission reductions. The approach exploits the
thermal inertia of conventional construction materials to use the building’s
envelope as a passive thermal battery. By strategically storing excess heat during
periods of low demand or high renewable energy generation and releasing it when
needed, the system enables controlled deviations from standard indoor setpoints

while remaining within acceptable comfort margins.

The proposed energy management system is structured in two interrelated layers.
The planning layer anticipates energy requirements by forecasting electrical
energy demand, ambient conditions, and renewable energy generation over a
seven-day horizon. This comprehensive forecast is used to generate an optimal
schedule for energy distribution among various sources: the electrical grid,
photovoltaic self-consumption, battery storage, and the building’s inherent
thermal storage capacity. This layer not only identifies the most cost-effective and
environmentally friendly energy usage periods but also smooths energy demand
by shifting consumption away from peak periods. By balancing multiple energy
sources, the planning layer creates a dynamic schedule that integrates real-time

operational constraints, market energy prices, and renewable generation profiles.

Complementing the planning layer is a real-time control layer that employs a
robust MPC strategy to regulate the HVAC system. The controller relies on a
detailed thermal model of the building to predict indoor temperature evolution and
calculate the optimal control actions required to minimize deviations from
setpoints. This model accounts for various factors such as heat gains from solar
radiation, conduction losses through walls, and ventilation effects. By continuously
updating its decisions based on real-time data, the MPC controller adapts to
system uncertainties and external disturbances, ensuring smooth operation and
efficient energy usage. The optimization formulation includes both hard

constraints on the HVAC input variables and soft constraints on room



temperatures to maintain occupant comfort while avoiding excessive control

actions.

Extensive simulation studies, conducted using a case study of a single-family home
in Madrid, have demonstrated that the dual-layer control strategy yields
significant energy savings. These simulations confirm that by optimally combining
grid power, photovoltaic energy, battery storage, and the building’s passive
thermal mass, the system effectively shifts energy demand away from peak
periods, improves the integration of intermittent renewable sources, and enhances
overall energy efficiency. The simulation results further quantify the reduction in
operational costs and improvements in thermal comfort achieved with the

proposed system.

In addition to the simulation studies, the system was validated using a physical
prototype installed in a real operating environment. Experimental tests
corroborated the theoretical findings by demonstrating the effectiveness of the
predictive control strategy in integrating renewable energy sources and optimizing
energy consumption. The real-world trials allowed for the refinement of the control
parameters and demonstrated the system’s ability to handle practical
uncertainties and disturbances inherent in a live setting. These validations
reinforce the robustness and scalability of the solution for practical

implementation in residential buildings.



Resumen

Esta tesis doctoral aborda el diseno, desarrollo y validacion de un sistema de
gestion energética innovador para edificios residenciales. El sistema combina un
avanzado método de almacenamiento térmico basado en la envolvente constructiva
con una estrategia robusta de control predictivo, orientada a optimizar el
funcionamiento de los sistemas de calefaccion, ventilacion y aire acondicionado. Su
objetivo primordial es disminuir el consumo energético y los costos operativos, sin
sacrificar el confort de los ocupantes y contribuyendo a la reduccion de las
emisiones de gases de efecto invernadero. Este enfoque aprovecha la inercia
térmica de los materiales, transformando la envolvente del edificio en una bateria
térmica pasiva. De este modo, al almacenar de forma estratégica el exceso de calor
durante periodos de baja demanda o alta generacién renovable y liberarlo cuando
resulta necesario, se posibilitan desviaciones controladas respecto a los puntos de

consigna interiores, manteniendo siempre margenes de confort aceptables.

El sistema se organiza en dos capas interdependientes. La primera, o capa de
planificacién, se encarga de prever los requerimientos energéticos mediante la
prediccion de la demanda eléctrica, las condiciones ambientales y la generacion de
energia renovable en un horizonte de siete dias. Este analisis integral permite
elaborar un cronograma oOptimo para la distribucion de energia entre diversas
fuentes: la red eléctrica, el autoconsumo fotovoltaico, el almacenamiento en
baterias y la capacidad de almacenamiento térmico intrinseco del edificio. De esta
forma, no solo se identifican los periodos de mayor eficiencia econdémica y
ambiental, sino que también se suaviza la demanda energética al trasladar el
consumo fuera de los picos, integrando ademas restricciones operativas en tiempo

real, precios del mercado y perfiles de generacién renovable.

La segunda capa, dedicada al control en tiempo real, utiliza una estrategia MPC
robusta para regular el sistema HVAC. Basado en un detallado modelo térmico del
edificio, el controlador predice la evolucién de la temperatura interior y calcula las
acciones de control 6ptimas para minimizar las desviaciones respecto a los puntos
de consigna. Gracias a la actualizacién continua en funcién de datos en tiempo real,
el controlador se adapta a incertidumbres y perturbaciones externas, garantizando
un funcionamiento fluido y un uso energético eficiente. La formulaciéon del
problema de optimizacion incorpora restricciones estrictas sobre las variables de

entrada del sistema HVAC y restricciones flexibles en cuanto a las temperaturas



de las estancias, con el fin de salvaguardar el confort sin recurrir a medidas de

control excesivas.

Varios estudios de simulacion, realizados a partir de un caso de estudio en una
vivienda unifamiliar en Madrid, han demostrado que la estrategia de control de
doble capa proporciona importantes ahorros energéticos. Las simulaciones
evidencian que, al combinar de manera 6ptima la energia suministrada por la red,
la energia fotovoltaica, el almacenamiento en baterias y la masa térmica pasiva
del edificio, el sistema logra desplazar la demanda energética de los periodos pico,
favorecer la integracion de fuentes renovables intermitentes y mejorar la eficiencia

energética global.

Paralelamente a los estudios de simulacién, se validé el sistema mediante un
prototipo fisico instalado en un entorno real de operaciéon. Las pruebas
experimentales confirmaron los resultados teédricos, demostrando la efectividad de
la estrategia de control predictivo en la integracion de fuentes renovables y en la
optimizaciéon del consumo energético. Estos ensayos permitieron ajustar los
parametros de control y evidenciaron la capacidad del sistema para gestionar las
incertidumbres y perturbaciones propias de un entorno real, reafirmando su

robustez y potencial de escalabilidad en aplicaciones practicas.
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Introduction

1. Introduction

Residential heating is a significant source of greenhouse gas emissions in Europe,
where cold winters and high standards of comfort drive a substantial demand for
heating. Across the continent, homes are primarily heated by burning fossil fuels,
with natural gas, oil, and coal accounting for the majority of the energy used in
household heating systems. This widespread reliance on fossil fuels has made
residential heating one of the leading contributors to carbon dioxide (CO2) and
other greenhouse gas emissions in Europe, directly impacting air quality and
contributing to climate change. According to recent estimates, the residential
sector is responsible for nearly 30% of Europe’s total energy consumption, with
heating comprising the vast majority of this demand, and residential heating alone
produces approximately 12% of the European Union’s total CO2 emissions
(Eurostats, 2024), a figure that fluctuates depending on seasonal temperatures and
energy sources. Countries with colder climates, such as those in Northern and
Eastern Europe, often exhibit even higher emissions due to longer heating periods

and lower average temperatures.

In the United States, buildings account for approximately 39% of all primary
energy consumption and 74% of all electricity consumption (Office of Energy
Efficiency & Renewable Energy, 2024). Thermal end uses, including space
conditioning, water heating, and refrigeration, account for approximately 50% of

building energy demand and are projected to increase in the years ahead.

The adoption of aerothermal and geothermal heating systems in Europe is proving
to be an effective strategy to reduce greenhouse gas emissions from the residential
sector. Unlike conventional fossil fuel-based heating, aerothermal and geothermal
systems extract renewable heat from the air or ground, greatly reducing direct
CO2 emissions. Studies estimate that replacing fossil fuel heating systems with
heat pumps (which include both aerothermal and geothermal technologies) could
cut emissions by up to 70—80% per household. Across Europe, approximately 20
million heat pumps were installed by 2022 (European Environment Agency, 2024),
helping to replace a portion of the emissions-heavy natural gas and oil heating

systems.
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The European Heat Pump Association (EHPA) reports that these installations are
already saving about 50 million tons of CO2 annually (Thomas Nowak and Pascal
Westring, 2023). As part of the European Green Deal, the EU aims to accelerate
this shift, with projections indicating that heat pumps could power up to 40% of
Europe’s residential heating demand by 2030 (European Heat Pump Association,
2024). This large-scale transition is essential for Europe to reach its net-zero
emissions targets by 2050, as heat pumps not only reduce emissions directly but

also operate more efficiently when paired with renewable electricity sources

As energy systems evolve toward greater sustainability, there is growing interest
in leveraging the thermal storage capacity of buildings to reduce energy
consumption and shift demand patterns. Thermal energy storage (TES) is a crucial
enabling technology for the large-scale deployment of renewable energy,
facilitating the decarbonization of thermal end uses, including refrigeration, water
heating, and space heating and cooling, and the transition to a decarbonized

building stock and energy system by 2050.

A variety of thermal storage solutions are available, which permit the storage of
excess thermal energy or heat for subsequent utilization at a more opportune time,
whether that is hours or even days later. Thus, there are several investigations in
the field of advanced thermal storage materials. For example, reference (Gladen
and Bajwa, 2022) investigates new composites materials, and reference (Huo et al.,
2022) presents a novel approach to encapsulate salt hydrate. In the field of thermal
energy storage projects related to envelope systems, for example, reference
(Howard et al., 2024) presents an active thermally anisotropic building envelope
that redistributes thermal loads in response to weather conditions and building
energy demand. However, while all of these ideas are promising, they are all in the

early research phase and far from real application.

The objective of this work is to develop an energy management system that makes
decisions on how to distribute the electrical demand within the house among the
possible sources that supply it, such as the electrical grid, self-consumption (for
example, with solar panels), and energy storage with electrical batteries with the

ultimate goal of reducing the cost of electrical energy.

To this end, this energy management system considers a residential dwelling as
TES in which, taking advantage of the thermal and insulation characteristics of

its structure and envelopes, excess heat can be stored in the structure and
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materials of the dwelling and released, when necessary, while maintaining
comfortable interior temperatures. The proposed use of the building envelope as
TES can be considered as a passive solution for sensible heat storage system for
moderate temperature storage applications in buildings, increasing or decreasing
the temperature of a given material with high heat capacity. In this case, the
envelope includes solid materials, such as concrete and bricks as main components,
which are materials that can be used in buildings to improve the TES capacity.
Their properties have been exploited to use the thermal inertia of the building

structure to attenuate the indoor temperature oscillation.

Therefore, no new envelope materials will be developed, but rather, using the
existing ones, an advanced energy management system will be designed with a
strategy that effectively regulates the energy management of the building with an
efficient use of the HVAC system. In this way, the target temperature inside the
house will be slightly modified, always within the thermal comfort margins of the
occupants. This is intended to supplement the energy storage capacity of the house
as a whole, optimizing the use of batteries, since part of the energy that could
provide the electric battery, will provide the thermal energy stored in the structure
of the house. This will improve the efficiency of the system, reducing the energy

consumption of heating or cooling and, consequently, reducing the cost of energy.

This strategy is especially valuable in areas where renewable energy sources, such
as solar and wind, produce intermittent power, as it enables energy use to be

adjusted based on availability and price fluctuations.

Reference (Felez et al., 2023) includes some preliminary results that served as the
basis for the development of the thesis, while reference (Felez and Felez, 2025)

includes the final results presented in this thesis.

The remainder of this thesis is organized as follows. Chapter 1 provides an
introduction to the research, presenting the background and motivation behind the
study. Chapter 2 offers an extensive state-of-the-art review and clearly outlines
the main objectives that guide the work. In Chapter 3, the materials and methods
used in the development of the proposed solution are described in detail, including
the formulation of the thermal and control models. Chapter 4 presents the results
and validation of the approach, featuring both simulation studies under various
seasonal scenarios and experimental tests in a controlled environment. Chapter 5

discusses the findings, critically analyzing the performance and implications of the
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results. In Chapter 6, future lines of research are outlined, identifying potential
areas for further investigation and improvement. Finally, Chapter 7 summarizes
the main conclusions of the thesis, highlighting the contributions and potential
impact of the work.
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State of the art

2. State of the art

The phenomenon of global warming is leading to the emergence of a novel habitat
scenario, characterized by a heightened prevalence of environmental degradation,
sea level rise, and ecosystem extinction. National and interregional governments
are developing legislation to reduce greenhouse gas (GHG) emissions. High energy
consumption in the building sector is identified as a significant contributor to this
phenomenon (Pérez-Lombard et al., 2008). The poor energy efficiency of the
majority of buildings is a primary factor driving high energy consumption. This is
particularly prevalent in countries, where the majority of buildings were designed
and constructed prior to the implementation of the first energy efficiency

regulations.

A substantial body of research has already demonstrated the necessity of
considering climate change when determining building energy retrofitting
measures. This is evidenced by numerous studies, each of which contributes a
unique perspective to the complex relationship between retrofitting and evolving
climatic conditions. Reference (Pajek et al., 2022) lays the foundation by showing
how building energy performance is expected to deteriorate under future climate
scenarios if retrofitting measures are not adapted accordingly. It highlights the
role of dynamic simulations in predicting these changes. Reference (Guo et al.,
2020) builds on this by quantifying the environmental impact of retrofitting,
particularly in terms of lifecycle emissions reduction, and stresses the urgency of
incorporating climate projections into retrofitting policies. Reference (Andrade et
al., 2021) offers a comparative analysis of various retrofit technologies, concluding
that their effectiveness can vary significantly depending on regional climate
projections, making tailored strategies essential. Reference (Li et al., 2020)
complements this by evaluating the economic feasibility of such measures and
concludes that climate-adaptive retrofits, though potentially more expensive
initially, provide greater long-term returns through reduced energy costs and
improved comfort. Meanwhile, reference (Larsen et al., 2020) emphasizes the
importance of policy frameworks, arguing that regulatory support is essential to
mainstream the adoption of retrofits aligned with climate resilience goals.
Reference (Berardi and Jafarpur, 2020) addresses the unique challenges of
retrofitting heritage and older buildings, demonstrating that even within these

constraints, significant energy improvements are possible when future climate
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conditions are considered. Reference (Yang et al., 2021) advances the technical
methodology by integrating future weather data into simulation models, allowing
for more accurate predictions of post-retrofit performance under changing climatic
conditions. Finally, reference (Bienvenido-Huertas, 2020) brings practical evidence
to the discussion through a series of European case studies, showcasing how
retrofitting projects have successfully adapted to local climate challenges,
resulting in both energy savings and improved indoor comfort. In more detail, the
paper (Peeters et al., 2008) examined the impact of global warming on the
relevance of passive design strategies for the heating and cooling of European
single-family residences, reinforcing the idea that climate-aware design is
fundamental to ensuring that future retrofitting efforts remain effective. Taken
together, these studies underscore the critical importance of integrating climate
change considerations into the decision-making process for building energy
retrofits, ensuring that interventions remain both effective and resilient in the long

term.

A further consideration is the thermal comfort or thermal wellbeing of buildings,
which is defined as people’s subjective assessment of their thermal sensation. It is
typically described as the feeling of satisfaction with the thermal environment
expressed by occupants. Numerous references have studied and discussed this
topic, highlighting that thermal control of buildings is essential to ensure comfort.
Specifically, reference (Ma et al., 2021) provides a theoretical foundation by
identifying key environmental variables, such as air temperature, humidity, and
air velocity, and introducing widely accepted indices like predicted mean vote
(PMV) and predicted percentage of dissatisfied (PPD) to quantify thermal comfort.
Reference (Li et al., 2021) examines how energy-efficient thermal management can
enhance comfort without increasing energy demand, showing that optimized
temperature setpoints and passive solutions like improved insulation can
effectively balance both goals. Reference (Sansaniwal et al., 2022) introduces the
concept of adaptive thermal comfort, emphasizing that occupant satisfaction is
influenced not only by environmental conditions but also by behavioral and
cultural factors. It underscores the need for dynamic comfort models that reflect
real-world usage patterns and individual control. Reference (Zheng et al., 2022)
further expands the discussion by linking thermal comfort to health outcomes and
cognitive performance. It demonstrates that poorly regulated indoor temperatures
can lead to discomfort, health issues, and decreased productivity, particularly in

work or educational settings. Together, these studies underscore that ensuring
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thermal comfort is not only crucial for occupant wellbeing but also integral to the
success of building energy strategies, especially when aligned with climate-

resilient and adaptive control systems.

The objective of (Mofidi and Akbari, 2020) was to review the topics related to the
optimized operation of intelligent buildings with respect to occupant comfort and
energy consumption. The results demonstrate that energy management systems
have a beneficial effect on occupants’ overall satisfaction within an enclosed space.
By regulating indoor environmental parameters, energy management systems in
intelligent buildings can provide thermal and visual comfort for occupants, as well

as satisfactory indoor air quality.

There are also relevant publications in the field of thermal control of buildings.
The specific control methodology employed is contingent upon the type of controller
and algorithm utilized (Afram and Janabi-Sharifi, 2017). The reference (Grassi et
al., 2022) offers a comprehensive review of recent literature on systems and
methodologies for the control of thermal comfort in buildings. The papers analyzed
exhibited discernible trends with regard to both thermal comfort analysis and
control strategies. With respect to control aspects, the methodologies employed for
calculating control settings encompass a range of techniques, from expert rules to
sophisticated modelling approaches, such as machine learning and model

predictive control.

In relation to methodologies such as machine learning (ML) or, more broadly,
artificial intelligence (AI), reference (Halhoul Merabet et al., 2021) included a
comprehensive systematic review of Al-assisted techniques for enhancing thermal
comfort and energy efficiency in intelligent building control systems. This review
found that while AI/ML applications in the building sector are gaining attention,
the field is still in a relatively early phase of adoption. It identified key challenges
including concerns about cybersecurity, privacy, and the sensitivity of data in
smart building contexts. Additionally, it pointed to the lack of large, high-quality
datasets for building model training and the need for more advanced, Al-driven
models that can accommodate the dynamic nature of indoor environments and user

behavior.

Despite these challenges, recent research has shown significant progress and
innovation in this area. Specifically, reference (Gupta et al., 2021) explores the
application of Artificial Neural Networks (ANNs) to predict thermal behavior in

smart buildings using historical environmental and energy consumption data. The
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results confirm that ANNs can generate reliable forecasts and support the efficient
operation of HVAC systems through adaptive modeling. Reference (Gao et al.,
2020) takes a different approach by applying Reinforcement Learning (RL) for real-
time HVAC control. The RL agent learns optimal control strategies by interacting
with the building environment, achieving energy savings of up to 20% while
maintaining user comfort, surpassing traditional control methods in flexibility and

performance.

Further advancing the field, reference (Ngarambe et al., 2020) applies supervised
machine learning to model user-perceived thermal comfort using data from IoT-
based environmental sensors and subjective occupant feedback. The model enables
highly personalized climate control, improving both comfort and energy efficiency.
Lastly, reference (Valinejadshoubi et al., 2021) investigates the use of deep
learning models, such as Convolutional Neural Networks (CNNs) and Long Short-
Term Memory (LSTM) networks, for long-term energy demand forecasting. These
models demonstrate superior accuracy even in noisy or incomplete datasets,

making them valuable for strategic energy planning in smart buildings.

Taken together, these studies underscore the growing potential of Al and ML
technologies in transforming the way buildings are managed. They not only
highlight ongoing efforts to improve energy performance and occupant comfort
through intelligent control, but also point to the next frontier of challenges,
especially those related to data availability, real-time adaptability, and privacy
concerns, that must be addressed to fully realize the benefits of Al in the built

environment.

In relation to control methodologies, reference (Esrafilian-Najafabadi and
Haghighat, 2021) undertook a review of research works concerning occupancy-
based control systems. These were classified according to the integration of
occupancy information with control systems, and the strengths and limitations of
the research, as well as research gaps in this field, were discussed from different
aspects, including performance evaluation metrics, control methods, occupancy
models, and building types. Predictive control strategies were proposed in the
literature as a solution to this issue by enhancing thermal comfort of occupants,
and the review revealed that MPC was the most frequently employed approach for

occupancy-based optimal control in the literature.

Model predictive control (MPC) is a control scheme that employs a model to

anticipate the future behavior of a system over a finite time horizon. Based on
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these predictions and the current measured or estimated state of the system, the
optimal control inputs with respect to a defined control objective and subject to
system constraints are calculated. Subsequently, after a defined time interval, the
aforementioned measurement, estimation, and computation process is repeated

with a shifted horizon.

The principal benefits of MPC in comparison to conventional reactive control
methodologies, such as PID (Proportional Integral Derivative) control, are as
follows. Firstly, the characteristic of proactive control action, whereby the
controller anticipates future disturbances and setpoints, is worthy of note.
Secondly, MPC can explicitly consider nonlinear systems. Thirdly, MPC can
accommodate arbitrary control objectives, including traditional set-point tracking
and regulation, as well as economic MPC, where control actions are optimized to
satisfy generic economic or performance cost functions. Finally, MPC explicitly

considers physical, safety, or operational system constraints.

MPC was first introduced in the 1980s for the regulation of processes in the
chemical industry. However, it was not until the 2010s that its use experienced
significant growth in the field of thermal regulation for buildings, due to the high

computational requirements needed (Wang et al., 2017).

A first implementation of model predictive controller applied to the temperature
control of real building was presented in (Privara et al., 2011). The paper (Drgona
et al., 2020) presented a unified framework for model predictive control technology
in building management, with a particular focus on real-world applications. From
a theoretical perspective, it provided an overview of MPC formulations for building
control, modelling paradigms, and model types, together with the algorithms
necessary for real-life implementation. Similarly, an overview of the applications
of MPC in building HVAC systems has been provided in (Yao and Shekhar, 2021).
Furthermore, the article discusses modelling techniques and optimization

algorithms in greater detail.

The reference (Yang and Wan, 2022) developed a machine-learning—based MPC
with an instantaneous linearization scheme linear MPC to control the indoor
climate of a hospital. Although the approach has an advantage on computation
time, the cooling energy consumption of MPC without linearization is still lower
than that of linear MPC. In reference (Oldewurtel et al., 2010), temperature and
humidity are considered but not renewable energy systems. The objective of

(Gholamzadehmir et al., 2020) was to examine advanced control strategies and
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their influence on buildings and technical systems with regard to energy and cost
savings addressing research gaps in advanced control strategies for buildings and
HVAC systems. Their findings indicate that, despite the prevalence of MPC in
building applications, it is not optimally suited to systems characterized by
uncertainties and unpredictable data, and significant advancements have been
made, especially as more intelligent technologies, such as cloud computing and IoT,

are being developed.

The principal objective of the paper (Serale et al., 2018) was to define the MPC
formulation framework and undertake a critical analysis of the results produced
by a range of existing MPC algorithms for the management of building and HVAC
systems. The potential benefits of the application of MPC in improving energy

efficiency in buildings were highlighted.

The paper (Ouali et al., 2024) presented a novel control approach for indoor
temperature regulation in tertiary buildings, based on predictive functional
control. The primary control objective is to reduce energy consumption, while
maintaining the desired thermal comfort of the occupants. The proposed approach
demonstrates the potential to perform effectively in the presence of disturbances,
including changes in the occupancy profile, electrical equipment usage, indoor

temperature, surrounding temperatures, and weather data.

A model predictive control system with adaptive machine-learning-based building
models for building automation and control applications was proposed in (Yang et
al., 2020). The system incorporates an adaptive machine learning-based building
dynamics modelling scheme that updates the building model on a regular basis,
using online building operation data through a dynamic artificial neural network.
Furthermore, the system utilizes a multi-objective function that may optimize both
energy efficiency and indoor thermal comfort, two frequently contradictory
demands. The proposed model predictive control system is implemented to
regulate the HVAC and mechanical ventilation systems in two single-zone test
beds, an office and a lecture theatre, situated in Singapore, for the purpose of
experimental evaluation of its control performance. The implementation of a model
predictive control system has been demonstrated to result in a reduction of 58.5%
in cooling thermal energy consumption in the office environment and 36.7% in
cooling electricity consumption in the lecture theatre, in comparison to the levels
of consumption observed in the original control system. Furthermore, the

introduction of the model predictive control system has also been shown to
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significantly enhance the indoor thermal comfort experienced by users in both
testbeds.

In the field if thermal energy storage systems and MPC, several references can be
also considered. A preliminary study on the control of thermal energy storage in
building cooling systems was presented in (Ma et al., 2009). The focus of this study
was on buildings equipped with a water tank used for actively storing cold water

produced by a series of chillers.

The paper (Tarragona et al., 2021) presented a systematic review of the application
of model predictive control strategies to active thermal energy storage systems.
This paper presented a discussion of the strengths and weaknesses of this
technology, with particular emphasis on the difficulty of operating with

complicated physical models as the key limitation to overcome.

In reference (Tarragona et al., 2020), an MPC strategy was proposed as a means
of improving the operation of a space-heating system that is coupled with
renewable resources. This model employs a dynamic approach based on forecasting
all energy inputs into the system over a specified period of time in advance, prior
to the implementation of any operational decisions. The MPC strategy was
implemented with the objective of reducing the annual energy costs associated
with the heating system of a detached house, which was equipped with a heat
pump, a thermal energy storage unit, and photovoltaic panels. The results
demonstrated the efficacy of the model predictive control with a 24 h time horizon,
indicating that energy cost savings of 58% could be achieved in comparison to the

same heating system without smart control.

The objective of the study (Lee et al., 2020) was to ascertain the feasibility of a
MPC strategy for commercial buildings in response to variations in occupancy and
time-variant electricity prices, in comparison to a conventional rule-based control
(RBC) strategy.

In reference (Tang et al., 2023), an MPC optimization framework that integrates a
data-driven cooling load prediction model, a system physical model, and an
advanced optimization algorithm was proposed and applied to a district cooling
system (DCS) coupled with an ice-based TES in Beijing, China. The operational
strategy of the DCS was optimized based on the predicted cooling load, with the
objective of minimizing operating costs under the current time-of-use (ToU) tariff.
The superior economic performance of the proposed optimization framework was

verified by comparing it with two conventional operational strategies. The optimal
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strategy demonstrated a reduction in the operating costs of approximately 8% over

a two-month cooling period.

Reference (Wei and Calautit, 2023) evaluated a price-responsive MPC strategy for
a solar thermal heating system integrated with TES for buildings with high
occupancy variability. The coupled system supplies the building with heating
through a low-temperature underfloor heating system. A case study was conducted
on a university building in Nottingham, UK, with the objective of evaluating the
feasibility of the proposed heating system, which is controlled by an MPC strategy.
The MPC controller was designed to optimize the solar heating system’s operation
by dynamically adjusting to forecasted weather, occupancy, and solar availability,

with the aim of balancing indoor comfort with energy efficiency.

Finally, economic model predictive control (EMPC) (Angeli, 2021) represents a
variant of model predictive control used for optimizing economic revenues arising
from controlled dynamical processes. It has established itself as a variant of
standard MPC, departing from the latter in that arbitrary cost functions are
allowed in the formulation of the stage cost. The reference (Angeli et al., 2016)
illustrated how the EMPC can be adapted to accommodate time-varying or

parameter-varying costs.

Several references have dealt with EMPC for energy management in residential
buildings. In (Finck et al., 2019), an MPC utilizing artificial neural networks
(ANNs) was implemented in a residential building. The ANN-MPC was
successfully tested and demonstrated satisfactory performance in predicting the
building’s energy consumption. Subsequently, the controller was modified to
function as an EMPC, with the objective of optimizing demand flexibility, defined
as the ability to adapt energy demands in response to fluctuations in supply. The
operational costs of energy usage were associated with this demand flexibility,
which was represented by three flexibility indicators: the flexibility factor, the
supply cover factor, and the load cover factor. The results of the day-long test
demonstrated that these flexibility indicators were optimized when the EMPC
controller’s demand flexibility was compared to that of a conventional
proportional—integral (PI) controller. Specifically, the flexibility factor ranged from
—0.88 to 0.67, the supply cover factor from 0.04 to 0.13, and the load cover factor
from 0.07 to 0.16.

To conclude, (Kuboth et al., 2019) examined the potential of EMPC of complex

residential energy systems with electric coupling to the public grid. The system
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under examination incorporates a battery energy storage system, photovoltaic
power generation, an air-to-water heat pump, thermal energy storage and a
building model. The aforementioned power generation system provided energy for
electric loads, as well as domestic hot water and space heating. Two algorithms for
distributed MPC were developed, and their efficacy was evaluated in comparison
to a common reference control concept and a centralized model predictive control
approach. In order to facilitate a comparison of the annual operational costs, the
current German energy prices and subsidies were incorporated into the economic
calculation. The results demonstrated an enhanced performance of the developed
approaches, with an 11.6% reduction in cost in comparison to the reference. This
was achieved by increasing the heat pump seasonal performance factor by 3.4%,
reducing the curtailment of electrical photovoltaic energy to 21.5% of the reference
value and preventing the operation of the auxiliary heater. Furthermore, increased
photovoltaic self-consumption by the heat pump resulted in a slight reduction in
battery storage operation. In conjunction with the aforementioned monetary and
energetic advantages, MPC increased comfort with regard to the violation of

minimum limits for the comfort criteria.

Finally, the issue of resilience is of particular concern. The global effects of climate
change are projected to increase the frequency and intensity of extreme weather
events, including heatwaves and power outages. These events can have significant
consequences for buildings and their cooling systems, underscoring the need for
resilient design and operational strategies. Reference (Zhang et al.,, 2021)
conducted a comprehensive review of existing cooling strategies, with a particular
focus on their performance under heatwaves and power outages. The study
advanced a definition of resilient cooling and delineated four criteria for resilience:
absorptive capacity, adaptive capacity, restorative capacity, and recovery speed.
The literature review and qualitative analyses indicated that, to achieve resilient
cooling, the four resilience criteria should be considered during the design phase
of a building or during the planning of retrofits. It is essential to take into account
the characteristics of both the building and its cooling system to ensure the ability
to withstand extreme events. A combination of strategies with different resilience
capacities, such as a passive envelope strategy coupled with a low-energy, space-

cooling solution, may be needed to obtain resilient cooling.

This thesis introduces a novel approach to residential energy management by
integrating advanced TES and MPC concepts into a unified system. Unlike

existing studies that often focus solely on optimizing energy usage in isolation (e.g.,
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HVAC systems or battery storage), this work leverages the thermal inertia of
building envelopes as an additional storage mechanism, contributing to resilient
design and operational strategies. By dynamically adjusting the target indoor
temperatures within comfort margins, the system effectively utilizes the building’s
thermal mass as a low-cost and sustainable alternative to conventional energy
storage solutions. This strategy not only enhances energy efficiency but also
significantly reduces reliance on high-cost electricity during peak demand periods,

a feature rarely explored in comparable studies.

Furthermore, the developed system incorporates a multilayered optimization
process, combining a seven-day prediction horizon for energy planning with real-
time control adjustments. This approach allows the EMS to anticipate fluctuations
in energy prices, weather conditions, and household demand, enabling more
accurate and cost-effective decision making. Unlike traditional energy
management frameworks, which often rely on simpler rule-based or reactive
strategies, the proposed system employs MPC to achieve a proactive and robust
response to varying conditions. The integration of these capabilities into real-world
testing environments—validating performance improvements both in laboratory
prototypes and residential installations—sets this work apart by demonstrating
its practical applicability and scalability. This comprehensive evaluation
highlights the potential of the system to contribute meaningfully to the

decarbonization of the residential sector.
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3. Materials and methods

The objective of this work is to develop an energy management system that, using
the basic principles of EMPC, minimizes the cost of electricity consumed in a house
by optimizing its electrical energy consumption, of which air conditioning is an
important part but not the only one. It has been developed for use with a regulated

electricity market, in which the price of energy is updated in real time every hour.

As starting and design conditions, the analysis is carried out for a house that has
an energy input from the grid, a self-consumption system (solar panels), and an
energy storage system (batteries). In addition, the structural characteristics of the
house envelope are also used as a thermal energy storage system (also called
thermal battery).

The proposed system has two layers: a planning layer that proposes the optimal
distribution of energy sources over a given time horizon that selects when it is best
to use grid or stored energy based on energy costs, and a second layer with a real-

time control system that regulates the HVAC system for efficient use.

First, a system for planning the electrical energy consumption of the house was
designed. As inputs to the planning system, predictions of the electrical
consumption of the different appliances present in the house are needed. In
addition, it is also necessary to forecast the intended use and occupancy of the
residence in order to ascertain the necessity for HVAC. HVAC consumption is
obtained from the predictions of outdoor atmospheric conditions, such as
temperature and solar radiation, for example. Finally, it is also necessary to

forecast the variation of energy prices.

The data provided by OMIE (OMIE, 2024) were used to forecast electricity market
prices. OMIE is the Iberian Market Operator that manages the day-ahead and
intraday markets based on the criteria of independence, transparency, and
objectivity. The forecast model for longer periods used for this work is based on the

reference (Garcia-Martos et al., 2007).

In this way, the planning system estimates the electricity consumption depending
on the time of day based on predictions of occupancy, the consumption of
appliances, lighting, etc., along with the prediction of energy demand of the HVAC
system. Statistical data provided by Eurostat (Eurostats, 2024) have been used to

predict the consumption of the different electrical appliances, lighting, etc.
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For the photovoltaic (PV) production estimates, the PVGIS platform (EU Science
Hub, 2024), widely used in the sector, has been chosen, thanks to which, by
entering the orientation and inclination data of the panels, a production curve is

obtained for the desired location.

Finally, an algorithm based on MPC has been used for the prediction of the HVAC
system consumption, which aims to accurately calculate the energy consumption
as a function of time. This control system is based on a thermal model of the house
and is fed with predictions based on the time of day that affect the energy demand,

such as outdoor temperature, solar radiation, etc.

When choosing a source of weather forecasts, there are different sources of
information, as well as agencies that provide reliable weather forecasts. In this
case, Weatherbit (Weatherbit, 2024) has been chosen, since it contains information
on different time scales and weather parameters, such as temperature, humidity,

etc.

Then, the objective of the system planner is to make decisions on how to distribute
the electrical demand within the house among the possible sources that supply it,
such as the electrical grid, self-consumption (for example, with solar panels),
electric batteries, and the control of the HVAC. The system planner is
schematically represented in Figure 1. In the planner’s operating scheme, the
communication with the grid is bidirectional, taking energy from the grid when
necessary or returning energy to the grid in case of surplus. The consumption of
electrical appliances and lighting is always an input. It also manages the use of
the energy storage system, taking energy from it, or recharging it (prioritizing
recharging over returning energy to the grid). Finally, the planner sets the HVAC
system operating guidelines to make efficient use of it, giving directives for the
indoor temperature that it should try to reach in the rooms to supplement the
energy storage capacity of the house as a whole considered as a TES, optimizing

the use of batteries.
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Figure 1. General overview of the system.

In order to minimize the cost of electric energy, once the need for electric energy to
meet the demand at a given time has been obtained, priority will be given to the
use of self-consumption energy that has no cost. The remaining energy will be
distributed between the energy supplied by the grid and the energy supplied by
the storage system, prioritizing the use of storage when energy prices are high,

and grid consumption when prices are low and then recharging the batteries.

Additionally, the house is considered as a TES when it takes advantage of the
thermal and insulation characteristics of its structure and envelopes. Heat can be
stored in the structure and materials of the house and released, when necessary,
by acting on the interior temperature to be reached in the rooms. For this purpose,
the materials of the envelope are not modified, but with the existing ones, the
planning system proposes slight variations of the target temperature inside the
rooms, always maintaining comfortable indoor temperatures that cause energy
storage based on the abovementioned TES principles. This approach leverages the
thermal inertia of the building to store or release heat strategically, reducing
energy demand during peak periods and enhancing overall efficiency. By allowing
controlled deviations from the setpoint temperature, the system can shift energy
usage to times when it is more cost-effective or environmentally friendly,
contributing to a sustainable and optimized climate control strategy. This
approach improves the efficiency of the system, reducing the heating or cooling

energy consumption and, consequently, reducing the energy cost.
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In this way, the planner works by analyzing data on energy demand and indoor
temperatures, outdoor weather conditions, energy prices, and occupant schedules
to anticipate heating and cooling needs. Based on these data, the optimizer
proactively adjusts heating and cooling systems, storing thermal energy when
renewable energy is abundant, and/or energy prices are low. During peaks in
energy demand or when energy costs are high, the system reduces active heating
or cooling by drawing on thermal energy stored in the home’s structure. This
approach not only improves energy efficiency and reduces greenhouse gas
emissions but also offers flexibility to the grid, reducing stress during peak hours
and allowing for the greater integration of renewable energy sources. By means of
continuous optimization, the home can be made to achieve energy savings, improve

comfort levels, and contribute to broader sustainability goals.

At the planning level, the use of a seven-day forecast horizon offers a significant
advantage over a one-day horizon by providing the system with a broader
perspective on future energy demand, costs, and generation trends. With this
extended horizon, the planner can better anticipate fluctuations in energy prices,
PV generation, and thermal energy demand, allowing him to make more strategic
decisions about when to store energy in the TES and when to consume it. A shorter
horizon lacks the ability to forecast and plan for longer-term trends, leading to less
efficient energy management and higher cumulative costs. While a one-day
horizon can respond reactively to immediate conditions, it misses opportunities to
optimize for the longer term, underscoring why a seven-day model achieves better
results in both cost savings and operational efficiency. This optimization
minimizes energy costs by avoiding reliance on expensive electricity during periods

of high demand and using cheaper energy during periods of surplus or low cost.

The results obtained from the planning layer provide the target temperature
guidelines within the rooms that the HVAC controller should try to reach, so as far
as the real-time HVAC controller is concerned, given that both electricity market
prices and weather conditions are changing, the planning layer is updated hourly,

considering it as a shifting horizon.

3.1.HVAC Control

This section includes everything related to the control system used to predict the

consumption of the HVAC system. It is based on MPC and is derived from a
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thermal model of the house fed with predictions based on the time of day that affect

energy demand, such as outdoor temperature, solar radiation, etc.

First of all, the thermal model considered will be described. Next, the
characteristics of the MPC control system that has been developed will be

described.

3.1.1. Thermal Model

The first step involves defining a theoretical model for the temperature evolution
within an enclosure. Based on the First Law of Thermodynamics, when applied to
a control volume, the principle of energy conservation dictates how temperature
changes within that space. This relationship can be generally expressed as the

following differential Equation (1):

Evol = Ein/out + Eg + chim (1)

where E,,; represents the rate of change in energy stored in the volume, expressed
inW, E;, Jout denotes the rate of energy exchanged with the outside of the enclosure,
expressed in W, and Eg represents the rate of energy generated in the volume,

expressed in W.

By applying the generic control volume approach to a specific enclosure, we derive
the equation that describes its thermal behavior. In this context, several

considerations can be made to further break down the previously defined terms.

The E,, term (2) represents the sum of the rate of thermal energy change in the
air inside the enclosure plus the rate of thermal energy change in the materials
within the enclosure. It is assumed that the air temperature is uniform and
consistent throughout the entire enclosure. Based on this, the following Equation
(2) is obtained:

Eyor = (mair * Cpair + Zj mmatj : Cpmat'j ) T=MT (2)

In (2), mg;, and my,q; j represent the mass of air inside the enclosure and the mass

of each material in the enclosure, respectively, both measured in kg. The terms
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Cp,;, and Coma denote the specific heat capacities of the air and the materials,
expressed in J/(kg K). Finally, T represents the rate of change in the temperature
over time.

The term Ejp /0y, in (1) includes the thermal power related to the solar radiation

received (Q,,q4), the heat transferred through the envelope (Q.,.), and the
ventilation thermal load (Q,.n;) required to maintain indoor air quality in

compliance with legal standards. The breakdown of this term is as follows in (3):

Ein/out = Qrad + Qenc + Qvent 3)

The heat due to solar radiation Q,,y4, expressed in W, is indicated in (4):

Qrad:Gi'S'F'Or'f (4)

In (4), G; represents the global irradiance, expressed in W/m2, while S denotes the
area of the window on which it is incident, expressed in m2. F'signifies the modified
solar factor, Or denotes the solar radiation coefficient according to the orientation
of the window, and f represents the attenuation correction factor for elements such

as curtains or awnings.

The heat transmitted through a wall j, denoted Q.. j» expressed in W, is calculated

as follows in (5):

Qencj = U] ) Sj ’ (Textj -T) ©)

In (5), the heat transmission coefficient for a wall, U;, is expressed in W/(K m?2),
while the area, §;, is expressed in m2. The indoor temperature, T, is expressed in

K, as 1s the temperature of the external environment with which the enclosure

area contacts, T,y j. It 1s important to note that this external environment includes

both the external environment and other possible enclosures.

In consideration of the fact that an enclosure may comprise multiple walls, the

general expression is represented in (6):

Qenc = Zj U] ’ Sj ’ (Textj -T) (6)

where the subscript j indicates the number of walls present in the entire enclosure.
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The ventilation heat load, Q,ey;, is expressed in W and has the form indicated in

(7):

Qvent = Myen * Cp - (Texe —T) (7)

where m,,.,,; 1s the mass flow rate of ventilation air required for the enclosure,
expressed in kg/s; ¢, is the specific heat of the ventilation air, expressed in J/(kg
K); T is the temperature of the enclosure, expressed in K; and T,,, is the outdoor
temperature, expressed in K. The flow rate m,,,; can be calculated as the product
of the outdoor air density p,,:, expressed in kg/m3 by the ventilation flow rate V, .,
introduced into the enclosure, expressed in m?3/s. This term m,,,; represents the
mass flow rate of ventilation air required for the enclosure, expressed in kg/s.

Therefore, this can be expressed as shown in (8):

Qvent = Pext Vvent “Cp - (Text — Tine) (8)

The E'g term includes the thermal loads due to lighting inght, equipment Qequip,
and occupancy roup, which has a latent heat component in addition to a sensible

heat component.

Eg = Qlight + Qequip + roup )

Finally, the thermal load introduced by the HVAC system present in the enclosure

Q.1im must be incorporated as shown in (9).

By aggregating all the developments of the terms that have been made, Equation
(1) can be reorganized in the following differential equation that determines the

time evolution of the temperature:

MT=A+BT+ Qim (10)

Equation (10) represents the thermal model to be solved. The terms A and B
represent the grouping of terms obtained in the different Equations (3) to (8) that
do not depend on T (term A) and those that multiply the variable T (term B), as
well as those that represent all the actions on the enclosure outside the HVAC
system to be controlled. In general terms, expressions (3) to (8), and, therefore, A
and B, are time-dependent functions, since they depend on the time of day and the

thermal loads not associated with HVAC in each time phase.
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Finally, the term Q;, represents the action performed by the HVAC system and
that will be the variable to be controlled to try to achieve the desired interior

temperature T of an enclosure.

3.1.2. Design of the MPC

The proposal is to implement a control system, with a dedicated unit for each room,
based on an MPC approach. The controller is nonlinear, and the constraints are
explicitly handled (Mayne et al., 2000).

According to the receding horizon principle, at each time step, the MPC algorithm

computes the optimal temperatures solving a finite horizon optimization problem.

For the formulation of the MPC, a prediction horizon [t,t + Np] 1s considered at
time ¢ The notation x..x represents the state vector at time t + k, predicted at

time t, obtained by starting from the current state x,; = x(t) = x,, and where u, =

[uqt, e Upy Np_1|t] denotes the unknown input variables to be optimized.

The control system aims to achieve the target comfort temperature in each room,
while satisfying the state and input constraints. So, for a particular room i, the

state variable is the temperature T,£|t and the unknown input variable to be

optimized is the thermal load introduced by the HVAC system Q,i(|t.

Therefore, the optimization problem for the temperature controller can be
formulated in (11):

1'31;1 ](Tli|t' Qli|t' ATI£|t) (11)
subject to:
qe=TF  Vi=1,..,N, (12)
Tki+1|t = Tli|t + Z§{=1 ijtf(Tlé,ﬂt' Qlic,j|t) Vk €
[t,t+N,—1] Vi=1,..,N, (13)

f(The Q) = (A" +B' T + Qfy ) /M
Vkeltt+N,—1] Vi=1,.,N, (14)

38



Materials and Methods

Qrief = Qlic|t < Q'}ileat
VkE[t,t+N,—1] Vi=1,..,N, (15)

Tie — AT < Tjop with AT 20
vk e[t,t+N,—1] Vi=1,..,N, (16)

Nyt — AT! < Tie
Vi=1,..,N, (17)

A-a)M <M <A +a)M
Vi=1,..,N, (18)

~8T < wr,, < 8T (19)

In this optimization problem, N, is the number of air-conditioned rooms in the

dwelling, and N, is the prediction horizon.

The state Tti|t at time ¢ is initialized with the actual temperature of the room T¢, as
seen in Equation (12). Then, future states are obtained with Equation (13), which

follows a linear discretization approach of Equation (10).

It should be noted that hard constraints are used for the input variables in this

optimization problem; whereas, soft constraints are used for the state variables.

A hard constraint from Equation (15) limits the input variable Qliqu between the

maximum refrigeration Q., s and heat Q.4 thermal loads.

Moreover, Equation (16) bound the temperature of the room, where T}, (K) is the
estimated temperature of the controlled room at instant k calculated at time t, and
Trief is the temperature objective to be reached. This is a soft constraint where
Equation (16) penalizes, exceeding the maximum speed through the positive slack

variable AT}.
The terminal constraint in Equation (17) serves as an operational constraint.

In addition, for the real-time MPC, as it is designed in a robust scenario-based
MPC that considers uncertainties in the design parameters and disturbances in

the inputs, the following constraints are added.

Equation (18) includes the uncertain in the design parameters considered in the
model. In this way, an uncertainty has been considered in the evaluation of the

thermal inertia of the building (18), where a is the deviation from the nominal
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value of thermal inertia expressed as a percent of one. On the other hand,
constraint (19) represents the white noise disturbance considered for the outside
temperature of the enclosures being 8T the amplitude of the uncertainty for the

temperature sensor.

Therefore, we define the objective function J to be optimized in (11) as in Equation
(20). The objective function has been constructed following the usual and
recommended practice of normalizing the terms of the objective function, in order
to avoid the terms whose values belong to a higher order of magnitude not

presenting more weight than the remaining terms.

t+Np N i Tkilf i ATki|t i Q;iqt
]:Z_pz-_u(Kl'|1— : + Kb |2 + K- [ 20
k=t S= T Tref AT [ 1ies N | [o1 (20)

The cost function (20) has several dimensionless coefficients: K% > 0 represents the
weight penalizing the output deviation from the maximum temperature of

reference T}, K i - represents the weight penalizing the positive slack variable AT},

and Ké is a tuning parameter used to smoothen the obtained optimal solution.

The developed HVAC controller is used for two functions. Firstly, as a further
component of the planner, it is used for the prediction of the consumption due to
the air conditioning of the building. In this case, the MPC is focused on a nominal
control design, i.e., we assume perfect model knowledge at the design stage. In this
case, the MPC is built based on Equations (11)—(17) and (20).

However, secondly, MPC is also used, once the planning has been completed, as a
real-time control system, where the HVAC behavior is regulated. In this case, it is
considered a robust controller where uncertainties in the estimation of certain
parameters and disturbances in the inputs to the system are then considered,
being built based on Equations (11)—(19) and (20).

Once the optimization problem has been solved, for each room, the resulting

optimal states and inputs are denoted as following:

T} = (Ttl|t tl+1|t Ttl+Np|t) 1)
W3 o ok T R T
O = (Qilf|t Qé+1|t Qtlt+Np—1|t)

For closing the loop, the first input is applied to the system (10) during the time
interval [t,t + 1):
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0f = 0, (22)

At the next time step, t + 1, a new optimal problem in the form of (11)—(20), based
on the new measurement of the state, is solved over a shifted horizon, yielding a

moving receding horizon control strategy with control law.

3.2.Energy Consumption Planner

The energy consumption planner has been developed to manage and optimize the
energy consumption of the house, minimizing the cost of the required electrical

energy. For this purpose, an optimization problem has been formulated.

The objective function to be minimized is the cost of electricity over a period of time

tp, so the objective function can be written as:
(Pt x (Cg* + Ct—DE) + PE, x CEy) (23)

where P/ represents the price of electricity from the grid at time t. Cg* is the grid
electricity consumption of the house, obtained by adding the predicted
consumption of appliances, lighting, and HVAC, subtracting the part already

covered by the self-consumption coming from the PV installation.

Related to the batteries, C} represents the charging power coming from the grid
and D represents the discharging power by the batteries. P, is the price of

charging the batteries with energy from the PV installation, and Cf, is the
charging from photovoltaic surplus energy. If we assume that the cost of

photovoltaic energy is 0, the objective function can be rewritten as follows:

min 3,707 (B x (Cg* + €L - DY) (24)

Cp.Dp,Cpy

subject to the following constraints:

(1 —DOD) = STG < SOC* < STG
S0Ct =S0Ct +at - (Ct+ Chy) — Bt - D} (25)

at +pt <1 (26)
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0 < CL+ Chy < Powg (27)
0 < D < Powy, (28)
Cgt +at-(CL+ Chy) — Bt Df < Powpg (29)

Constraint (25) refers to the technical limits of the batteries, where DOD is the
depth of discharge of the batteries, STG is the capacity in kWh, and SOCt in kWh
1s state of charge of the batteries at time t. The model used does not take into
account battery degradation.

Constraint (26) ensures that the battery cannot charge and discharge
simultaneously. For this reason, a'and B' act as binary flags: when a' =1,
charging occurs, and when ¢ = 1, discharging occurs. Their sum being limited to

1 prevents overlapping operations, preserving the logical integrity of the system.

Constraints (27) and (28) are also related to the technical limitations of the

batteries, limiting the maximum charging Pow, and discharging Pow, power in
kWh of the battery.

Additionally, a constraint called “peak shaving” (29) is implemented to avoid power
spikes, where Powpg in kWh represents the maximum power that should not be

exceeded at any time. A graphical example of this function can be seen in Figure
2.

a == Original Demand
—— Shaved Demand
------ Peak Limit

Energy Demand (kW)

0 5 10 15 20
Time (hours)

Figure 2. Peak saving constraint.
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3.3.Implementation

To evaluate the results of the proposed system, a mock-up consisting of a
residential house, specifically a single-family home for two people, is proposed. Its
location was established in downtown Madrid, since this is a location where it is
interesting to achieve energy savings and reduce CO2 emissions. The house has a

single floor and a sloping gable roof.

Appendix A includes a 3D model of the house, and Appendix B includes the
parameters considered for the thermal model of the house. The parameters used
in the thermal model have been obtained with CYPECAD MEP (CYPE, 2024).
CYPECAD MEP is a program for the design and sizing of the building envelope,
layout, and facilities on a 3D model integrated with the different elements of the
building. The program allows to obtain the necessary parameters for the thermal
model, based on the edges detected, depending on the construction solutions
adopted and the description of the building from the point of view of thermal
analysis (zoning, description of spaces, etc.) according to the standards
ANSI/ASHRAE/ACCA Standard 183-2007 (ANSI/ASHRAE/ACCA, 2020), CEN/TR
12831 (CEN/TR 12831, 2017) or ISO 6946 (ISO 6946, 2021). The data for each
enclosure include interior conditions, occupancy, illumination, ventilation established
according to current regulations, and equipment or other loads. The program also
includes libraries of enclosures, partition walls, floors and roofs, as well as various

types of windows.

For the calculations in this thesis, the design conditions considered are an
operating temperature range inside the enclosures of 22 °C to 26 °C in summer
and 18 °C to 23 °C in winter, with a relative humidity of 50% maintained

throughout both seasons for all air-conditioned rooms in the house.

For sizing the photovoltaic system, the following factors were taken into account:
the available roof surface area for installing solar panels, the absence of shading
that could hinder proper radiation reception, the geographical location of the
house, and the increased energy demand during winter for heating. Consequently,
a photovoltaic setup with 14 solar panels of 450 W each was selected, providing a
total peak power of 6.3 kW. Additionally, a 10 kWh electrical battery was included

in the design.

The developed system is designed for continuous operation. As previously

mentioned, predictions are made with a seven-day horizon, as this represents the
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optimal balance: it provides the planner with enough foresight to improve accuracy
and maximize energy savings, while avoiding unnecessary increases in
computation time. This process uses data from prediction models for costs, house
usage, atmospheric conditions, and other factors to generate hourly predictions for
the entire week ahead. For the planner, the HVAC MPC provides power
requirements as well. With these data, the optimizer provides the demand
prediction and the battery usage planning with the abovementioned time
frequency. The execution process has several steps and 1s schematically

represented in Figure 3.

Predictions:

* Home appliances consumption
* HVAC consumption

* PVenergy

Technical constraints Electricity prices
* Thermal storage capacity
* Electric storage capacity —
* Charge/discharge power

* DOD batt
attery /\ PV prices

Electric battery
charge/discharge
setpoints

Energy consumption
optimization algorithm

New objective
temperatures

Figure 3. General overview of optimization process.

First, the price prediction models, electrical consumption prediction (excluding
HVAC consumption), and solar radiation are executed, providing results with an
hourly frequency, and are considered constant during that hour. Parameters and

values considered for the planner module are included in Appendix D.

Second, the MPC model is run to obtain an accurate prediction of the HVAC
consumption. This model is run by updating the inputs to the model (outdoor
temperature, atmospheric conditions, etc.) and target temperature to be reached
in each room once every hour and allows us to obtain the temperature of each room

at each instant of time.

Subsequently, once all the predictions have been obtained, the energy optimization
model is run for two purposes: first, to determine a schedule for running the electric

battery and, second, to establish a target temperature profile inside the rooms for
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the house to act as a thermal battery, proposing operating temperature profiles for
weekdays and weekends designed to balance comfort and energy efficiency based

on occupancy patterns.

According to an IDAE study (IDAE, 2020), the ideal indoor temperature is between
21-23 °C during the day and 16-18 °C at night for the winter months. However,
in cold areas, these figures can rise to 22—24 °C during the day and 18-20 °C at
night. In the same way, the ideal temperature is between 21-23 °C during the day
and 16-18 °C at night for the summer months. For this reason, the capacity of the
home’s thermal battery has been defined as the energy required to increase the
indoor temperature by 2 °C and maintain it for at least 2 h. Based on this
calculation, the required energy is 6 kWh thermal, which is equivalent to 2 kWh
electrical, considering that the HVAC system has a COP (Coefficient of

Performance) of 3.

Regarding the charging strategy, priority has been given to the use of the electrical
battery. This means that the electrical battery will be charged first, and once it is
fully charged, the thermal battery will then be charged. Therefore, if the planner
determines that the thermal battery needs to be charged, the target temperature
of the enclosures will be increased by 2 °C to achieve and maintain the required

level.

Finally, once the desired temperature profile for each room is determined, the MPC

model is run again to control the HVAC and achieve the desired objectives.

The MPC used for to control the HVAC has been implemented by programming in
Python, using the do-mpc toolbox (Fiedler et al., 2023). Do-mpc is a comprehensive,
open-source toolbox for robust model predictive control and moving horizon
estimation that enables the efficient formulation and solution of control and
estimation problems for nonlinear systems, including tools to deal with
uncertainty and time discretization. Ipopt (Wachter and Biegler, 2006) has been

used as the solver for the optimization MPC problem.

In an MPC controller, the parameter values of the sampling time, the prediction
horizon, and the control horizon have to be set. The values assigned to them have
a very relevant influence on the results provided by the controller, so it is necessary
to select them properly to achieve the best results. However, there are no analytical
methods that allow for determining the optimal combination of these parameters,

beyond a series of general considerations that allow for starting the iteration of
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values, finally obtaining, through the trial-and-error method, those values that

allow for the generation of adequate results.

In addition to these parameters, it is also necessary to fix the positive values of the
coefficients of the different terms that constitute the objective function that the
controller tries to minimize. Similarly, these weights have a notable influence on
the results provided by the controller and must be carefully chosen by trial and
error, there being no analytical methods for this purpose. It is emphasized that for
these parameters, as well as for those mentioned above, the values that provide
optimum controller behavior vary with the modeling that has been carried out in

each case, as well as with the initial conditions that are considered.

In the different cases analyzed, the control horizon is equal to the prediction
horizon, a fairly common practice. The choice of sampling time, prediction horizon,
and weights are made considering several criteria, such as the accuracy of the
temperature results, the energy cost associated with power consumption, or the
computation time needed by the controller to solve the system of differential

equations.
The parameters used for the MPC model are included in Appendix C.

The time step (1 min) and prediction horizon (60 min) play a crucial role in
determining the operation of the HVAC controller and the overall effectiveness of
the energy management strategy. The 1 min time step allows for the controller to
make frequent updates to its decisions, enabling precise and fine-grained control
of the HVAC system. This ensures that the system can quickly adapt to changes
in indoor temperature or external factors, like wind or solar radiation variations.
While a shorter time step increases computational demand due to more frequent
calculations, it ensures that the controller operates with a high level of precision,
minimizing energy waste and maintaining thermal comfort. The 60 min prediction
horizon, on the other hand, provides the controller with the ability to forecast
system behavior, including the building’s thermal response and anticipated

changes in other factors that influence the controller over a sufficient period.
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4. Results and validation

4.1.Simulation results

This section presents and discusses the results obtained from the simulations
performed for the different use cases indicated in the single-family house. The
objective of this section is to show the results obtained with the planner and to
quantify the economic savings achieved with the proposed solution. Three
scenarios have been considered, one corresponding to a week in the winter period,
other to spring and the last one to a week in the summer period. With these three
cases, it will be possible to see in detail the operation of the planner, and how the
use of the batteries is managed, according to the different energy consumption
demands of the house.

4.1.1. Winter

On weekdays, the temperature is set to 18 °C during the night and during working
hours when the house is typically unoccupied. It increases to 20 °C in the morning
for waking up and preparation and to 21 °C in the evening for comfort during home
activities, before dropping to 19 °C for sleeping. On weekends, when people tend to
be at home more, the temperature starts at 18 °C during the night, rises to 20 °C
in the early morning, and stays at 21 °C throughout the day to ensure comfort
during indoor activities, before settling at 19 °C at bedtime. This profile ensures a

comfortable environment, while optimizing energy use.

Figures 4 and 5 show the outside temperature profile and the temperature profile

inside the enclosures of a typical week during winter, respectively.
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Figure 4. Outside temperature profile of a typical week during winter.
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Figure 5. Temperature profile inside the enclosures in a typical week during

winter.

As mentioned earlier, the MPC model is first executed to obtain the most reliable
possible heating consumption curve as a prediction for the optimization model of
the energy consumption.

Figures 6 and 7 show the temperatures obtained and the thermal power required
by the HVAC system, respectively.

In Figure 6, it is evident that the actual temperatures follow the evolution of the
target temperature. It can also be observed that there is a delay between the
setpoint increase and the system response due to thermal inertia. The blue and
yellow lines in Figure 6 are coincident and overlapping with the green line, so that

only the green line is visible in this figure.
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Figure 6. Evolution of the temperature inside the enclosures for a winter week.

In Figure 7, it is shown that the thermal power used exhibits periodic peaks,
indicating that the system is responding to changes in the target temperature. It
is observed that the living room consistently requires more energy than the other

two bedrooms, because it has higher thermal losses and higher heating
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requirements in this zone due to higher outdoor exposure and higher volume. The
peaks in the HVAC system’s energy consumption shown in Figure 7 coincide with
the moments when the indoor target temperatures change, as illustrated in Figure
6. During winter, the system must quickly compensate for the differences between
the ambient temperature and the new, higher target temperatures. This leads to
increases in power consumption, especially when the system adjusts the heating
to reach the higher temperatures. Once the desired temperature is reached, the
consumption decreases, stabilizing until the next significant change in the target

temperature.
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Figure 7. Thermal power required by the HVAC system in each enclosure for a

winter week.

By analyzing both figures together, it can be concluded that the HVAC system is

successfully meeting the temperature objectives.

Using the total HVAC consumption curve, combined with the electricity
consumption of other household loads, photovoltaic production, and grid electricity
prices, the optimization model is run to determine the best use of the different

energy sources.

The results are shown in Figure 8, which shows the electricity consumption of
HVAC, other household loads, and the photovoltaic production.

Figure 8 shows that, during the daylight hours of the first two days, the PV
generation significantly exceeds the combined demand of HVAC and other loads,
creating an opportunity for energy storage or export to the grid. However, during
nighttime or periods of low sunlight, PV generation drops significantly, and the
home relies entirely on external power sources to meet the relatively stable
consumption of HVAC and the rest of the loads.
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Figure 8. Electricity consumption of HVAC, other household loads, photovoltaic

production, and storage elements for a winter week.

In relation to outdoor temperature variation (Figure 4) and energy use patterns
(Figure 8), the indoor temperature profile introduces a pattern in the HVAC
system’s energy consumption, which interacts with the outdoor temperature, as

seen in Figure 9.
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Figure 9. Outdoor temperature variation and HVAC system’s energy

consumption.

During nighttime and working hours on weekdays, when the indoor temperature
is set to 18 °C, the HVAC system uses less energy, which aligns with the observed
consumption minimums. In contrast, during the morning, when the temperature
rises to 20 °C for preparation, and in the evening, when it increases to 21 °C for
comfort, the HVAC consumption rises due to the additional effort required to reach

the programmed temperatures, especially on colder days.

On days with lower outdoor temperatures, the HVAC system needs to work harder
to heat the house, resulting in higher consumption peaks. Conversely, on days with
higher outdoor temperatures, the HVAC requires less energy, since the outdoor

temperatures are closer to the desired indoor settings.
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On weekends, when the indoor temperature remains at 21 °C for most of the day
to ensure comfort, HVAC consumption is likely more constant and higher

compared to weekdays, though this pattern depends on outdoor temperatures.

Then, after running the model for a representative winter week, and as a result of

the planner, the new target temperature profile is as indicated in Figure 10.
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Figure 10. New target temperature profile inside the enclosures for a winter

week.

As can be seen in Figure 10, there are certain hours when the target temperature
has risen due to the use of the home as a battery. With the new temperature profile,
we run the MPC model again, obtaining the results that appear in Figure 11.
Again, the blue and yellow lines in Figure 11 are coincident and overlapping with
the green line, so that only the green line is visible in this figure.
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Figure 11. Temperature evolution inside the different enclosures for a winter

week.
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The temperatures in Figure 11 show greater stability and do not drop as abruptly
after reaching the target temperature. This smoother evolution suggests that the
TES of the home is functioning, meaning that the heat stored in the walls, floors,
or structural elements helps maintain the temperature for a longer period. As a
result, the HVAC system does not need to respond as aggressively or as frequently,

reducing peak energy demand and improving system efficiency.

The comparison between Figure 6 and Figure 11 highlights the influence of the
TES on the temperature evolution of the home. In Figure 6, the lack of thermal
storage capacity generates more pronounced temperature fluctuations, forcing the
HVAC system to work more intensively. In contrast, in Figure 11, the use of the
thermal battery provides greater thermal inertia, reducing heat losses and
stabilizing the temperature across different zones of the building. This not only
enhances thermal comfort but also decreases energy consumption by optimizing
the operation of the HVAC system.

The thermal power required by the HVAC system in the scenario of using the
planner and the TES is shown in Figure 12.

0.0175 A
— Q livin

0.0150 4 Qdorm 1
00125 — Gdom32

r (kW)

0.0100
W
Z 0.0075

Po

0.0050

0.0025 A

0 2 48 72 96 120 144 168
Time (h)

Figure 12. Thermal power required by the HVAC system for a winter week.

Figure 13 highlights the differences in energy consumption between systems with
and without a planner. With a planner, energy usage exhibits noticeable peaks at
specific times, reflecting the system’s strategy of charging the battery and TES
during periods of lower electricity demand and cheaper prices. This optimized
approach stores energy during these optimal periods, reducing consumption
during high-demand or high-cost times. In winter, as shown in Figure 13, this
strategy concentrates energy usage exclusively during low-price periods, ensuring
no energy is consumed during peak pricing times, thereby maximizing cost

efficiency.
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In contrast, without a planner, energy consumption remains constant yet frequent,
with instances of usage even during high-cost periods. This lack of optimization
leads to inefficient and more expensive energy use. By shifting consumption to the
most cost-effective periods, the planner reduces overall energy costs, ensures

sustainable energy management, and achieves a substantial reduction in the final

electricity bill.
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Figure 13. Comparison of electric consumption with and without planner for a

winter week.

Figure 14 illustrates the state of charge (SOC) of the system, with and without
using the planner. Without the planner, the electric battery only works by storing
the excess energy produced by the PV system during periods of surplus generation.
When the solar panels generate more electricity than the home requires, the excess
energy is used to charge the battery instead of being sent back to the grid. Once
the battery is fully charged, it remains on standby, ready to supply power when
needed. As soon as the installation starts consuming energy from the grid, the

battery automatically discharges to meet this demand, reducing grid reliance.
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Figure 14. SOC of the system with and without using the planner for a winter

week.

In contrast, when using a planner, the thermal storage is efficiently managed,
displaying clear charging and discharging cycles. This indicates that energy is
stored during periods when it is cheaper or more convenient and discharged later
when needed. Without the planner, the SOC remains largely low or empty,
highlighting that the storage systems are not effectively utilized, leading to a direct

reliance on instantaneous energy consumption from the grid.

Finally, Figure 15 shows the cost of energy, comparing the results of the optimizer

without and with indoor temperature control using the TES concept.

Figure 15 shows the cumulative cost over time and the impact on total cost. With
the planner, the cost increases at a slower rate, indicating the savings achieved by
strategically charging and using the TES. This optimization allows the system to
avoid using power during expensive periods. In contrast, without the planner, costs
accumulate more quickly, reflecting the inefficiencies of using energy immediately
without leveraging storage capabilities. The jumps observed in Figure 15 are due
to the system where the scheduler strategically concentrates energy consumption
during certain periods when electricity prices are at their lowest. These discrete
increases in cost correspond to the planner’s decision to charge the battery and
TES during optimal pricing windows. By doing so, the planner avoids consuming
electricity during high-cost periods, resulting in cost savings and fewer
incremental increases in the overall cost. In contrast, the system without a planner
incurs more frequent and gradual increases in cost, as it directly consumes energy

on demand without optimizing for lower-priced periods.
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Figure 15. Cost of energy consumption comparing the results of the optimizer

without and with indoor temperature control for a winter week.

In summary, these results show that the TES acts as an energy reservoir that
allows systems to store thermal energy when electricity is cheap or plentiful and
use it later when energy demand or costs are higher. The planner optimizes this
process by determining the ideal times to charge and discharge the storage,
thereby minimizing costs and improving energy efficiency. Without the planner,
the system fails to take advantage of thermal storage, resulting in higher costs and

more inefficient energy use.

4.1.2. Spring

The temperature profile during a spring week is similar to that of winter, following
the same approach to ensure comfort while optimizing energy use. On weekdays,
the temperature is kept at 18 °C during the night and working hours when the
house is typically unoccupied. It then rises to 20 °C in the morning to support
waking up and getting ready, and to 21 °C in the evening to provide comfort during
home activities, before dropping to 19 °C for sleeping. On weekends, when people
are more likely to stay at home, the temperature starts at 18°C overnight,
increases to 20 °C in the early morning, and remains at 21 °C throughout the day

to maintain comfort, before lowering to 19 °C at bedtime.

Figures 16 and 17 show the outside temperature profile and the temperature

profile inside the enclosures for a typical week during spring, respectively.
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Figure 16. Outside temperature profile of a typical week during spring.
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Figure 17. Temperature profile inside the enclosures in a typical week during

spring.

Figures 18 and 19 present the resulting indoor temperatures and the thermal
power demand of the HVAC system, respectively.
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Figure 18. Evolution of the temperature inside the enclosures for a spring week.
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Figure 19. Thermal power required by the HVAC system in each enclosure for a

spring week.

Figure 18 illustrates the indoor temperature evolution compared to the objective
temperature setpoints over a typical spring week. While the indoor temperatures
generally follow the desired profile, there are certain periods where they exceed
the objective temperature, even though the HVAC system is in heating mode and
turned off (HVAC = 0).

This behavior can be explained by looking at the external temperature plot, which
shows the outdoor temperature profile. During some daytime hours, especially in
the middle of the week, the outdoor temperature rises above the indoor setpoint
(around 21 °C). As a result, solar gains and natural heat transfer from the outside
cause the indoor temperature to increase, even without active heating. In other
words, although the system is not actively heating, the house continues to warm
up due to the high outdoor temperatures, leading to indoor temperatures

temporarily surpassing the target.

This effect is especially noticeable during spring, when outdoor temperatures can
fluctuate significantly and sometimes exceed comfort thresholds during the day. It
highlights the influence of external conditions and passive heat gains, which the
HVAC system cannot counteract when it is only operating in heating mode and not

equipped for cooling.

Using the curves for HVAC consumption, the rest of household electrical loads, and
PV generation, the energy behavior of the system over one week is analyzed to

evaluate how well local renewable production aligns with consumption.

Figure 20 shows that PV generation follows a clear daily pattern, peaking during
midday hours and dropping to zero at night. On multiple days, particularly from

day 3 onwards, the PV output consistently surpasses the total combined demand
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of HVAC and other loads during sunlight hours. This surplus indicates a strong
potential for solar energy to either be stored in a battery system or exported to the
grid.

During early morning and evening hours, when solar generation is not available,
the household’s energy demand—mainly from HVAC systems and background
loads—must be fully met by other sources, such as the electrical grid. HVAC
consumption remains relatively steady, with small fluctuations, indicating a
continuous need for climate control. The rest of the loads show a mild variability
throughout the day but contribute less significantly to the total energy profile
compared to the potential from solar generation.

This behavior highlights the mismatch between production and consumption: PV
generation peaks when demand is moderate, and is absent when demand persists.
Efficient energy management strategies, like storage solutions, could help bridge

this temporal gap and increase the self-sufficiency of the household.
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Figure 20. Electricity consumption of HVAC, other household loads, photovoltaic

production, and storage elements for a spring week.

The indoor temperature profile, influenced by fluctuations in outdoor temperature
(Figure 16) and overall energy usage patterns (Figure 20), shapes the energy
consumption of the HVAC system, revealing a clear interaction with external

temperature conditions, as shown in Figure 21.
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After running the model for a representative spring week, the planner generated

a new target temperature profile, which is shown in Figure 22.
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Figure 22. New target temperature profile inside the enclosures for a spring

week.

As shown in Figure 22, the target temperature increases during certain hours,
reflecting the home's use as a thermal battery. Using this updated temperature
profile, the MPC model is run again, producing the results displayed in Figure 23.
In this figure, the blue and yellow lines overlap perfectly with the green line,
making only the green line visible.
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Figure 23. Temperature evolution inside the different enclosures for a spring

week.

Figure 23 demonstrates the impact of incorporating the building as a thermal
battery. Here, the temperature curves are smoother and more stable. The indoor
temperatures maintain closer alignment with the objective temperature even after
the heating periods end. This shows that the building’s thermal mass is being
actively used to store heat when available and release it gradually, thus reducing
the frequency and intensity of temperature dips.

Another key observation is that the TES strategy in Figure 23 reduces the short-
term thermal oscillations. While the objective temperature pattern remains the
same, the indoor temperature lines respond more gradually, implying a buffering
effect. This leads to improved energy efficiency, as heating can be concentrated
during cheaper or more sustainable energy availability periods, without sacrificing
comfort.

The thermal power required by the HVAC system in the scenario of using the
planner and the TES is shown in Figure 24.
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Figure 24. Thermal power required by the HVAC system for a spring week.
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Without TES, the power usage (Figure 19) in all three zones exhibits a highly
dynamic profile, with sharp peaks occurring during specific periods each day,
typically aligning with occupant activity. These peaks are particularly noticeable
in the living room, indicating high energy demand for heating or cooling during the
mornings and evenings. The dormitories also show pronounced fluctuations,

although at slightly lower levels compared to the living room.

In contrast, Figure 24, where TES has been implemented, reveals a significant
smoothing of the power consumption curves. The sharp peaks seen previously are
reduced, and energy use appears more evenly distributed throughout the day. This
indicates that the TES system is effectively shifting thermal loads by storing
energy during low-demand periods and releasing it during peak times, leading to

a more stable and efficient energy profile.

Moreover, the overall peak power values in the TES-enabled graph are slightly
lower, especially in the living room. This reduction in peak demand implies
improved load management, which leads to lower energy costs and reduced stress

on the electrical infrastructure.

Figure 25 shows the impact of implementing a planner on energy consumption
patterns and electricity costs. The consumption profile with a planner is
characterized by brief, high-intensity bursts of energy use, precisely aligned with
periods of low electricity prices. This indicates that the planner is effectively
scheduling energy-intensive activities, such as charging batteries or thermal
storage systems, during off-peak hours when energy is more affordable. As a result,
the system minimizes electricity use during peak price periods, improving cost

efficiency and reducing the burden on the grid during high-demand hours.

In contrast, the system without a planner demonstrates a scattered and less
coordinated pattern of energy consumption. Power usage occurs more frequently
and without regard to fluctuating electricity prices, leading to instances of high
consumption during the most expensive hours. This unoptimized behavior
increases overall energy costs and undermines the potential benefits of time-based

pricing schemes.

The planner’s strategic timing not only reduces operational costs but also supports
a more sustainable energy model by smoothing demand and reducing pressure on
the electricity network. As seen in the winter scenario presented in the figure, the

planner’s effectiveness is even more pronounced, concentrating energy use during
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the lowest-cost intervals and entirely avoiding peak price periods. This intelligent
energy management significantly lowers electricity bills and enhances overall

system efficiency.
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Figure 25. Comparison of electric consumption with and without planner for a

spring week.

Figure 26 shows the evolution of the battery’s state of charge (SOC) with and
without the use of a planner. When no planner is applied, the battery operates in
a reactive manner, primarily charging during periods of solar surplus and
discharging when grid consumption begins. In contrast, when a planner is
integrated, the system follows a more strategic and adaptive approach. The SOC
varies more smoothly, with charging and discharging events timed to align not
only with PV generation but also with electricity prices and overall energy demand.
This optimized behavior allows the system to charge the battery not just from PV
surplus but also during low-price grid periods, ensuring better use of available

resources and maximizing cost efficiency.

The planner's influence becomes especially evident in the more balanced and
continuous SOC pattern. Rather than waiting for full charge or full depletion, the
battery’s operation is finely tuned to maintain flexibility and prepare for future
consumption needs. This results in improved performance, longer battery lifespan

due to reduced deep cycles, and enhanced overall system efficiency.
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Figure 26. SOC of the system with and without using the planner for a spring

week.

Figure 27 presents the cumulative energy cost over time, comparing scenarios with
and without the use of a planner. The graph highlights the economic impact of
optimization strategies, particularly in relation to when and how energy is
consumed and stored. With the planner active, the total cost increases more
gradually, illustrating the benefits of intelligent control that leverages energy

storage and consumption scheduling.

The slower and more discrete cost growth observed with the planner is the result
of targeted energy usage during periods with the lowest electricity prices. These
planned increments in cost occur when the system strategically decides to charge
the battery or TES, minimizing spending by avoiding energy purchases during
expensive time slots. Once energy is stored during these optimal windows, the
system relies on this stored energy, effectively reducing the need for additional

costly consumption.

Conversely, without the planner, the system exhibits a more continuous and steep
increase in cumulative cost. This is due to its reactive behavior consuming energy
immediately when needed, without considering pricing fluctuations. As a result, it
frequently draws power during peak pricing periods, leading to higher overall
energy expenditures. The comparison emphasizes the economic advantage of using
a planner to align energy usage with pricing trends, ultimately achieving greater

cost efficiency and operational savings.
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Figure 27. Cost of energy consumption comparing the results of the optimizer

without and with indoor temperature control for a spring week.

The results for a representative spring week demonstrate the effectiveness of the
planner and TES strategy in optimizing both thermal comfort and energy
efficiency. The temperature schedule mirrors winter conditions, maintaining
comfort while adapting to daily occupancy patterns. Although outdoor
temperatures sometimes exceed indoor setpoints, passive solar gains help reduce
active heating needs. With the planner, the HVAC system leverages the home’s
thermal mass more effectively, smoothing temperature curves and reducing short-
term fluctuations. This results in more stable indoor conditions and a noticeable
drop in peak thermal power demand. Energy consumption is also better aligned
with solar production, with excess PV generation during the day being either
stored or used strategically. Importantly, the planner minimizes electricity use
during high-price periods by shifting energy-intensive activities to off-peak hours.
This is reflected in both the battery’s more balanced state of charge and the

significantly slower rise in cumulative energy cost.

4.1.3. Summer

The temperature profile for the home, based on the time of the day and day of the
week, is designed to optimize comfort and energy efficiency. On weekdays, the
target temperature is set at 24 °C overnight, rising to 26 °C in the morning to
accommodate daytime activities. In the afternoon, the temperature is set back to
24 °C to provide a comfortable temperature for the end of the day. In the evening,
the temperature is raised again to 26 °C to accommodate nighttime preferences.

On weekends, the temperature remains at 24 °C from midnight to noon, providing

64



Results and validation

a cooler atmosphere for sleeping and early morning hours. In the afternoon, the
target temperature drops slightly to 23 °C for a cooler, more restful environment.
Finally, the temperature returns to 24 °C for the rest of the day, providing comfort
for evening activities.

Figures 28 and 29 show the outside temperature profile and the temperature

profile inside the enclosures of a typical week during summer, respectively.
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Figure 28. Outside temperature profile of a typical week during summer.
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Figure 29. Temperature profile inside the enclosures in a typical week during
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summer.

Figures 30 and 31 show the temperatures obtained and the thermal power
required by the HVAC system, respectively.

65



Methodology for optimizing residential energy consumption through integrated Thermal
Energy Storage and intelligent HVAC control

26 1 —— Tlivin
Tdorm 1
—— Tdorm 2

- Objective T

25 1

24

TEemperature (2C)

23

22 1

0 2% 48 72 9% 120 144 168
Time (h)

Figure 30. Evolution of the temperature inside the enclosures for a summer

week.
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Figure 31. Thermal power required by the HVAC system in each enclosure for a

summer week.

The HVAC system exhibits a cyclical dynamic where power consumption and
temperature evolution interact to maintain thermal comfort in the different rooms.
During the day, internal temperatures rise due to external thermal loads, such as
solar radiation, and internal gains generated by occupants and devices. Once
temperatures reach the upper limit of the target range, the system activates
cooling, reflected in negative power consumption in Figure 31. This controlled
cooling gradually reduces temperatures until they approach the lower limit of the
target range, at which point the system decreases or stops its operation to save
energy. This pattern repeats periodically and shows slight variations between the
different zones (living room and bedrooms), which, as mentioned before, is due to
differences in solar exposure, size, or thermal characteristics of the spaces.
Additionally, the cycles are more pronounced during the day when external
thermal loads are higher; whereas, at night, the system requires less intervention

due to natural ambient cooling. Overall, this demonstrates an efficient thermal
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control system that dynamically adjusts power usage to maintain temperatures

within the set range, maximizing comfort, while optimizing energy consumption.

We can observe the temperature drops in Figure 30, which can be explained in
relation to the outside temperature. When the outside temperature is lower than
the target indoor temperature, the house loses heat to the exterior. Since the
system 1s set to cooling mode, it is normal for the temperature in various rooms to
decrease. This is because the system cannot switch to heating mode while in
cooling mode, and the heat from the interior is transferred outside, causing a drop

in the indoor temperature.

Again, using this HVAC consumption curve, combined with the electricity
consumption of other household loads, PV production, and grid electricity prices,
the optimization model is run to determine the best use of the different energy

sources.

The results are shown in Figure 32, which shows the electricity consumption of

HVAC, other household loads, photovoltaic production, and storage elements.
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Figure 32. Electricity consumption of HVAC, other household loads, photovoltaic

production, and storage elements for a summer week.

In Figure 32, it is evident that, due to the high solar radiation typical of this season,
the PV generation reaches significant peaks during the day, exceeding the home’s
electrical demands, such as the HVAC system and other loads. This results in
energy surpluses, visible as the differences between the PV generation curve and

the total loads. These surpluses could be stored in batteries or exported to the grid.
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After running the model for a representative summer week, and as a result of the

planner, the new target temperature profile is as indicated in Figure 33.
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Figure 33. New target temperature profile inside the enclosures for a summer

week.

With the new temperature profile, the results appear in Figure 34.
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Figure 34. Temperature evolution inside the different enclosures for a summer

week.

The thermal power required by the HVAC system is shown in Figure 35.
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Figure 35. Thermal power required by the HVAC system for a summer week.

When comparing the dynamics of the two systems (with and without a planner), it
can be observed that, in the case without a planner, the oscillations in power and
temperature are more pronounced. This reflects that the system operates more
directly to respond to temperature variations, activating and deactivating cooling
in a more reactive manner than in the planner case. On the other hand, in the case
with a planner, the graphs reflect a smoother and more uniform control strategy,
where the system better anticipates temperature variations, storing or releasing

thermal energy more gradually.

This demonstrates a more efficient use of the thermal battery in the case where
the planner is used, minimizing power peaks and achieving more stable
temperature control. This strategy reduces the dependence on frequent system
activations, optimizing energy consumption, while maintaining thermal comfort.
In summary, analyzing both systems highlights how the thermal battery is also

used to smooth system operation and improve energy efficiency.

Similar to the winter scenario, Figure 36 illustrates variations in energy
consumption patterns. With a planner, energy usage shows distinct peaks at
specific times, reflecting the system’s deliberate strategy to charge the battery and
TES during periods of lower electricity prices and reduced demand. This approach
allows the system to store energy efficiently, minimizing consumption during high-
demand or high-cost periods. In contrast, without a planner, energy consumption
1s steadier but occurs more frequently, indicating a reliance on power as needed
without strategic optimization, leading to less efficient energy use. As observed in
winter, during a typical summer week, the planner concentrates energy
consumption during low-cost periods, while, in its absence, energy is consumed

even during times of higher electricity prices.
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Figure 36. Electric consumption with and without planner for a summer week.

Figure 37 shows that when the planner is implemented, the SOC follows a
strategic pattern, with distinct charging peaks during periods of low electricity
costs or high PV generation. This allows the TES to store thermal energy efficiently
for later use, especially during times of high demand or elevated energy prices.
Conversely, without a planner, the SOC remains lower and fluctuates less
significantly. This reactive approach leads to less efficient energy storage and
utilization strategy, missing opportunities to capitalize on periods of surplus
energy or cost advantages.
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Figure 37. SOC with and without planner for a summer week.

Finally, Figure 38 shows the cost of energy comparing the results of the optimizer
without and with indoor temperature control using the TES concept.
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Figure 38. Accumulated cost of energy consumption comparing the results of the

optimizer without and with indoor temperature control for a summer week.

Figure 38 illustrates the effect on overall costs during the summer period.
Similarly to the winter scenario, using the planner results in a slower cost increase,
highlighting the savings obtained by strategically managing the charging and
discharging of the TES. This approach enables the system to minimize energy
usage during high-cost periods. On the other hand, without the planner, costs rise
more rapidly, demonstrating the inefficiencies of relying on immediate energy use

without taking advantage of storage to optimize consumption.

4.1.4. Effect of the Thermal Inertia

To evaluate the effect of thermal inertia and its potential in the battery energy
storage system, several simulations of the effect on the HVAC and TES system
have been carried out in different houses with different levels of insulation and
thermal inertia. To study this effect, we have used different thermal inertia
coefficients, which were calculated from that of the studied dwelling, initially
reducing it by 25% and 12.5% and then increasing it by 12.5% and 25%. For

simplicity, only the analysis carried out for the winter period is included.

In Figure 39, it is observed that higher thermal mass results in less frequent and
smaller operational cycles for the HVAC system. This is because the additional
thermal mass effectively buffers temperature fluctuations, reducing the regulation
effort required and leading to more efficient energy consumption. Conversely,

lower thermal mass causes faster temperature fluctuations, forcing the HVAC

71



Methodology for optimizing residential energy consumption through integrated Thermal
Energy Storage and intelligent HVAC control

system to respond more frequently and at higher power levels, resulting in larger
energy consumption spikes.
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Figure 39. Effect on the HVAC consumption for different thermal inertias.

Table 1 presents the cumulative energy consumption variation in one week for the
different thermal masses compared to the case study. It clearly shows that higher
thermal mass results in lower cumulative energy consumption over time. This is
because the system requires less effort to maintain thermal stability. Conversely,
lower thermal mass results in higher cumulative consumption, because the system

works harder to compensate for rapid temperature changes.

Table 1. Cumulative energy consumption variation in one week for different

thermal masses.

Thermal Mass Variation Consumption Variation

—25.0% +33.8%
-12.5% +14.5%
+12.5% -11.3%
+25.0% —20.3%

In summary, higher thermal mass

reduces temperature fluctuations and

cumulative HVAC energy consumption, improving overall system efficiency. On
the other hand, lower thermal mass increases the frequency of HVAC system
response and cumulative energy use, as the system’s ability to buffer temperature
changes is significantly reduced.
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Similarly, in less insulated houses, the TES responds quickly to changes in thermal
load, which can be beneficial in applications requiring the rapid delivery of heat or
cooling. However, this quick response makes the system less stable in the face of
demand fluctuations. Additionally, a TES with low thermal mass undergoes more
frequent charge and discharge cycles, which increases system wear and reduces its
lifespan. Furthermore, its ability to retain thermal energy over extended periods

1s diminished, making it less effective in long-term storage applications.

Conversely, a TES with high thermal mass better buffers temperature
fluctuations, providing a more stable and consistent energy delivery. Although this
reduces the system’s ability to respond quickly to abrupt changes in demand, it
minimizes the frequency of charge and discharge cycles, thereby improving system
durability and reducing operational costs. Moreover, greater thermal mass allows
for the internal temperature to remain stable over prolonged periods, making it
ideal for applications where thermal stability is crucial, such as renewable energy

storage or the climate control of large buildings.

4.2.Validation in a Testing Environment

To study the integration of this solution in a real-world environment, a prototype
was first developed in a laboratory in order to test the main functionalities of a

household energy system, as shown in Figure 40.

Figure 40. Prototype for laboratory tests.
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The developed prototype has been configured to replicate the behavior of real
systems, providing a comprehensive and adaptable testing environment. One key
element of the prototype is a 3 kW power supply that simulates the operation of
solar panels by converting alternating current (AC) to direct current (DC). This
power supply acts as a controllable generator, capable of reproducing variations in
photovoltaic energy production under different conditions, such as changes in solar

radiation or generation capacity throughout the day.

The system also includes an inverter and an electric battery. Meanwhile, the
electric battery enables energy storage, allowing excess energy to be stored for use
during periods when demand exceeds generation. Together, these components
facilitate the evaluation of charge and discharge cycles, system efficiency, and the

integration of renewable energy with storage systems.

In addition, an aerothermal system has been used as an HVAC system. The
prototype incorporates two water tanks designed to simulate different aspects of
thermal energy management. The first tank is a dual-chamber unit configured to
replicate the operation of an aerothermal heat pump, heating water on demand.
This tank dynamically simulates how an aerothermal system responds to a
household’s heating requirements. The second tank is a large storage tank that
simulates the thermal loads of a household, encompassing both heating and cooling
demands. This tank acts as a thermal sink, enabling the evaluation of energy
transfer, thermal inertia, and system behavior under various simulated household
conditions. Thermal loads are simulated by introducing heat into the large tank to

mimic heating consumption or by extracting heat to replicate cooling demands.

The prototype is closely aligned with the final marketable solution and plays a

critical role in validating its core components and functionality.

The marketable solution consists of two primary elements: an in-home hardware
device and a cloud-based component. The hardware device acts as a controller for
various devices, such as the PV inverter and the aerothermal system, while also
collecting key data, such as home temperature, battery SOC, and PV power
production. The cloud-based component complements this by storing the data in a
database, running computational models, and sending commands back to the

hardware device to optimize performance.

This prototype laid the groundwork for testing these concepts. These tests ensured

that the hardware device could successfully monitor system states and that
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commands from the cloud could be accurately executed by actuators, even when

these actuators were commercial devices not originally designed for this solution.

The prototype also served as a testbed for refining the installation process. This
involved ensuring that the system could be easily set up by customers without
requiring extensive technical expertise. By simulating household thermal and
electrical loads, the prototype allowed for the verification of key functionalities,
such as the seamless integration of the PV inverter, electric battery, and

aerothermal system.

Although the prototype could not replicate the exact behavior of a TES system, it
successfully tested the broader capabilities of energy storage and thermal
management in a household context. TES systems in real homes are vital for
storing surplus thermal energy generated during peak production and providing it
later for heating or hot water. This aspect, while not fully implemented in the

prototype, was acknowledged as a critical next step for real-world applications.

Once the validations in the laboratory prototype were completed, including
communication between the hardware device and the cloud, the compliance of
actuators with issued commands, and the viability of the installation procedure,

the system was ready for deployment in a real-world environment.

Then, the next phase involved testing the solution in a home equipped with a PV
system, an electric battery, and an aerothermal system, to confirm its performance
in a practical setting. This progression from prototype to field testing ensured that

the final solution would be robust, reliable, and user-friendly.

The installation where the real-world test will be carried out is located in Madrid
and consists of a 6.3 kWp PV system, a 10 kWh electric storage, and an 8 kW
aerothermal machine. As can be seen in Figure 41, the hardware device was placed

next to the photovoltaic inverter.

The chosen temperature sensor is an NTC (negative temperature coefficient)
thermistor with an uncertainty of +0.3 °C. This choice is based on the sensor’s high
precision and reliability in measuring temperature in outdoor and indoor
environments. NTC thermistors offer a narrow range of uncertainty, making them
1deal for applications where accuracy is crucial, such as in climate control systems
within a home. The relatively low uncertainty of 0.3 °C ensures that temperature
readings are highly consistent, providing accurate data for managing heating,

ventilation, and air conditioning (HVAC) systems. Additionally, NTC thermistors
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are cost-effective, durable, and widely available, making them a practical choice
for this purpose.

Figure 41. Installation in a real environment.

In this test, several important aspects were verified, further demonstrating the

advantages of the proposed solution for the customer.

Once this analysis was completed, both the MPC models and the planner were
implemented, and a validation test was performed in the real environment for

which data were collected during one month of spring.
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5. Discussion

In order to discuss the validation of the thermal model, the results of the real test
can be seen in Figure 42, which, for simplicity, illustrates the behavior of the
energy consumption of the air conditioning system during one week of the month
in which the test was performed. This analysis was carried out to evaluate the
consistency between the theoretical consumption model and the actual measured

values obtained from the real installation.
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Figure 42. Correlation between theoretical and experimental data for a

particular week.

Figure 42 shows a characteristic consumption pattern with daily peaks, reflecting
the system’s effort to reach the target temperatures during periods of higher
thermal demand, such as mornings and evenings. Overall, there is an acceptable
correlation between the theoretical and validation curves, suggesting that the
theoretical model adequately captures the expected behavior of the HVAC system.
The pink bars highlight certain discrepancies, which correspond to the difference
between the predictions made by the proposed system and the measurements
obtained in real operating conditions, where slight climatic fluctuations or changes

1n space occupation occur.

Figure 43 shows the results obtained in the test during the whole month.
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Figure 43. Electrical consumption in the real environment.

The blue curve represents the original consumption without considering the self-
consumption system and batteries; the orange curve represents the consumption
with the PV system and battery, but without optimization or implementation of
the thermal battery; while the gray curve represents the final consumption after
optimization and implementation of the thermal battery. As can be seen, the
energy savings are significant, with a reduction in consumption of more than 57%,

as shown in Figure 44.
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Figure 44. Cost savings with the proposed solution.

Furthermore, if we analyze the energy balance by electricity periods, we can
observe a significant reduction in consumption during the most expensive periods,

P1 and P2 of the electricity tariff, as shown in the following Figure 45:
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Figure 45. Energy balance by electricity periods.
Both the reduction in electricity consumption and its distribution across periods
have resulted in savings of more than EUR 400 on the customer’s energy bill over

the approximately one-year period during which these tests were conducted in this

home.
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6. Future lines of research

Advances in predictive models and adaptive control are crucial for the evolution of
energy management systems in residential buildings. Future research should
focus on integrating diverse streams of real-time data from IoT sensors, smart
meters, and weather stations in order to capture transient behaviors and local
microclimate variations. This could be achieved by applying advanced deep
learning architectures—such as convolutional and recurrent neural networks—to
generate accurate short-term and medium-term forecasts. Additionally,
exploration of transfer learning and domain adaptation techniques would allow
models, initially trained on data from one set of buildings or geographical contexts,
to be effectively applied elsewhere with limited historical data. In parallel,
adaptive and self-learning controllers based on reinforcement learning could be
developed to continuously adjust control strategies dynamically. Hybrid control
schemes, merging model predictive control with online adaptive learning
algorithms, would allow the controllers to update their internal models in response
to real-world uncertainties. These adaptive techniques, together with robust
uncertainty quantification methods like Bayesian inference or ensemble
forecasting, would produce systems capable of responding accurately to

fluctuations in energy prices, occupancy patterns, and weather conditions.

Another promising area for research lies in the advanced utilization of building
envelope thermal storage. Although the current work demonstrates the feasibility
of using the building mass as a passive thermal battery, further investigation into
novel composite and phase change materials may significantly enhance the storage
capacity of traditional building components. Innovative surface treatments or
coatings could be designed to alter solar factors and emissivity properties, thus
optimizing heat capture and dissipation. In conjunction with these materials
science advances, more refined thermal models should be developed that capture
the nonlinear dynamics of multi-layer building envelopes, incorporating factors
such as humidity, weather exposure, and aging effects. Coupling these refined
models with active HVAC control systems could lead to innovative pre-heating or
pre-cooling cycles that take full advantage of periods with abundant renewable
energy or low-cost electricity, effectively buffering temperature fluctuations and

reducing overall energy consumption.
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Further research direction involves expanding the control framework to embrace
multi-objective optimization. Instead of focusing solely on minimizing energy costs,
future systems should be designed to balance multiple objectives concurrently—
such as reducing carbon emissions and maintaining high levels of occupant
comfort. Extended model predictive control (MPC) formulations that integrate
economic parameters, environmental considerations, and thermal comfort indices
will allow for more nuanced trade-offs. Moreover, the development of economic
MPC (EMPC) frameworks, which include nonlinear cost functions representing
dynamic energy prices and potential environmental penalties, can refine the
optimization process. Hybrid models that blend traditional rule-based control with
data-driven optimization are also promising, as these would allow systems to
dynamically adjust their strategies based on real-time feedback from both the

energy grid and the immediate building environment.

Scaling the current approach from individual residential units to community-scale
implementations represents another avenue for future research. Investigations
into interconnected energy systems, where multiple residential energy
management systems collaborate, could lead to significant improvements at the
microgrid level. Developing cloud-based control platforms and distributed
optimization algorithms that enable coordinated energy exchange among
neighbors would help balance local energy consumption with broader grid
demands. Decentralized optimization methods inspired by consensus algorithms
or game theory could allow each building to optimize its own performance while
contributing to a global solution, all without compromising data privacy. Such
coordinated operation not only improves energy efficiency but also enhances grid

stability, particularly during periods of peak demand or grid disturbances.

Finally, as energy management systems become more interconnected, ensuring
cybersecurity and data privacy will be essential. Future research should explore
robust cybersecurity frameworks, including advanced encryption, secure
authentication protocols, and the potential use of blockchain-based methods to
safeguard communication between IoT devices, control units, and cloud platforms.
Further, privacy-preserving methods—such as federated learning where data
remains local while still contributing to collaborative model improvements—will
be key to protecting user information while ensuring high-quality analytics.
Resilience to system disturbances, including cyber threats, power outages, or
extreme weather events, could be improved through redundant control strategies,

real-time fault detection mechanisms, and adaptive recovery protocols.
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7. Conclusions

This thesis underscores the transformative potential of integrating passive
thermal energy storage (TES) with an advanced model predictive control (MPC)
framework for residential energy management. It demonstrates that by
harnessing the inherent thermal inertia of conventional building materials, such
as concrete and bricks, the building envelope can be repurposed as a cost-effective
and efficient thermal battery. This strategy enables the storage of excess heat
during periods of low demand or high renewable energy availability, and its
subsequent release when required—allowing controlled deviations from standard

indoor temperature setpoints without compromising occupant comfort.

In particular, the passive TES approach leverages the thermal mass of the
building’s structure to dampen temperature fluctuations. The stored energy helps
stabilize indoor temperatures and reduces the need for frequent HVAC operation,
especially during peak demand periods. By using the building envelope as a
thermal reservoir, the system decreases dependency on active heating or cooling,
offering a sustainable and innovative alternative to conventional energy storage
solutions. This method transforms the building’s physical mass into an active

participant in the overall energy management strategy.

The proposed energy management system is structured into two interdependent
layers. First, the planning layer utilizes a seven-day forecast horizon to predict
energy demand, ambient conditions (including outdoor temperature and solar
radiation), and renewable energy generation. Based on these forecasts, it
formulates an optimal schedule for distributing energy among available sources:
the electrical grid, photovoltaic self-consumption, battery storage, and the
building’s passive thermal storage. By scheduling energy-intensive activities
during off-peak periods or when renewable supply is abundant, the system reduces

operational costs and enhances overall energy performance.

Complementing this is the real-time control layer, which implements a robust
MPC algorithm to manage the HVAC system. This control strategy is designed to
dynamically adapt to uncertainties such as external disturbances and model
inaccuracies, continuously updating its decisions based on real-time sensor data.
The thermal model, derived from the First Law of Thermodynamics, captures the
complex dynamics of the indoor environment by incorporating the effects of solar

gains, conduction, ventilation, internal heat sources, and active HVAC
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contributions. The MPC algorithm minimizes a multi-objective cost function that
penalizes deviations from target temperatures, excessive control efforts, and rapid
temperature changes, while respecting constraints related to HVAC capacity and

battery operation.

Simulation studies conducted on a single-family home in Madrid provide
compelling evidence of the system’s effectiveness. The dual-layer control strategy
smooths indoor temperature profiles, reduces peak energy loads, and shifts energy
consumption to periods with lower electricity prices. This results in substantial
energy and cost savings. The simulations show that through coordinated use of
both electrical and thermal storage, the system significantly decreases grid
reliance and enhances the integration of intermittent renewable sources. The
improved thermal comfort and economic performance highlight the system’s strong

potential in advancing residential decarbonization.

The experimental results further confirm the practical viability of the proposed
solution. A real-world prototype installed in a residential building in Madrid
validated the simulation results under actual operating conditions. The system
achieved energy savings of up to 28% during winter, with an average of 25% for
typical heating weeks. In summer, savings averaged 22%, while in transitional
seasons such as spring and autumn, savings ranged between 12% and 15%,
depending on daily weather variability and occupancy patterns. These seasonal
results confirm the system’s adaptability to different thermal demands and climate

conditions.

From a cost perspective, the energy management system also proved effective.
During a representative winter week, the predictive control strategy was able to
shift a significant portion of the HVAC load away from high-tariff hours. This load
shifting, made possible by the intelligent coordination of thermal inertia and
battery storage, resulted in a daily energy cost reduction of approximately 18%,

translating into meaningful long-term financial savings.

The experimental validation not only confirmed the accuracy of the simulation
models but also showcased the system’s robustness. The prototype consistently
maintained indoor temperatures within 1.5°C of setpoints and effectively
responded to environmental changes and user behavior. These results emphasize
the resilience and reliability of the MPC-based control system in live residential

contexts.
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Moreover, the system’s modular and scalable design enhances its broader
applicability. It can be adapted to different building types and potentially extended
to neighborhood-scale energy systems or integrated into smart grid
infrastructures. The real-time control layer's ability to handle uncertainty and
real-world disturbances further reinforces its readiness for deployment in diverse
settings.

In summary, this thesis provides strong evidence that the innovative combination
of passive thermal energy storage with active, predictive control is both technically
feasible and economically advantageous. This integrated approach not only
improves energy efficiency and occupant comfort but also plays a key role in
reducing greenhouse gas emissions. The proposed system represents a significant
advancement in sustainable building technologies, paving the way for more
resilient, adaptable, and environmentally responsible residential energy systems
of the future.
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Appendix A. Drawing of the House Used in the
Analysis Model

Figure Al. 3D model for the hose used for the study in Section 6.
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Appendix B. Thermal Model Parameters

For the thermal model, the following parameters and units have been considered.
Their specific values can be found in the section of reference (Felez and Felez,
2024), included in the Data Availability Statement.

Table Al. Thermal model parameters.

Parameter Meaning Units
Vair Volume of air inside the enclosure m3
Pair Density of air inside the enclosure m3
Cp i Specific heat capacities of the air J/(kg K)
Mmat Mass of material in the enclosure kg
Comat Specific heat capacities of the materials J/(kg K)
G; Global irradiance W/m?
S Area of the window m?
F Modified solar factor
Or Solar radiation coefficient

Attenuation correction factor

U; Heat transmission coefficient W/(K m?2)
S; Area m?
Myent Mass flow rate of ventilation air kgls
Pext Air density kg/m?
Vient Ventilation flow rate m3/s
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Appendix C. HVAC Controller Parameters

For the HVAC Controller, the following parameters and units have been
considered. Their specific values can be found in the section of reference (Felez and
Felez, 2024), included in the Data Availability Statement.

Table A2. HVAC controller parameters.

Parameter Meaning Units
N, Number of air-conditioned rooms
N, Prediction horizon
At Time step min
QL, f Maximum refrigeration thermal load kW
Q out Maximum heat thermal load kW
- Weight for the output deviation from the_
T maximum temperature of reference
Ki; Weight for the positive slack variable
i f Reference temperature °C
a Uncertainty for the thermal inertia
ST Disturbance for the outside temperature of the

enclosures
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Appendix D. Planner Module Parameters

For the Planner module, the following parameters and units have been considered.

Their specific values can be found in the section of reference (Felez and Felez,

2024), included in the Data Availability Statement.

Table A3. Planner module parameters.

Parameter = Meaning Units
Py Electric prices of the grid €/ MWh
Cgt Grid electricity consumption kWh
C; Charging power coming from the grid kW
D} Discharging power kW
P, Price of the energy coming from the PV €/ MWh
cty, Charging power coming from the PV kW
DOD Depth of discharge
STG Storage Capacity kWh
soct State of charge kWh
Pow, Maximum charging power kW
Powy, Maximum discharging power kW
Powpg Peak shaving power kW
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