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Abstract: In recent years, advanced controllers, including Model Predictive Control (MPC), have
emerged as promising solutions to improve the efficiency of building energy systems. This paper
explores the capabilities of MPC in handling multiple control objectives and constraints. A first MPC
controller focuses on the task of ensuring thermal comfort in a residential house served by a heat
pump while minimizing the operating costs when subject to different pricing schedules. A second
MPC controller working on the same system tests the ability of MPC to deal with demand response
events by enforcing a time-varying maximum power usage limitation signal from the electric grid.
Furthermore, multiple combinations of the control parameters are tested in order to assess their
influence on the controller performance. The controllers are tested on the BOPTEST framework,
which offers standardized test cases in high-fidelity emulation models, and pre-defined baseline
control strategies to allow fair comparisons also across different studies. Results show that MPC
is able to handle multi-objective optimal control problems, reducing thermal comfort violations by
between 66.9% and 82% and operational costs between 15.8% up to 20.1%, depending on the specific
scenario analyzed. Moreover, MPC proves its capability to exploit the building thermal mass to shift
heating power consumption, allowing the latter to adapt its time profile to time-varying constraints.
The proposed methodology is based on technologically feasible steps that are intended to be easily
transferred to large scale, in-field applications.

Keywords: energy flexibility; Model Predictive Control; building energy management; high fidelity
building emulator

1. Introduction

Research by the International Energy Agency (IEA), the United Nations Environment
Program, and the Global Alliance for Buildings and Construction reveals that the building
sector alone is responsible for 37% of global energy-related CO2 emissions [1], amounting
to 13.6 Gt CO2-eq/year and 36% of global energy consumption. Notably, over half of
the energy consumption within buildings is attributed to heating, ventilation, and air
conditioning (HVAC) systems [2]. A complementary solution to the renovation of building
envelopes is the improvement of the energy management systems, particularly heating,
ventilation, and air conditioning (HVAC) systems, since they account for almost 40% of a
house’s average energy consumption [3].

The thermal inertia inherent in buildings offers flexibility in operation, which is
particularly valuable when the building is integrated in a power grid accommodating
intermittent renewable energy sources like wind and solar power [4]. Considering the
points mentioned earlier, the focus is on improving control of building HVAC systems. This
heightened focus is driven by imperatives such as CO2 emission reduction, the integration
of renewable and distributed energy sources into grids, adaptation to emergencies, and
management of complex system architectures [5]. The challenge lies in ensuring indoor
comfort, safety, energy efficiency, and flexibility through suitable control mechanisms [6].
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Numerous control techniques have been devised to manage a building’s operation
and its technical mechanisms, which adds complexity to choosing the most fitting control
strategy for each unique situation. Nonetheless, these techniques can generally be grouped
into two primary categories: traditional control strategies (TCS) and advanced control
strategies (ACS). Traditional control strategies can be classified into sequency control
strategies and process control strategies [7]. The former class, also referred to as rule-based
control, is based on pre-defined if-then conditions which make the system switch between
operative modes. The definition of such conditional rules relies on the designer’s domain
experience rather than on an optimization process. The latter class adjusts the control
variables to achieve the process objectives against disturbances by reacting to the evolution
of state and/or disturbance variables. Process objectives mostly represent the desired
attainment of a setpoint for a given controlled variable. The TCS approach is simple and
robust but cannot adapt to external factors like weather or electricity prices efficiently. It
also depends on fine-tuning PID parameters, which are complex [8]. The main drawbacks
of the TCS approach are:

1. Poor control accuracy, resulting in thermal discomfort and low energy efficiency [9].
2. Inability to predict the future states of the system and find an optimal control signal

sequence [8].
3. Inability to leverage buildings’ thermal capacity to shift loads [10].
4. Difficulty in dealing with external grid requirements [8].

To overcome the drawbacks of traditional controllers, attention has shifted to advanced
control methods. These methods offer the potential to reduce environmental impact and
enhance the integration of renewable energy by optimizing how buildings manage their
energy usage [11]. ACS can handle external elements like weather and variable electricity
rates, as well as internal demands imposed on consumers [12]. Monitoring data on energy
consumption and user behavior is gathered in ACS and used as inputs and feedback
to help the system adapt to the needs of the occupants [13]. Initiatives like ASHRAE’s
Guideline 36, [14] the development of grid-friendly strategies, and growing interest in
data-driven control [15] underscore the drive to improve control algorithms. However,
even in new constructions, traditional rule-based controls prevail, though the potential
benefits of integrating prediction and optimization techniques for operational efficiency are
gaining recognition [16]. Recent decades have witnessed a surge in research on advanced
control techniques, including Model Predictive Control (MPC), for optimal HVAC system
operation [16–18]. The MPC is a model-based controller that adjusts the input of a dynamic
model to generate the optimal control strategy over a time frame that begins at the present
and extends over a specified prediction horizon in the future [19,20].

The system’s mathematical model, present state measurements, and weather forecast
are utilized to forecast and optimize the building’s future behavior [16]. The MPC has been
used in building energy control for a variety of objectives, including indoor comfort [21]
and energy cost reduction [22], thanks to advancements in computer technology. During
a two-month test period, Blum et al. achieved roughly 40% energy savings on an HVAC
system in a real office building in the United States by testing the influence of the MPC
algorithm [23]. Freund et al. showed the Model Predictive Control (MPC) algorithm’s
potential for energy savings by successfully implementing it in a sizable building. The team
reported a 75% reduction in heating energy use throughout a three-month test period [24].
Employing MPC in building applications might boost energy efficiency by 10% to 30% and
enhance inhabitants’ indoor comfort [25]. The ability to forecast a building’s future behavior
using a mathematical model of the structure is what makes MPC so effective. With the
help of these projections, MPC can systematically and adaptably select the best course of
action for control actions based on a specified aim, comfort and technology limitations, and
weather forecasts [16].

The development of innovative control algorithms requires them to be tested in order
to assess their effectiveness and convenience. The direct application of newly conceived
controllers to real-world buildings might result in improper operation, occupant discomfort,



Energies 2024, 17, 5117 3 of 20

or equipment damage; moreover, experimental campaigns are time-consuming [5]. Simu-
lation offers a safe environment in which control strategies can be tested, avoiding costs
and risks associated with real-world implementation, while allowing diverse scenarios to
be tested at will. On the other hand, the performance assessment of new controllers must
be benchmarked against either state-of-the-art controllers or other innovative strategies.
To address these challenges, the Building Optimization Performance Testing (BOPTEST)
framework [5] was created to provide a publicly available software that allows “simulation-
based benchmarking of building HVAC control algorithms using high-fidelity building emulators”.
Along with the software infrastructure, BOPTEST provides a set of test cases based on
high-fidelity models equipped with reactive, state-of-the-art control logic, so that any new
strategies can be fairly compared to the same baseline controller. Finally, the tool com-
putes a set of Key Performance Indicators (KPI) that further ease comparisosn between the
tested solutions. The BOPTEST platform has been increasingly used by researchers to test
advanced energy management strategies for buildings.

Table 1 showcases a variety of advanced control strategies applied to different case
studies using the BOPTEST framework. Model Predictive Control (MPC) consistently
demonstrates strong performance, especially when handling uncertainties and optimiz-
ing system operations against baseline controllers. Reinforcement Learning (RL) shows
promise, especially when combined with MPC (RL-MPC), indicating a potential for adap-
tive and intelligent control systems. The studies emphasize the shift from traditional rule-
based to advanced control strategies, highlighting the importance of realistic simulation
environments for controller development and validation. Overall, advanced controllers,
particularly those integrating MPC and RL, offer promising avenues for improving building
energy management systems.

In the present work, a set of Model Predictive Control based controllers are conceptu-
alized and tested on a high fidelity building emulator. The emulation model is provided by
a publicly available platform that allows researchers to test innovative control strategies on
a limited set of shared testcases. The main contributions of this work can be summarized
as follows:

• The work, albeit simulated, aims at conceptualizing a methodology that could realis-
tically be transferred to a real-life applications. Indeed, the choice of a high-fidelity
emulator allows the consideration of control actions and measurement signals that are
commonly found in ordinary HVAC systems. Furthermore, the non linear and dynamic
behaviour of the energy system components are accounted for. The emulator accurately
reproduces the actuators’ characteristics, the thermal inertia of the emission system, and
the heat pump variable efficiency. As pointed out in [26], “many load-based simulators
compute the energy to be provided to meet a room temperature setpoint, then try to dispatch
HVAC equipment at some fictitious part load operation that provides the required energy”. In
particular, the adopted emulator reproduces the coefficient of performance of the heat
pump according to manufacturer’s data, along with the characteristics of the circulation
pump and the evaporator’s fan. On the other hand, a real control system reads a feasibly
measurable quantity, such as room temperature or air flow rate, and then computes a
control signal for an actuator such as a compressor, a damper, or a fan variable speed
drive. In this context, this work presents a methodology that, considering a wide range
of problems that can be encountered in real life applications, addresses them despite
being conducted in simulative fashion. For this reason, the choice of a standardized,
well established emulation platform that is precisely intended to benchmark different
control strategies with each other gives the obtained results both the reliability that
comes from a realistic simulation and the possibility of being compared against future
works that would employ the same test case. On top of that, the selected test case
is representative of a widely adopted configuration, so that conclusions drawn can
be extended to a large share of the existing building stock. In the authors’ opinion,
this further renders the outcome of the present work more relevant in bridging the
gap between research and the industrial-scale adoption of advanced control strategies.
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The resulting MPC-based controllers do not represent a notable novelty in terms of
their formulation or the methodology adopted for identifying their control-oriented
models per se. However, this work contributes by demonstrating the capabilities of the
BOPTEST framework and, more generally, the use of detailed building emulators to test
advanced controllers.

• The flexibility potential of a building energy system controlled by a predictive, model
based optimal controller is assessed using a high fidelity emulation model. In buildings
that do not have energy storage systems, the energy flexibility that they offer relies on
the dynamic behaviour of the building. Therefore, assessing the ability of a predictive
controller to exploit the flexibility of a building requires a simulation model that
is detailed enough to provide a realistic dynamic response to control actions. The
BOPTEST platform provides such emulation capabilities. Flexibility is evaluated in a
scenario of demand response, proving that the predictive capabilities of a properly
formulated MPC can leverage the thermal mass of the building to shift energy usage
in time. To the best of the authors’ knowledge, this is the first instance of usage of
this BOPTEST test case to evaluate the performance of an advanced controller under
a demand response event, with the purpose of evaluating the energy flexibility of
the building. Additionally, the work provides an example of how that the tool can
be adapted to more specific needs by considering an additional KPI and a boundary
condition profile.

Finally, results are benchmarked against a standardized, reactive baseline controller,
so that the performance of the proposed advanced controllers can be fairly compared to
that of control strategies brought forth by other researchers in the field.
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Table 1. Summary of case studies on building control.

Author (s) Case Study Name Controller Type Controller Summary Final Results

Arroyo, Manna, et al., 2022 Single-zone residential hydronic RL vs. PI
RL algorithms outperform a baseline PI

controller in operational cost and
thermal discomfort.

RL achieves better trade-off between cost
reduction and comfort levels.

Wang et al., 2023 BOPTEST Hydronic Heat Pump RL (DDPG, DDQN, SAC) vs. MPC
Among RL, only DDPG outperforms the
baseline. MPC excels over all in typical

and peak scenarios.

MPC is superior in optimizing actions
and managing system state.

Arroyo, Spiessens, et al., 2022 BESTEST Hydronic Heat Pump MPC, RL, RL-MPC
RL underperforms in complex

environments. Hybrid RL-MPC shows
improved performance.

Hybrid RL-MPC bridges the gap
between model-free and
model-based strategies.

Bünning et al., 2021 bestest-hydronic ARX, Random Forest, Input Convex
Neural Network

ARX model outperforms others in
sample efficiency, predictive accuracy,

and computational efficiency.

ARX model is better suited for standard
residential building dynamics.

Blum et al., 2021 BESTEST Hydronic Heat Pump MPC vs. PI
MPC significantly outperforms the PI

controller in all pricing scenarios,
optimizing comfort and costs.

MPC achieves up to 90.8% reduction in
discomfort and 27.2% in costs.

Zanetti et al., 2023 Two-room apartment in Milan Various MPC formulations (QP
to MINLP)

All MPC strategies reduce discomfort,
QP, and NLP are more efficient

than MINLP.

Simpler linear constraints with nonlinear
objectives provide a balanced approach.

Arroyo, Manna, et al., 2022 Two-room apartment in Milan RL-MPC vs. MPC
RL-MPC integrates MPC predictability
with RL adaptability. MINLP MPC is
comparable to successful NLP MPCs.

RL-MPC outperforms traditional RL and
delivers results akin to MPC in

deterministic settings.

Maier et al., 2023 Two-Zone Apartment AMPC vs. MPC vs. RBC
AMPC reduces operational costs by up

to 33% and discomfort by 70%, less
computational time than MPC.

While increasing thermal discomfort
slightly, AMPC nearly matches

MPC performance.

Marzullo et al., 2022 DOE’s Reference Small Office Building Rule-based controls, MPC, RL
ACTB integrates high-fidelity models

with advanced controllers, moving from
rule-based to advanced strategies.

ACTB offers realistic testing and
potential cost reduction for advanced

control strategies.

Gao et al., 2023 BESTEST Case 900 Tube-based MPC

Tube-based MPC effectively reduces
operational costs by at least 24% while
better managing indoor temperatures

under uncertainties.

Superior performance in reducing
operational costs and improving

temperature control.
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2. Methodology and Methods
2.1. Methodology

The purpose of this work is to prove the efficacy of a model-based optimal controller
in handling multiple objectives. In particular, the work is divided into two stages:

• A first Model Predictive Control problem (MPC1) is formulated, with its objectives
being the minimization of power drawn from the electric grid by the building energy
system, while ensuring internal temperature constraints are respected. This MPC
controller is tested with different combinations of control horizon lengths and control
timesteps, which are thus treated as hyperparameters for the control problem.

• After the selection of the most fitting combination of the forementioned hyperparam-
eters, a second MPC controller (MPC2) is formulated, with the additional objective
of adhering to a maximum electric power usage restriction, to simulate a demand
response grid requirement.

The methodology adopted consists of the following steps. Firstly, a simulated case
study is selected. Simulation allows multiple scenarios, in terms of control problem,
parameters, and objectives, to be tested under the same boundary conditions. The choice of
test case was made from the BOPTEST repository, since this emulation platform allows the
performance of experiments that can be easily reproduced by other researchers. The case
study is described in depth in Section 2.2. Secondly, a control oriented model is defined.
Such a model is intended to inform the controller of the controlled system behaviour. In
particular, two models are considered: a differential model for the building dynamics, and
an algebraic model for the heat pump. The envelope model must account for the dynamical
behaviour of the building elements and the air mass, which offer a source of energy
flexibility due to their thermal energy storage potential. The modelling paradigm chosen to
capture the building dynamics is the grey box modelling approach (Section 2.3). As to the
heat pump model, its behaviour was considered static, that is, the relationship between the
system input and output variables was considered to be purely algebraic. The same section
details motivations behind the choices regarding the model order and the selection of the
variables to use as predictors. Once the control oriented models are obtained, a first MPC
problem (MPC1) is defined with the aim of minimizing the power drawn from the electric
grid, while ensuring thermal comfort for the occupants. The objective of this control is
twofold. The first objective is to minimize the comfort violations, that is, to keep the internal
temperature inside a comfort band. The second objective is to minimize the amount of
energy drawn from the grid. These objectives are, in general, contrasting, and therefore
the problem can be considered as a multi-objective optimization problem. The adopted
paradigm for the formulation is that of the economic MPC, since it does not focus on the
attainment of a precise setpoint level. Indeed, inside the comfort band, all temperature
values are equally admissible, and the ability to choose any temperature inside the comfort
band is what gives the system the required flexibility. MPC1, identified by a control-
oriented model and a cost function, is deployed on the emulator varying the control horizon
(assumed as equal to the prediction horizon) and the control timestep. These quantities are
therefore treated as hyperparameters for the control problem and their influence on the
controller performance is analysed in depth. Moreover, three different pricing scenarios
are tested for each combination of control timestep and horizon. These pricing scenarios,
namely the constant, dynamic, and highly dynamic scenarios, are pre-determined pricing
schedules provided by the BOPTEST framework. MPC1 also helps in finding the best
combination of hyperparameters to then be adopted in MPC2. Subsequently, the capability
of the MPC approach to exploit the energy flexibility of buildings is tested by formulating a
second optimal control problem (MPC2). In this case, a further restriction is imposed on
the optimal problem in order to limit the power consumption of the HVAC system below a
time varying signal coming from the grid. The formulation of this MPC keeps the economic-
MPC structure of MPC1, but adds an additional soft constraint on the maximum power
that can be drawn by the grid, in order to attain the goal set by the demand response grid
signal. All simulations are run in the same period, in order to carry out a fair comparison
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between all control solutions. Results are compared through a set of Key Performance
Indicators (KPIs) and benchmarked against a baseline scenario, where control is performed
by a traditional PI-based controller.

2.2. Case Study

The considered case study is a single-zone residential building located in Brussels,
Belgium. The model represents a dwelling for a family of five, featuring a single zone with
a rectangular floor measuring 12 by 16 m and a height of 2.7 m. Details on the envelope
materials are reported in Table 2.

Table 2. Envelope materials and properties.

Envelope Element Layer Thickness [m] Specific Thermal
Capacity [J/(kgK)]

Thermal
Conductivity

[W/(mK)]
Density [kg/m3]

External wood 0.009 900 0.14 530
Walls insulation 0.0615 1400 0.04 10

concrete 0.1 1000 0.51 1400

Floor concrete 0.15 840 1.4 2100
insulation 0.2 1470 0.02 30

screed 0.05 840 0.6 1100
tile 0.01 840 1.4 2100

Roof roof deck 0.019 900 0.14 530
fiberglass 0.1118 840 0.04 12

plasterboard 0.01 840 0.16 950

A deterministic, pre-defined occupancy schedule considers the zone as occupied by
five people before 7 a.m. and after 8 p.m. during weekdays, and all day during weekends.
No other internal heating loads are considered. The model utilizes a year’s worth of
weather data for Brussels, Belgium, to simulate realistic environmental conditions for
testing and analysis.

The HVAC system consists of an air-to-water heat pump feeding a heating floor. The
heat pump nominal capacity is 15 kW and is equipped with an evaporator fan. An ON/OFF
controlled pump of 0.5 kg/s mass flow rate ensures the circulation of the heat carrying fluid
(water) across the heating floor piping system. Both the evaporator fan and the circulation
pump are ON when the heat pump is operating. The system layout is depicted in Figure 1.

Figure 1. Schematic of the system, modified from [5].

The BOPTEST test case provides a reactive set of controllers which ensure a robust
operation of the system, while providing a baseline control logic against which innovative
logics will be benchmarked. To control the indoor temperature profile and ensure comfort,
a PI (Proportional–Integral) controller modulates the heat pump’s output based on the
zone’s operative temperature. The controller adjusts the compressor frequency to maintain
the desired temperature setpoint, which varies based on occupancy schedules. A second
controller governs the operation of the fan and floor heating system pump, activating
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them when the heat pump is modulating and deactivating them when it is not. As far
as the model output, it must be noted that the emulator provides the measurement of
the operative temperature: it will be implied henceforth that zone temperature refers to
the operative temperature. The choice to provide the operative temperature rather than
the dry bulb air temperature for the zone is motivated by the developers of the emulator
because the emission system is a radiant system [5]. The building envelope, the HVAC
systems along with all their components, and the low level controllers are modelled in the
Modelica language [27], which is a well established modelling language that allows the
modeling of physical components across different domains, as well as control logic units,
in a causal fashion. In particular, the building model is based on the BESTEST case 900
from the IDEAS Library [28]. Details on the model and the computation of the operative
temperature can be found in the documentation of the IDEAS Library. The model for the
heat pump is the IDEAS.Fluid.HeatPumps.ScrollWaterToWater, which has been adapted
to model an air-to-water heat pump instead. The heat pump model uses manufacturer
data (Carrier air-to-water heat pump model 30AW015) to obtain a performance model, as
per the calibration procedure explained in [29]. The circulation pump and the evaporator
fan are modelled with components IDEAS.Fluid.Movers.FlowControlleddp of the same
library. A two-week period representing peak heating demands from 17 January to 31
January are the subject of this study’s analysis and will be henceforth referred to as the
peak heating period. As far as energy tariffs, three different pricing models—constant,
dynamic, and highly dynamic—are assessed at these intervals. While the dynamic model
uses a variable rate of 0.2666 euros per kWh during peak hours (7:00 to 22:00) and 0.2383
euros per kWh during off-peak hours, the constant model uses a fixed rate of 0.2535 euros
per kWh. The highly dynamic model uses 2019 Belgian day-ahead energy prices from the
BELPEX wholesale electricity market.

The simulation software infrastructure is sketched in Figure 2. The main purpose
of BOPTEST is to enable the evaluation of the performance of control strategies, to fa-
cilitate benchmarking between different controllers. The main elements making up the
platform are:

• A set of models, which provide the emulation capabilites of the software. BOPTEST
provides a publicly available repository of test cases for application in high fidelity
models of buildings. Models are written in the Modelica language and are compiled
into Functional Mockup Units to allow co-simulation from an external interface.

• A run-time environment, which manages the interaction between the emulator and
an external code. This functionality allows controllers to be written in an external
code, in the present instance a Python program, and to interact with the emulator at
each timestep, to allow a co-simulation that recreates the actual deployment on a real
building.

• A set of Key Performance Indicators, that due to being standardized, allow fair com-
parisons between different control solutions.

The model, written in Modelica, is compiled into a Functional Mockup Unit (FMU)
and its interaction is managed by the BOPTEST backend. Simulations are run from a master
code based in python, interacting with the BOPTEST interface with a local computing
resource. BOPTEST runs the simulation one timestep at a time, allowing the sending of
control signals to the emulator. At the same timestep, the master code reads measurement
signals (representing feedback) and obtains the disturbance variables prediction for the
desired future horizon (which is necessary for the correct prediction). Finally, BOPTEST
provides the KPIs for the simulated time period. The MPC problem is formulated by means
of the Python library do_mpc [30].
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Figure 2. Simulation software infrastructure.

2.3. Control Oriented Model

As a necessary requirement for a model-based controller [16], a control-oriented model
of the system was defined and calibrated, striking a balance between model complexity
and prediction accuracy. The present section details the modeling assumptions adopted
and presents the results of the calibration carried out.

The building thermal dynamics model is based on a energy balance equation
(Equation (1)):

C
dTz

dt
= − (Tz − Tout)

R
+ AwQ̇s + Q̇g + Q̇HVAC (1)

where Tz is the zone temperature, Tout is the external air temperature, Aw is the window
area, Q̇s is the global horizontal solar radiation, Q̇g is the power due to internal gains
(namely occupants), and Q̇HVAC is the thermal power injected into the zone by the HVAC
system. As far as internal gains, the BOPTEST testcase documentation specifies that people
occupancy is the only source of heat gains [31]. Temperatures are expressed in units of
kelvin and thermal powers are expressed in watts, while solar radiation is expressed in
[W/m2]. R and C represent the envelope thermal resistance and the building thermal
capacity. respectively. The resistance is expressed in [K/W] as it accounts for the envelope
surface, while the thermal capacity is expressed in [J/K]. The circuit equivalent circuit is
represented in Figure 3, according to the electrical-thermal analogy.

Figure 3. Grey box model equivalent circuit.

A training and testing dataset were generated in order to tune the grey box model
parameters and validate its accuracy on unseen data.

The specific focus of the data generation is the period leading up to the peak heat day
scenario, spanning from 2 January to 16 January. This timeframe was selected to analyze
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the system’s performance prior to the highest demand conditions: the peak heating period
from 16 January to 30 January. Choosing a training and testing dataset from a time window
preceding the deployment period is necessary to ensure the fairness of the results, since
training a model on the deployment period would reward the overfitting of the model itself.

The conditions under which the training and testing data are gathered are those of
ordinary operation with temperature setpoints compatible with occupants’ comfort. While
some authors suggest training the model on data which explore the system under great
variability of the monitored variables, often as a result of pseudo random control signals,
others employ data generated under regular operation. Indeed, while simulation opens up
the possibility to apply the former approach with ease, ensuring occupants’ comfort makes
the latter a much more realistic choice. Data for the training and validation of the model
are plotted in Figure 4.

Figure 4. Training and validation period for grey box model parameters with baseline controller.

Upon completion of the optimization process, the model’s predictions are compared
against measured data, and various error metrics are computed to quantify its performance.
The model reaches a Root Mean Square Error (RMSE) of 0.305 K and a Mean Absolute
Percentage Error (MAPE) of 0.012. These indicators suggest a good prediction accuracy
with respect to the output variable (zone air temperature).

Since the aim of the proposed controller is to minimize the final use of energy drawn
from the power grid, or, in the case of flexibility event, optimize a function of it, a math-
ematical relationship between the thermal power provided by the heat pump and the
corresponding electrical power must be established. This way, the final use of power at all
instants can be expressed as a function of the control problem states and actions. While a
heat pump’s electrical power consumption is in general a function of source temperature,
sink temperature, and partial load ratio [32], only two regressors were chosen to predict
the thermal and electrical consumption. Namely, these are the heat pump control signal
uhp (controlling the compressor speed with a signal between 0 and 1) and the outdoor tem-
perature Tout. These choices were the result of forward selection of candidate variables and
polynomial orders. Ultimately, a first-order polynomial of these two variables was selected
as it yielded satisfactory prediction results while ensuring the following advantages:

• The variables are easily available. Indeed, Tout is a disturbance whose prediction is
provided by BOPTEST and, in real-world application, is provided by forecast services.
The heat pump control signal uhp is a control action, therefore it is directly yielded by
the controller itself.

• A linear formulation of the MPC problem is enabled. Non-linearity is avoided; in
particular, the heat pump water production temperature, while being a good predictor,
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forces a bilinear formulation of the optimal problem that slows down the optimization
process.

The model is therefore in the following form:

Q̇hp = a1 · uhp + b1 · Tout + c1 (2)

Pel = a2 · uhp + b2 · Tout + c2 (3)

where:

• Q̇hp: heat pump power.
• Pel : electrical power consumption of the heat pump.
• uhp: heat pump signal between 0 and 1.
• Tout: outdoor temperature.

The curve fitting was carried out by means of a polynomial regression on simulated
data points. Data for the regression were generated by running the model with a random
signal for the heat pump control in order to get a wide range of combinations of the
regressors and the predicted variables. The final result of the process for the heat pump
power is described in Table 3.

Table 3. Heat pump model regression coefficients.

Coefficient Value

a1 0.7489
b1 1.1320
c1 0.7489
a2 0.7489
b2 1.1320
c2 0.7489

A scatter plot of the model results against the simulated data can be seen in
Figures 5 and 6 for the thermal power yielded and the electrical consumption, respectively.
The ±20% error lines in the scatter plots give a visual indication of the
prediction accuracy.

Figure 5. Predicted vs. measured thermal power based on the heat pump signal and outdoor dry
bulb temperature.
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Figure 6. Predicted vs. measured electric power based on the heat pump signal and outdoor dry
bulb temperature.

2.4. Model Predictive Control Formulation

The mathematical model describing the building’s dynamics is provided by Equation (1).
Here, the heating power Q̇HVAC is expressed as a function of the control signal uhp through
Equations (2) and (3).

The constraint on zone temperature is expressed according to the economic MPC
paradigm, so that the controller can leverage the entire temperature range considered
acceptable for occupants’ comfort to fully exploit the flexibility offered by the envelope
thermal mass. For this purpose, slacking variable sTz is defined so that the constraint on
zone temperature becomes a soft constraint:

Tz,min − sTz ≤ Tz ≤ Tz,max + sTz (4)

where Tz,min is the lower temperature boundary, being 21 ◦C during occupied hours and
15 ◦C during unoccupied hours, and Tz,max is the upper temperature boundary, being 24 ◦C
during occupied hours and 30 ◦C during unoccupied hours. These values are provided by
BOPTEST and are not meant to be modified, so that all future and past works on the same
test case can be fairly compared. The slacking variable itself thus becomes an additional
control action for the optimization problem.

The heat pump is controlled by a continuous signal between 0 and 1, and the maximum
electrical power is 4.5 kW:

0 ≤ uhp ≤ 1

0 ≤ Pel ≤ 4.5 kW

Overall, the time-varying variables involved in the control problem can be classified as:

• States: states describe the dynamic system conditions at all time instants. The one
state in this problem is zone temperature x = [Ti]

T , with x ∈ R1.
• Actions: control actions are the heat pump control signal and the slacking variable,

u = [uhp, sTz ]
T , with u ∈ R2

• Disturbances: the uncontrolled input variables are d = [Tout, Q̇s, Q̇g]T (external air
temperature, global horizontal solar radiation, internal heat gains), with d ∈ R3

The objective of any MPC controller is encapsulated in its cost function. In this case,
the aim is to optimize the heat pump’s operation over a prediction horizon from instant ti
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to instant th. In the present work, two different control problems are formulated, namely
MPC1 and MPC2. Both problems are formulated as economic MPC optimal problems.

MPC1 focuses on minimizing electrical power consumption Pel while maximizing
thermal comfort. This is translated into the cost function J1:

J1 =
∫ th

t=ti

(wel Pel + wssTz)dt (5)

where:

• wel represents the cost coefficient related to electrical power consumption.
• ws stands for the weight associated with maintaining the indoor temperature Tz within

a comfortable range. In particular, it weights slacking variable sTz .

Controller MPC2 was conceived in order to assess the efficacy of the MPC controller
in leveraging energy flexibility. A time-varying constraint on the heat pump maximum
power consumption was introduced to limit the power drawn from electric grid during
peak hours. This constraint was formulated as a soft constraint in order to allow the system
to violate the boundary if the thermal load required it. For this purpose, a new slacking
variable shp was introduced:

Pel ≤ Php,max + shp

The slacking variable was added to cost function J1, multiplied by a properly selected
weighting factor:

J2 =
∫ th

t=ti

(
wel Pel + wssTz + whpshp

)
dt (6)

where:

• wel represents the cost coefficients related to electrical energy.
• ws is the weight associated with maintaining the indoor temperature Tz within a

comfortable range.
• whp is the weight associated with limiting energy consumption during on-peak hours.

The initial step involved understanding the power grid’s typical requirements specific
to the building’s location, situated in Belgium. Subsequently, the net energy demand
and associated pricing profiles were derived, drawing insights from the literature [33], as
depicted in Figure 7.

Figure 7. Net demand energy with consideration of the different scenarios [33].

Drawing from data related to the Belgian grid and theoretical conjectures concerning
the building, specific energy boundaries were delineated to prescribe energy constraints
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for the case study. As illustrated in Figure 8 , accounting for the maximum potential energy
consumption of the heat pump at 15 kW, these recommended energy boundaries were
established using logical coefficients derived from the relevant literature [33].

Figure 8. Net energy demand of the case study modified from [33].

2.5. Key Performance Indicators

The BOPTEST platform yields a set of KPIs at each run. These KPIs are intended to
enable all researchers to compare results using the same metrics. Among the KPIs offered
by the platform, two were selected as significant for the present study. Further details on
the available KPIs can be found in [5].

• Thermal discomfort is expressed in units of [Kh] and it is computed as the cumulative
deviation of the zone temperature from the lower and the upper boundary comfort
limits. These limits are pre-defined for each testcase, so that future results on the same
testcase will be fairly comparable. The thermal discomfort is computed as:

Ktdis =
∑N

z=1
∫ t f

ts
[(max(Tz(t)− Tz,coo(t)), 0) + (max(Tz,hea(t)− Tz(t)), 0)]dt

N
(7)

where T(z) is the temperature of zone z, Tz,hea and Tz,coo are the lower and upper
setpoints respectively (all temperatures in kelvin), ts and t f are the start and end
time of the simulation, and N is the number of zones. The purpose of this KPI is to
quantify how well the control system is able to keep the temperature between the set
boundaries. In particular, it accounts for both the magnitude of the violation and the
amount of time the temperature is outside the boundaries.

• Cost is expressed in units of [€/m2] and it is computed as:

Kcost =
∑j∈J ∑i∈I

∫ t f
ts

pτ
j (t)Pij(t)dt

A
(8)

where Pij(t) is the power consumed by device i with energy source j (in units of watts),
J is the set of the energy sources available, Ij is the set of the pieces of equipment using
source j, pτ

j (t) is the price of energy source j with tariff τ, and A is the building total

floor area (in units of m2).

Additionally, two further KPIs are computed for MPC2 results in order to better assess
the performance with respect to its specific task, namely that of exploiting the building
thermal mass to increase its energy flexibility. These KPIs are automatically computed by
the BOPTEST platform, but are additions made by the authors. The two KPIs are defined
as follows.

• In order to assess the ability of MPC2 to adhere to the power usage constraint, the
violations of the constraint itself are computed as:
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Pviol =
∫ t f

ts

[
(max(Pel(t)− Php,max(t), 0)

]
dt (9)

where Pel(z) is the actual power consumption of the heat pump, and Php,max(z) is the
upper bounding constraint for its usage. The KPI is expressed in unit of [kWh].

• The Flexibility Factor indicator, expressed as dimensionless, is a measure of the ability
of the system to shift energy usage from periods where usage is intended to be lowered
to period of higher convenience. The definition here adopted is a slight modification
to the indicator commonly employed in the literature (see [34]). Indeed, the non-peak
period (Pel,nonpeak in Equation (10)) power consumption refers to the power used when
the power consumption limit is at the highest value; conversely, Pel,nonpeak refers to the
power consumed when power reduction is required by the grid.

FF =

∫ t f
ts

Pel,nonpeak(t)dt −
∫ t f

ts
Pel,peak(t)dt∫ t f

ts
Pel,nonpeak(t)dt +

∫ t f
ts

Pel,peak(t)dt
(10)

3. Results

This section presents the outcomes of the Model Predictive Control (MPC) implemen-
tation, along with a thorough analysis of various scenarios relative to MPC1, evaluated
against the Key Performance Indicators (KPIs) supplied by the Building Optimization Per-
formance Testing Framework (BOPTEST). The effectiveness of MPC1 is validated through
these results, identifying the most successful combinations of control horizon and timestep
for the particular case at hand. Finally, validation results related to the effectiveness of the
MPC2 problem for the energy flexibility are provided.

Based on Table 4, which details various performance metrics across different MPC1
hyperparameter combinations, a comparison can be drawn between the advanced controller
and the baseline controller performances. The lowest thermal discomfort is achieved with
an 8 h horizon and 300 s time steps in the highly dynamic electricity price scenario. When
evaluating both cost and thermal discomfort together, the 8 h horizon and 300 s time steps
in the highly dynamic electricity price scenario offer the best balance. The percentage
improvement over the baseline for combined cost and comfort efficiency would require
a multi-objective analysis, considering both factors simultaneously. Results are reported
in Table 4 as percentages of improvement with respect to the baseline conditions. All
MPC1 scenarios reduce thermal discomfort, with the most significant improvement in the
8 h horizon and 300 s time steps scenario (82.2% reduction). Cost is lower in all MPC1
scenarios, with the 8 h horizon and 600 s time steps showing the greatest reduction (20.3%).
Energy use is reduced in all scenarios, with the 8 h horizon and 600 s time steps using the
least energy (20.3% less). In summary, the best scenario varies for each KPI. For thermal
discomfort and energy use, the 8 h horizon with 600 s time steps is most effective.

Figure 9 showcases the MPC controller’s outcomes during a peak heating period
under a constant pricing scenario, with a time horizon (Th) of 8 h and a simulation time
step of 5 min. Results show that MPC1 tends to keep the internal temperature close to
the lower boundary, as that is the solution guaranteeing the lowest energy demand. The
system reduces energy consumption during periods of inactivity and leverages predictive
data to precondition the building for occupancy, ensuring thermal comfort upon arrival.
An abrupt temperature spike on 19 January is observed, which can be attributed to signifi-
cant fluctuations in outdoor temperature, solar radiation, and internal heat gains. When
compared to the baseline PI controller, the MPC shows a better ability to anticipate setpoint
changes that correspond to the beginning of occupation time windows. Similarly, the MPC
allows internal temperature to decrease during unoccupied hours more so than the baseline
controller does, which results in a lower energy demand over the entire period. Indeed, the
prediction capabilities of the MPC controller allow it to anticipate setpoint changes. This
also justifies the choice of an economic formulation, since a tracking MPC would not allow
the leveraging of the permitted temperature range to find an optimal temperature profile.
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Figure 9. Simulation results for the peak heating period with constant pricing scenario. Th = 8 h and
time step = 5 min.

Table 4. Cost and thermal discomfort improvements under different scenarios compared to the
baseline controller. Results are expressed as percentage reduction with respect to the baseline.

Horizon (H) Time Step (S) Scenario Price Cost [EUR/m2] (%) Thermal Discomfort [Kh/Zone] (%)

8 300 constant 15.8% 82.2%
12 300 constant 16.5% 81.2%
24 300 constant 17.3% 80.9%
8 600 constant 19.8% 66.9%
12 600 constant 18.6% 77.6%
24 600 constant 18.8% 79.7%
8 300 dynamic 17.5% 80.9%
12 300 dynamic 16.3% 81.2%
24 300 dynamic 17.1% 80.9%
8 600 dynamic 20.0% 66.9%
12 600 dynamic 18.6% 77.6%
24 600 dynamic 18.9% 79.7%
8 300 highly dynamic 17.9% 80.9%
12 300 highly dynamic 16.7% 81.2%
24 300 highly dynamic 17.5% 80.9%
8 600 highly dynamic 20.1% 66.9%
12 600 highly dynamic 18.9% 77.6%
24 600 highly dynamic 19.1% 79.7%

Analysis of the Effectiveness of the Designed MPC for Demand Response in the Belgian Grid

MPC2 was implemented with a control horizon of 8 h and a control timestep of 5 min.
Simulations were conducted for the peak heat day period, that is, from 16 January to 30
January. The results are illustrated in Figure 10. The green dashed line represents the
upper boundary on power consumption for the HVAC system, considering the on-peak
and off-peak hours of the grid. The results demonstrate the effectiveness of the MPC in
enhancing energy flexibility, while also maintaining thermal comfort. The Key Performance
Indicators (KPIs) in Table 5 quantify the improvements.

Table 5. KPI metrics comparison between baseline controller and MPC2.

KPI Cost (EUR/m2) Energy (kWh/m2) Thermal Discomfort (Kh/Zone)

Baseline 0.87 3.33 7.35
MPC2 0.79 3.13 3.79
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Figure 10. Demand response validation result of the MPC.

The MPC showed a significant improvement in thermal discomfort, with a reduc-
tion of approximately 48%. Additionally, there was a 6% improvement in both energy
consumption and cost compared to the baseline controller. The final figure confirms that
energy consumption remains within the boundaries set by the grid’s energy limitations
during both on-peak and off-peak hours. Such improvements were reached despite the
stringent constraints on the maximum power consumption allowed. In order to satisfy
both the consumption and the thermal comfort constraints, MPC2 exploited the dynamic
behaviour of the building, that is, its ability to store internal energy. This was achieved
by leveraging the admissible range for the internal temperature. Indeed, as Figure 10
shows, the controller drives the internal temperature between the lower and the upper
boundary values, thus exploiting the building thermal capacity to store energy when a
higher power could be drawn from the grid, and to release it when the power constraint
forced the controller to reduce the HVAC instant consumption. MPC2 managed to keep the
cumulated violation of the power consumption constraint to 12.6 kWh, computed as per
Equation (9). As to the Flexibility Factor defined in Equation (10), the controller reached
a value of 0.49, demonstrating a high capability of MPC to shift energy consumption to
specific time windows of operation, while significantly reducing the power usage when
grid constraint become more stringent.

Overall, these results validate the effectiveness of the designed MPC in meeting
demand response objectives while maintaining occupant comfort and reducing energy
costs and consumption.

4. Discussion and Conclusions

In this work, the potential of Model Predictive Control for the management of build-
ing energy systems was explored. Controller MPC1 was conceived with the purpose of
minimizing the energy cost over a testing period, while ensuring thermal comfort condi-
tions for the occupants. For MPC1, energy price was the sole source of interaction with
the power grid, and it was treated as a boundary condition influencing the value of the
optimal problem cost function. The implementation can be considered successful as MPC1
outperformed the PI-based baseline controller in terms of both cost savings and thermal
comfort violations. As a variation of controller MPC1, MPC2 included in its formulation a
constraint on the maximum power to draw from the grid by the HVAC system. Despite
the addition of another constraint, the controller was still able to outperform the baseline
controller in terms of cost and thermal comfort. The latter controller proved MPC as a
viable solution to include grid signals into the design of a controller, as it successfully
leveraged the thermal mass of the building as a means to reshape the power consumption
profile to adapt it to grid requirements. Even though the present research was carried out in
a simulated environment, the proposed methodology was carefully conceptualized so that
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it could be easily implemented in the field, bearing in mind the associated technological
and practical limitations. In particular, the following aspects can be underlined:

• The emulator on which the scenarios were tested is made up of high fidelity models, so
the response of the system to the control input signals is representative of the dynamic
response of an actual, real-world building.

• The level of detail of the emulator allows the consideration of feasible and realistic
control actions and feedback signals in the design and testing of the controller, since
the modeled actuators and sensors mirror those that are commonly found on real
energy systems.

• Model training has been identified by the literature as one of the main challenges
in designing a model-based controller. The methodology here adopted allowed us
to obtain a plant model reliable enough for the MPC to perform satisfactorily while
employing a small amount of easily obtainable data.

• The low order of the control oriented model, along with the strictly linear formulation
of the control problem, guarantee a low computational burden in the solution of the
optimal problem.

The aforementioned points make the proposed methodology suitable for in-field
application; moreover, the results of the present work can be considered realistic in terms of
the numerical assessment of the controller performance and its improvement with respect
to the baseline. However, a few simplifying assumptions could be removed in future works,
and some further aspects could be investigated.

• Uncontrolled disturbances and boundary conditions were here considered as known
for a future window in a deterministic way; future work might investigate the effect of
stochastic predictions on such variables and their influence on the MPC performance.

• Sensors in the emulator yield measurements that are unaffected by any uncertainty;
the effect of non-ideal sensors might be subject to further analysis.
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The following abbreviations are used in this manuscript:

MPC Model Predictive Control
BOPTEST Building Optimization Testing framework
HVAC Heating, Ventilation, and Air Conditioning
TCS Traditional Control Strategies
ACS Advanced Control Strategies
PID Proportional Integral Derivative control
KPI Key Performance Indicator
RL Reinforcement Learning
DDPG Deep Deterministic Policy Gradient
DDQN Double Deep Q Network
SAC Soft Actor Critic
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ARX Auto Regressive Exogenous model
QP Quadratic Programming
MINLP Mixed Integer Non Linear Program
AMPC Approximating Model Predictive Control
NRMSE Normalized Root Mean Square Error
MAPE Mean Absolute Percentage Error
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