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S UMMARY
Energy systems influence many aspects of society, from the residential sector to the commercial one. Improving the performance and efficiency of energy systems and guaranteeing their stability is a fundamental task of control engineers. In this regard, this thesis
presents modeling and control solutions for energy systems, with a focus on both electric and thermal ones. The thesis is divided in three parts. Firstly, we consider an online
partitioning and stability problem of a network applied to frequency regulation. Secondly, we present algorithms for energy management system of an electrical microgrid.
In particular, we focus on providing a trade-off between computational complexity and
performance of the obtained solution. Lastly, we focus on thermal energy systems by
designing an algorithm for room temperature control in commercial buildings.
In the first part of the thesis, we consider a linear switching large-scale system and
we focus on the problem of partitioning the system into smaller subsystems. We assume
that the different modes of the switching system are not known a priori, but they can be
detected. We propose an online scheme that can partition the system when the mode
switches, adapting therefore the partition to the mode of the switching system. The goal
of the partitioning algorithm is on the one hand to minimize the coupling between subsystems, in order to facilitate the task of a distributed/decentralized controller, and on
the other hand to obtain subsystems with similar sizes, in order to distribute the control
effort equally. Moreover, after the system has been partitioned, we apply a decentralized
state-feedback control scheme to stabilize the overall system. In order to prove stability,
we apply a dwell time stability scheme such that the closed-loop system remains stable even after both the mode and partition changes. The online partitioning method,
together with the control algorithm, is applied to an automatic generation control problem of frequency regulation in a large-scale power network.
In the second part of the thesis, we consider the energy management system problem
in a microgrid. We present several Model Predictive Control (MPC) approaches for optimally managing the power flows in the microgrid, from an economical point of view. The
microgrid is modeled using the Mixed Logical Dynamical (MLD) framework. We provide
three different strategies that yield a trade-off between computational complexity and
performance by parameterizing the inputs to the system. First, we propose a parametric
MPC approach, in which the continuous inputs are expressed as parametric functions
and the binary variables are heuristically parameterized. Next, we propose an if-thenelse parametrization of the binary variables in the MLD model, so that they are assigned
a value before the optimization takes place, yielding therefore a real-valued optimization
instead of a mixed-integer one. Finally, we use past optimization results obtained from
simulations to develop two machine learning methods, i.e. decision trees and random
forests, that can provide a binary variable configuration so as to, once again, remove
the binary variables from the optimization problem. The results obtained show that the
methods can provide a very large decrease in computation time while having almost no
13
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loss in performance. Simulation results show how the developed methods are able to
provide a large reduction in computation time while having a very little performance
loss.
Lastly, in the third part we focus on thermal networks. We propose a scenario-based
MPC approach to control the temperature room in office buildings. The building is
modeled using the tool Modelica that yields a better model description compared to
linearized models. The adopted scenario generation method improves upon the current literature by considering that the marginal distributions depend both the prediction time steps and on time itself and that the distributions of the disturbances are not
stationary. By combining scenario-based MPC together with Modelica, we can improve
the performance of the controller of the building and we show this by comparing our
method against a deterministic method using a Modelica model description, but also
against the same controllers with a linearized model.

S AMENVATTING
Energiesystemen beïnvloeden vele aspecten van de samenleving, waaronder de residentiële en de commerciële sector. Het verbeteren van de prestaties en efficiëntie van energiesystemen en het garanderen van hun stabiliteit is een fundamentele taak van regeltechnische ingenieurs. Dit proefschrift presenteert wiskundige modellen en regelaars
voor energiesystemen, met een nadruk op elektrische en thermische energiesystemen.
In total bestaat het proefschrift uit drie delen. Ten eerste beschouwen we een online
partitionerings- en stabiliteitsprobleem van een energienetwerk dat wordt toegepast op
frequentieregulatie. Ten tweede presenteren we regeltechnische oplossingen voor het
energiebeheersysteem van een elektrisch microgrid. We richten ons in het bijzonder op
de afweging tussen de benodigde rekentijd en de prestaties van de ontworpen regelaar.
Ten slotte richten we ons op thermische energiesystemen door een algoritme te ontwerpen voor het regelen van de kamer temperatuur in commerciële gebouwen.
In het eerste deel van het proefschrift beschouwen we een lineair schakelend grootschalig systeem en richten we ons op het probleem van het partitioneren van het systeem in kleinere subsystemen. We gaan ervan uit dat de verschillende modi van het
schakelsysteem a priori niet bekend zijn, maar wel gedetecteerd kunnen worden. We
stellen een oplossing voor dat het systeem online kan partitioneren wanneer de modus
verandert, waardoor de partitionering wordt aangepast aan de modus van het schakelsysteem. Het doel van het partitioneringsalgoritme is enerzijds het minimaliseren van de
koppeling tussen subsystemen om de taak van een gedistribueerde / gedecentraliseerde
regelaar te vergemakkelijken, en anderzijds het verkrijgen van subsystemen met vergelijkbare grootte om de benodigde rekenkracht evenredig te verdelen. Bovendien passen we, nadat het systeem is gepartitioneerd, een gedecentraliseerd regelaar met staatterugkoppeling toe om het algehele systeem te stabiliseren. Om stabiliteit te bewijzen
passen we een verblijfstijd stabiliteitsmethode toe zodat het gesloten-lus systeem stabiel
blijft, ook na modus- en partitiewijzigingen. De online partitioneringsmethode wordt
samen met de regelaar toegepast voor frequentieregulatie in een grootschalig elektriciteitsnetwerk.
In het tweede deel van het proefschrift beschouwen we het energiebeheer in een microgrid. We presenteren verschillende Model Predictive Control (MPC) regelaars voor
het economisch optimaal beheren van de stroom in het microgrid. Het microgrid is
gemodelleerd in de Mixed Logical Dynamical (MLD) omgeving. We stellen drie verschillende regelstrategieën voor die een compromis opleveren tussen de benodigde rekenkracht en de prestaties van de regelaar. Eerst stellen we een parametrische MPCbenadering voor, waarbij de ingangen naar het systeem worden uitgedrukt als parametrische functies en de binaire variabelen heuristisch worden benaderd. Vervolgens stellen we een als-dan-anders-parametrisering voor van de binaire variabelen in het MLDmodel zodat ze een waarde krijgen toegewezen vóórdat de optimalisatie plaatsvindt, wat
een optimalisatie in het reële domein oplevert in plaats van een gemengde integer op15
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timalisatieprobleem. Ten slotte gebruiken we optimalisatieresultaten verkregen uit simulaties om twee machine learning oplossingen te ontwikkelen, namelijk beslissingsbomen en willekeurige bossen. Deze oplossingen bieden de mogelijkheid om binaire
variabelen uit het optimalisatieprobleem te verwijderen. De resultaten laten zien dat de
verwijdering van binaire variabelen een zeer grote afname van de benodigde rekentijd
kunnen opleveren, terwijl ze tot vrijwel geen prestatieverlies leiden. Simulatieresultaten
laten zien hoe de ontworpen oplossingen in staat zijn de benodigde rekentijd significant
te verkleinen zonder een merkbaar verlies in de potentie van de oplossing.
Ten slotte richten we ons in het derde deel op thermische netwerken. We stellen
een scenario-schakelende MPC-regelaar voor om de temperatuur in kantoorgebouwen
aan te sturen. Het gebouw is gemodelleerd met de software Modelica, die een betere
modelbeschrijving oplevert dan vergelijkbare lineaire modellen. De methode die wordt
gebruikt voor het genereren van verschillende scenario’s is nieuw ten opzichte van de
huidige literatuur door mee te nemen dat de marginale kansverdelingen zowel afhangen
van de voorspellingstijdstappen als van de tijd zelf. Daarnaast neemt deze vernieuwende
aanpak mee dat de kansverdelingen van de verstoringen niet stationair zijn. Door deze
scenario-schakelende MPC-regelaar te combineren met Modelica kunnen we de prestaties van de temperatuur regelaar verbeteren. Dit laten we zien in tweevoud, ten eerste
door onze methode te vergelijken met een deterministische methode met behulp van
een Modelica-modelbeschrijving, en ten tweede door een vergelijking met dezelfde regelaars met een lineair model.

1
I NTRODUCTION
1.1. O UTLINE
This chapter presents a brief explanation about the evolution that electrical grids have
undergone in the last years, together with the motivation for the research, the contributions and research goals, and the thesis outline. In Section 1.2, we discuss briefly the
transition from “traditional” power networks to so called Smart Grids. In Section 1.3 we
present the motivation behind our research and we discuss its main contributions in
Section 1.4. Lastly, the outline of the rest of the thesis is presented in Section 1.5.

1.2. F ROM TRADITIONAL GRIDS TO ‘S MART G RIDS ’
The power network, designed around 100 years ago, was used for many decades with
any major modification. Energy was delivered from centralized power plants to the customers, which were acting only as energy-takers. If more energy was required, then the
power plants would simply produce more energy to maintain the power balance. The
production would, therefore, adapt to the needs of the demand [1].
Things started to change with the introduction of renewable energy sources, e.g. solar power, wind power. At the beginning, the share of this kind of energy in the total
production was low, but it began to increase rapidly in the last years. The reasons for this
increase are many: climate change and related carbon emission reduction policies, electronics improvement, new low-carbon technologies, new market structures, and market
profitability. With new sources in the power network, new paradigms also arose. Differently from traditional power plants, renewable energy sources cannot provide a desired
amount of power, but they just provide the power that is available at that moment [2].
Moreover, energy generation started to become more and more distributed across the
territory, since private citizens started to install photo-voltaic panels or small wind turbines in their homes or farms. These changes led therefore to the creation of small electrical grids, or “microgrids”, which are self-contained small networks with energy storage systems, loads, production units, a centralized control unit, and a connection to the
main grid [3, 4]. Lastly, technology advancements e.g. faster communication, smaller de1
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vices, larger memories, have also reshaped power networks from a control perspective,
since they opened many more possibilities in the control architecture.
Many characteristics have therefore changed in the power network. Consumers that
produce energy are now referred to as “prosumers” [5], from the merging of the words
“producer” and “consumer”, and they take an active part in the grid. Moreover, given
the higher volatility of production due to renewable energy sources, now the flexibility
is demanded on the customers side, i.e. it is the demand that has to adapt to the supply,
and not vice versa. This strategy is referred to as “demand side management” [6]. Lastly,
the architecture of power networks has changed from a centralized one to a distributed
one [7].
In the same way, building heating systems have also benefited from the technology
advancements [8, 9]. New sensors, data collection, weather forecast, intelligent devices
are all new concepts from the last years that are changing and reshaping building automation. It is now possible to completely automate a building and control all its units
related to heating, ventilation, and cooling remotely. Moreover, disturbance data can
be gathered and predicted and therefore a smart controller can be implemented. These
changes have led therefore to an increase in the level of automation in a building and
have radically changed buildings and opened new opportunities. For instance, buildings are now also active actors in the energy grid since they can also be energy flexible
and help when there is an excess or lack of generation [10, 11].
All these changes have introduced new opportunities but also new challenges. In
this thesis we focus on some aspects of control strategies related to energy networks.
The interested reader is referred to [12] for a survey about smart grids and to [8, 9, 13] for
surveys about smart buildings.

1.3. M OTIVATION OF THE RESEARCH
Given the previous discussion, it is clear that the evolution of energy networks opened
also new challenges that have to be faced using new control paradigms. We present here
three different challenges that are the main motivation of the work presented in this
thesis.
Guaranteeing the stability of large-scale power networks is of the utmost importance.
This goal can be achieved through a stabilizing control action that, based on information
of the system, can keep it close to its nominal point. This is the case e.g. for frequency
regulation, application in which the frequency has to stay close to its nominal value,
otherwise instability might occur. In some cases, however, the controller might not work,
due to e.g. faults in the network such as broken link. In these cases, the controller, and
the control architecture, should be updated to maintain the stability.
Together with stability, computational tractability of control algorithms must be
taken into account, such that the controller can still be applied successfully even in
the case of low computational power or a big size of the problem. In this regard, the
models used to manage the power flows inside microgrids contain both integer and
continuous variables. Thus, when solving an optimization-based control problem with
these models, the resulting problem will be a mixed-integer one, which results in a
large computational complexity that has to be explicitly considered in the design phase.
Therefore, control tools that can provide a reduction in computational complexity while
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yielding similar performance, or that can provide a trade-off between computational
complexity and performance, are needed.
Another important aspect in energy networks is the stochasticity of the processes
that affect the system under control. In particular, in building heating systems, both
exogenous disturbances, e.g. solar irradiance, ambient temperature, and endogenous
ones, e.g. occupancy, are important processes to consider when defining the control action. Most of the controllers currently implemented in buildings either consider a simple
and inefficient rule-based controller or they use more advanced control techniques, by
making, however, many simplifications that might reduce the performance of the controllers. In order to improve the efficiency of building heating systems, and in turn to
reduce energy consumption and carbon emissions, it is important to measure how these
simplifications done can undermine the performance of the control actions.
In this thesis, we present novel control techniques to tackle the three aforementioned
problems of energy networks. In particular, we consider an online partitioning and stability problem of a power network with the goal of performing frequency regulation.
Then, we present three different algorithms for the energy management system problem
within microgrids, focusing on particular on strategies that provide a trade-off between
computational complexity and performance. Finally, we design a control algorithm for
room temperature control in commercial buildings that explicitly considers stochasticity
of the processes that affect the building under control and we compare it against other
commonly applied methods from the literature.

1.4. C ONTRIBUTIONS
This thesis focuses on three main parts as explained in the previous paragraph. Two
parts focus on electrical networks while the last one focuses on building heating systems.
Based on the literature survey background that will be presented in Chapter 2, we have
identified several gaps in the literature that we want to cover with the work presented
here. Therefore, the main contributions of this thesis are the following:
• Providing an online partitioning algorithm. We present a novel partitioning algorithm to divide a large-scale system into smaller subsystems. The goal of the
algorithm is to minimize the coupling between subsystems and at the same time
to obtain subsystems of similar size. The algorithm can be executed online so that
partitions can be changed if there is a change in the underlying large-scale system.
• Proving stability of large-scale partitioned switching systems. After a large-scale
switching system has been partitioned into smaller subsystems, we show how to
stabilize the overall system by applying a decentralized state-feedback controller.
Moreover, we prove how stability is preserved even if there are changes in the overall system, i.e. if the overall large-scale switching system switches to another mode.
• Designing control algorithms that provide a trade-off between complexity and
performance for microgrids. We present different model predictive control
algorithms for energy management problems in microgrids. These algorithms
can provide a trade-off between computational complexity and performance. In
particular, these methods aim to reduce the computational complexity of energy
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management problems by reducing or removing the amount of binary variables
in the problem. When all the binary variables are removed, the optimization
problem becomes a real-valued one. Moreover, these algorithms show a very
large decrease in computational complexity while having almost no loss in
performance.
• Developing rule-based and machine learning methods for assigning the value
to binary variables in mixed logical dynamical models. We propose a novel rulebased framework that uses if-then-else rules to assign the value to binary variables
in mixed logical dynamical models. The rules are based on available external information, e.g. electricity prices and loads profiles, and parametrize all the binary
variables in the model. We also develop a second algorithm that applies the same
concept, but uses two machine learning tools, i.e. binary decision trees and random forests, instead of a set of heuristic rules.
• Developing a stochastic building heating controller using a nonlinear model. In
the context of building heating systems, we present a novel model predictive control algorithm that uses both a stochastic scenario-based controller and a nonlinear model description, which provides a richer level of detail of buildings compared to a linear model. In the literature of building heating systems, there have
been so far either stochastic model predictive control algorithms that use a linearized model or deterministic model predictive control algorithms that use nonlinear models. We fill this gap by merging the two frameworks in one single controller.

The thesis is based on the works [14–18]. In particular, [16–18] are a joint work with
other researchers.

1.5. T HESIS OUTLINE
The structure of the thesis and its division in different chapters is shown in Figure 1.1.
The arrows show the preferred reading sequence of the chapters. After the current introduction chapter, Chapter 2 presents a literature background of the three different topics
that will be discussed in Chapters 3-5.
In Chapter 3, we present a partitioning algorithm that can be performed online together with a stabilizing decentralized state-feedback controller for large-scale switching
systems. Stability of the overall scheme is proved using concepts from switching systems
theory. The partitioning algorithm, together with the stabilizing controller, is applied to
a frequency regulation problem.
Chapter 4 discusses three different model predictive control algorithms that use different parameterizations for the control variables in mixed logical dynamical models. In
particular, the first method parametrizes the continuous control variables using parametric functions and the binary control variables using if-then-else rules. The second
method parametrizes only the binary control variables using heuristic if-then-else rules
that are based on information about external variables e.g. loads, renewables, and prices.
Lastly, a third method follows the same idea of the second one, but using machine learning methods for assigning the value to the binary decision variables instead of if-then-
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Chapter :
Introduction

Chapter 2:
Background on modeling and
control of energy systems

Chapter 3:

Chapter 4:

Chapter 5:

Online partitioning and
decentralized control of
largescale systems

Parametric methods for energy
management system in
microgrids

Scenariobased control
strategies for heating systems
in buildings

Chapter 6:
Conclusions and future research

Figure 1.1: Structure of the thesis. Arrows indicate logic reading order.

else rules. All the methods are applied to a microgrid energy management system problem.
In Chapter 5 we present a control algorithm for room temperature control in commercial buildings. In particular, we develop a scenario-based model predictive controller using a nonlinear model designed with the tool Modelica that can provide a higher
model accuracy. Moreover, our developed controller explicitly considers stochasticity of
the processes that affect the building under control, e.g. solar irradiance, outside ambient temperature, and we compare it against other commonly applied methods.
Lastly, Chapter 6 presents conclusions for the whole thesis and also some remarks
for future extensions of the work presented here.

2
B ACKGROUND ON MODELING AND
CONTROL OF ENERGY SYSTEMS
2.1. I NTRODUCTION
This chapter presents some literature background for the three core parts of this thesis,
i.e. Chapters 3–5. Section 2.2 discusses the literature background about system partitioning and serves as an introduction to Chapter 3. In Section 2.3, some literature background of different MPC algorithms is presented. The background on energy management problems of microgrids is presented in Section 2.4. Sections 2.3 and 2.4 serve as
literature background of Chapter 4. Section 2.5 discusses the current literature about
control of building heating systems and Section 5.4.1 presents a literature background
about scenario generation methods for building heating systems. Sections 2.3, 2.5, and
5.4.1 introduce Chapter 5. Lastly, conclusions are drawn in Section 2.6.

2.2. S YSTEM PARTITIONING FOR LARGE - SCALE SYSTEMS
Large-scale systems (LSSs) are systems in which the number of compositional elements
are both large in number and geographically widespread [19–24]. Examples include water networks [20], traffic networks [21], and power networks [22]. Moreover, LSSs can
also be time-varying, in the sense that some characteristics or parameters, such as their
topologies, may not be constant along time.
Due to the large amount of data and elements in the network, control of LSSs is
not a trivial task [25]. Although in small-sized plants a centralized controller can make
the closed-loop system achieve a suitable performance, in LSSs a centralized controller
would have to face many issues related to the amount of data, the distance between elements, and the large number of control variables [26, 27]. One of the problems is related
to the communication between elements of the network, since the distance between
them might cause problems such as delays or packet loss [25, 27, 28]. This fact holds
in cases in which a centralized controller would have to collect information about the
states from many or all the other nodes, e.g. state feedback control or MPC. Moreover,
7
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for some optimization-based control strategies, the computational complexity arising
from centralized control of the LSS might make the central optimization problem too
difficult to solve in a limited amount of time. An idea to overcome these problems is to
partition the system into subsystems and to apply a non-centralized controller, which
can be either decentralized or distributed. In both cases, some problems of the centralized scheme could be overcome, since the control input is computed and applied locally.
In decentralized control approaches, controllers do not exchange information amongst
themselves and they apply a control input that does not take directly into account the
coupling between different subsystems [26, 29, 30]. As one could expect, this strategy
works better when the coupling between subsystems is weak. On the other hand, distributed control strategies consider that a communication infrastructure is present in
the system and thus the different subsystems can exchange information amongst themselves [27, 28]. This information can be either related to the local state, or the local control action, or to both. Therefore, the local controllers can include extra information into
their control problem. In both cases, the communication flow and the computational
complexity per controller are reduced, since the LSS control problem is split into smaller
control problems among several subsystems.
Prior to applying a non-centralized controller, partitioning or decomposition of the
LSS into smaller subsystems is required. Some early works that propose an automatic
system decomposition approach were published in the 1980s, e.g. [31, 32]. In these articles, the system is described as a graph and the partitioning objective is to minimize
coupling between the resulting subsystems. Some recent papers, e.g. [33–36] also consider system decomposition as a graph partitioning problem. In this regards, the methods that are proposed in the aforementioned papers, can be classified into three broad
classes: global methods, which take a graph as their input and produce a partition, e.g.
spectral bisection methods [33, 34]; local improvement methods, which refine an initial
partition [35]; and multi-step methods, which combine a simple global method and a
local improvement method [36] in order to obtain a compromise between the computational burden and the quality of the solution.
However, to the best of our knowledge, little or no interest has been given to partitioning of time-varying systems. In the literature, the partitioning procedures are considered as an offline task that is carried out only once, before applying a non-centralized
control approach. This fact could lead however to instability when the system under
control is time-varying. Indeed, since a change in the dynamics implies, in general, a
change in the couplings between subsystems, a control scheme based on a previous description of the system might not be able to stabilize the system under control after that
change1 .
We consider linear switching LSSs in which we assume that, at certain moments in
time, the description of the current system changes and the dynamics in the state space
are described by a new (A, B ) pair. Note that since we assume that we cannot control the
switching sequence of the system towards different modes, we have a switching system.
Definition 2.1. A linear switching system is a system with dynamics given by
x(k + 1) = A σ(k) x(k) + B σ(k) u(k),
1 This is shown in Example 3.1 in Chapter 3.
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When studying stability of switching systems, one has to take directly into account
the switchings of the system since guaranteeing stability of each mode is not enough
to guarantee stability of the overall system [38, 39]. Indeed, as shown in [40], switching
between two asymptotically stable modes might result in a divergent trajectory; on the
other hand, switching between two unstable modes can result in a stabilizing trajectory.

2.3. M ODEL PREDICTIVE CONTROL ALGORITHMS
This section presents different Model Predictive Control (MPC) algorithms that will be
used in Chapters 4–5.

2.3.1. S TANDARD MPC
MPC is an established control approach that has been extensively studied and successfully applied in many fields in the last forty years [41–45]. At each time step k, an online
optimal control problem is solved, using a model of the system under control for computing predictions of the future states up to a certain prediction horizon Np . The optimization problem results in a sequence of optimal inputs, but only the first element in
the sequence is applied to the system. At the following time step k + 1 the system state
is sampled and a new optimization problem is solved, shifting the prediction horizon
one time step forward. Thanks to this strategy, MPC controllers are able to handle, to a
certain extent, uncertainties, model mismatches, and disturbances, since they can compensate for these errors when the system is sampled again and a new optimization problem is carried out [41–43]. Moreover, since the MPC strategy turns the control problem
into an optimization one, constraints on the inputs, states, and outputs can be naturally
included into the control problem.
Figure 2.1 shows the rationale behind MPC. At the current time step k, the system is
sampled and the current state is measured or estimated. Based on this, an optimization
problem is solved to find the optimal inputs to the system. The optimization problem is
based on constraints of the system under control and a cost function to be minimized,
which can be defined according to the specific problem. Many different kinds of cost
functions can be defined; however, in most of the cases, a linear or quadratic cost function is used in order to obtain a convex problem or at least to avoid the complexity arising
from nonlinear, non-quadratic optimization problems.

Chapter 2

where x is the state vector, A σ(k) is the state matrix, B σ(k) is the input matrix, u(k) is the
input vector, k is the current time step, and σ(·) is a piecewise constant function called
switching signal that takes discrete values and associates to each time step k a different
mode. Moreover, if one can arbitrarily choose the switching signal σ(k), then the system is
called switched [37].
♦
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future

past

predicted states
current state

u(k + 1)

computed control inputs
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k

k + Np
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Figure 2.1: Illustration of the rationale behind MPC.

A standard MPC optimization problem can be written as
minimize
u

NX
p −1

J (x(k + i ), u(k + i ))

(2.1a)

i =0

subject to g (x(k + i ), u(k + i )) ≤ 0,

for i = 0, . . . , Np − 1,

(2.1b)

x(k + i + 1) = f (x(k + i ), u(k + i )) , for i = 0, . . . , Np − 1,

(2.1c)

x(k) = x 0

(2.1d)

where J (·) is the cost function, x represents the state vector, u represents the input vector,
k is the current time step, x 0 is the initial state, Eq. (2.1b) represents the constraints on
the states and inputs, and Eq. (2.1c) represent the dynamics of the states. Problem (2.1)
refers to a generic system with any kind of cost function, constraint, and dynamic, but it
can be adapted according to the system and problem under control, e.g. linear systems
with a quadratic cost function.

2.3.2. MPC FOR HYBRID SYSTEMS
Systems containing both discrete and continuous variables, as the one considered in
Chapter 4, are called hybrid systems. These systems arise in many applications, e.g. au-
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tomotive systems [46], electrical systems [47], water management [48], traffic systems
[49], aerospace applications [50]. In particular, hybrid systems arise whenever in the
system are present e.g. valves or switches that cannot be modeled with real variables
[51]. Many models have been proposed during the years to represent such systems in
an efficient way. In this thesis, we use in particular the Mixed-Logical Dynamical (MLD)
framework proposed in [52] that allows to model hybrid systems using only continuous
variables, binary variables, and a set of linear inequalities. Moreover, MLD models can
be applied in an efficient manner together with an MPC controller. A standard MLD
model is represented as
x(k + 1) = Ax(k) + B 1 u(k) + B 2 δ(k) + B 3 z(k)
y(k) = C x(k) + D 1 u(k) + D 2 δ(k) + D 3 z(k)
E 1 x(k) + E 2 u(k) + E 3 δ(k) + E 4 z(k) ≤ E 5 ,

(2.2)
(2.3)
(2.4)

where k is the current time-step, x(k) ∈ Rn is the state vector, u(k) ∈ Rm is the input vector, and z(k) ∈ Rr z and δ(k) ∈ {0, 1}r b are auxiliary variables, which are needed to model
the logical statements in algebraic terms. The constraints of Eq. (2.4) are interpreted
component-wise.
When it comes to solving an MPC optimization problem using an MLD model (from
here on we will refer to this problems as MLD-MPC problems), the problem (2.1) becomes a mixed-integer one. In particular, MLD-MPC problems result in a Mixed-Integer
Linear Programming (MILP) problem or in a Mixed-Integer Quadratic Programming
(MIQP) problem if a linear or a quadratic cost are used, respectively, and all the
constraints are linear. MILP and MIQP problems are NP-hard and have a worst case
complexity that is considered to be exponential in the number of optimization variables
[44, 53]. This is also related to the fact that properties e.g. convexity are lost due to
the binary variables. Furthermore, one could think about enumerating all the possible
combinations of binary variables and solve all the respective linear programming (or
quadratic programming) problems, taking the solution with the lowest cost as the
optimal one. However, this is in general not possible, due to high amount of binary
variables in MPC-MLD problems. As a simple example, consider that an MLD-MPC
model with 10 binary variables and a prediction horizon Np = 48, entails a total number
of 210 · 48 = 49152 possible combinations. Therefore, efficient solvers that use advanced
techniques, e.g. branch-and-bound [54], have to be considered.

2.3.3. PARAMETRIZED MPC
Parametrized MPC [55] is a useful tool when the MPC optimization problem is hard to
solve and therefore the computational complexity has to be reduced. In this framework,
the inputs are parametrized as a function of parameters θ, external known (or estimated)
variables y, and states x, i.e. u(k) = f (x(k), y(k), θ(k)). The optimization is carried out
over the parameters, instead of over the inputs. The advantage of parametrized MPC
is that the computational complexity can be decreased since the number of decision
variables is reduced, if the number of components of θ(k) is less than the number of
components of u(k), or if θ(k) is taken constant over the prediction window. Moreover,
while in strategies in which the input is blocked the value of the input remains constant
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Figure 2.2: Illustration of possible choice of number of parameters in the parametrized MPC.

Np

[41], in parametrized MPC the inputs can change since they depend not only on the
parameters but also on the states or other variables.
Different numbers of parameters can be used in parametrized MPC, as explained in
[55] and as shown in Figure 2.2. For instance, it is possible to allow the parameters θ to
vary at every time step to increase the performance, as in the bottom of Figure2.2, or to
block the value of the parameters so that they cannot vary over the prediction window, as
in the top of Figure 2.2, yielding a faster solution. Therefore, the number of parameters
acts as variable that can be tuned and it provides a trade-off between performance and
computational complexity. Note that even if the parameters are “blocked” for the whole
prediction horizon, as shown in the top of Figure 2.2, the inputs u would still be different
since they also depend on the states x and variables y.

2.3.4. S CENARIO - BASED MPC
When disturbances act into the system under control, it is possible to improve the performance of the deterministic MPC of Section 2.3.1 by considering several scenarios of
the disturbances. This approach, known as scenario-based MPC (SBMPC), and it considers multiple realizations (or scenarios) of the disturbances, different system states for
each scenario, and a cost function that consists of the average of the original cost functions across all scenarios, as approximation of the expected value of the cost. For the
control inputs, two possibilities exist: shared control inputs across all scenarios and different control inputs for each scenario (as with the system state), except for the first time
step for which the same input for all the scenarios is kept. While the latter has the advantage of being less conservative, the former is more computational friendly.
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2.4. M IXED - INTEGER ENERGY MANAGEMENT SYSTEMS FOR
MICROGRIDS
As explained in Section 1.2, energy transition from fossil fuels to renewable energy sources is taking place in many countries, with the goal to improve the sustainability and to
decrease the environmental impact of energy production while trying to keep the same
services that are provided with the traditional power grid [56]. Indeed, the integration
of renewable energy sources poses many challenges, especially for what concerns their
intermittent nature [4, 12]. In this context, in recent years, the concept of microgrids has
been extensively considered in the scientific literature within the framework of smart
grids; see [3, 4, 12, 57] and the references therein about smart grids and microgrids,
and [47, 58–67] for recent microgrid-related work. Microgrids are small size electrical
grids that include elements such as local production units, local loads, and local energy
storage systems. There are many benefits related to the adoption of the concept of microgrids in the presence of renewable energy sources [12], e.g. the easier integration of
low-carbon technologies, the fact that energy produced locally is also used locally, thus
transportation costs and a decrease in efficiency are avoided.
In order to optimize the power flows within the microgrid, a control strategy must
be implemented and recently some MPC schemes for energy management of microgrids have been presented [47, 62–67]. The work [62] discusses a two-layer energy management system in which the upper layer minimizes the total operational costs and the
lower layer tries to mitigate the fluctuations induced by the forecast errors, by using several energy storage systems. The authors of [47] present a procedure for modeling the
different components of the microgrid and they apply an MPC algorithm that uses an
economical cost function. This work is extended in [63] to a stochastic MPC approach,
considering a stochastic controller that uses forecasts of loads and renewable energy
sources. A stochastic MPC approach is used also in [64], which presents a hierarchical
controller structure, in which the upper level solves an off-line open-loop optimal control problem and the lower level, with knowledge about the stochastic processes within
the microgrid, takes care of tracking the solution provided by the upper level. The approach considered in [66] involves a two-level hierarchical MPC controller, where the
upper level solves on a long time scale the unit commitment problem, i.e. the problem
of deciding whether to turn off or on the local generators, and the lower level solves on
a smaller time scale the economic dispatch problem, i.e. the problem of choosing the
optimal power flows, once the unit commitment problem is solved. In all the mentioned
papers, the overall MPC optimization problem is cast as a MILP problem, which is hard
to solve, as explained in Section 2.3.2.
Many works have been proposed to solve MILP problems in an efficient way [54, 68–
70]. In particular, decomposed methods [71, 72] split a specific problem into a “master”
problem and one or more “slave” problems. In [71, 72], a set of so called complicating variables, which are the main source of complexity in the problem, are identified
in the integer program. The non-complicating variables are projected out of the integer program. The master problem then seeks for a solution to the new integer program,
while the slave problem either determines that the master problem is feasible for the
original integer program or produces a constraint that it violates. The resulting “Bender
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cuts” are then added to the original master problem. Another approach is the so called
“branch-and-price” method [73, 74], where instead of adding new constraints to the (primal) master problem, a separation between feasible and infeasible solutions for the dual
of the master problem is used to add new constraints to the dual problem. This approach
was first described in [75], together with a decomposition method called Dantzig-Wolfe
decomposition. The interested reader is referred to [54, 68, 69] and the references therein
for more details on MILP methods.
Nevertheless, the worst-case computational complexity of MILP problems, like the
MLD-MPC problem with a long horizon related to microgrid energy management systems, remains exponential in the number of integer variables. Moreover, although nowadays there are some efficient solvers to solve this kind of programming problems, e.g.
Gurobi [76] or CPLEX [77], the overall complexity of MILP problems is NP-hard. Combining this with the fact that usually in microgrid operation optimization the prediction
horizon is quite long, i.e. 24h, the overall computational complexity of the MPC-MILP
problem can be too high. In Chapter 4 we explore some solutions to alleviate the computational complexity of MLD-MPC problems in energy management systems for microgrids.

2.5. M ODEL PREDICTIVE CONTROL FOR HEATING AND COOL ING SYSTEMS
MPC algorithms have been proposed to deal also with heating and cooling systems in
buildings using information available on the current room temperature and forecasts of
the disturbances. In general, MPC can deal well with disturbances by using a robust or
stochastic controller [42], which can achieve a better performance than the deterministic counterpart. However, despite having a better constraint satisfaction, a robust MPC2
controller is often too conservative for the task of controlling the temperature of a room
and it could result in a high amount of energy used; therefore, usually a stochastic MPC
controller is preferred for building heating systems [78, 79]. Indeed, by considering the
stochastic properties of the disturbance or by considering several disturbance scenarios,
stochastic MPC controllers can potentially achieve a better control performance compared to deterministic controllers, leading therefore to a reduced energy consumption
while limiting the discomfort. In particular, SBMPC methods, presented in Section 2.3.4,
stand out as a useful tool in building heating systems, since they can use past data of the
disturbances, which are available in the case of building heating systems, and they can
successfully be applied to nonlinear models as well [78].
In this regard, several types of MPC algorithms have been applied to building heating
systems in the literature [79–89]; see also [13, 90] and the references therein. In particular, [80] presents two stochastic MPC algorithms, i.e. a disturbance-feedback approach
and a chance-constraint one. The results show that the stochastic controllers achieve
a better performance than deterministic MPC and rule-based control. The authors of
[79, 81] develop an SBMPC controller that does not make assumptions on the distribution of the uncertain variables and it uses copulas. The concept is also extended to an
explicit SBMPC controller in [83] and to a distributed case in [84]. In all these articles it is
2 In robust MPC, the constraint satisfaction is guaranteed for any disturbance realization.

15

shown how stochastic MPC strategies can achieve a better performance than deterministic MPC. The article [85] presents an MPC algorithm in which a linear model is used
to control a building including an active cold thermal storage in order to implement a
demand response program. All these works, i.e. [79–81, 83–85], use a linearized model
description and do not use a nonlinear model nor other modeling tools, e.g. Modelica
[91, 92]. Such tools and nonlinear models are important for building heating control
because they can provide a more accurate description of the building and on the influence of each disturbance, reducing therefore the modeling error and improving the
overall performance. The article [93] adopts a nonlinear model arising from the heat
pump and a battery inverter considered, but the considered MPC controller is a deterministic one. For what concerns nonlinear models, while some works did consider their
usage for building heating systems systems, e.g. [82, 86–88], all of them considered a deterministic setting instead of a stochastic one. To the best of our knowledge, no work
has considered a nonlinear model description obtained through Modelica together with
a stochastic controller, which would improve the performance by taking into account a
more accurate model and the stochastic properties of the disturbances. Such controller,
i.e. a SBMPC controller that uses a nonlinear Modelica model, is presented in Chapter 5
and applied to building heating control.

2.6. C ONCLUSIONS
In this chapter, we have introduced a literature background that serves as introduction
for the next chapters. In particular, we have introduced the topic of partitioning a largescale into smaller subsystems that will be further analyzed in Chapter 3. Secondly, we
have introduced the control tool MPC that will be used in Chapters 4–5. We have first
discussed the standard, deterministic MPC problem and then we have introduced other
three kinds of MPC that will be used in the subsequent chapters of this thesis, i.e. hybrid
MPC, parametrized MPC, and scenario-based MPC. Lastly, we have presented a literature background on MPC for heating and cooling systems, which will be considered in
Chapter 5.
From this chapter and from the topics here presented, many challenges arise. In
particular, for what concerns the partitioning of large-scale systems, a lack of results in
the context of large-scale time-varying systems appears. At the same time, in order to
partition such large systems efficiently, an algorithm that can provide a trade-off between computational complexity and performance is needed. Such algorithm is presented in Chapter 3. Moreover, on a related topic, we have presented how energy management system problems in microgrids are cast as MILP problems and can, therefore,
lead to a large computational complexity. We address this issue in Chapter 4 by proposing three different methods that provide a trade-off between performance and computational complexity. Furthermore, we have discussed how controllers for building heating
systems can benefit both from a scenario-based MPC controller and a nonlinear model.
This topic is dealt with in Chapter 5, in which we propose a novel scenario-based MPC
controller using a nonlinear building model and providing a new method to generate
disturbance scenarios in the context of building heating systems.

Chapter 2

2.6. C ONCLUSIONS

3
O NLINE PARTITIONING AND
DECENTRALIZED CONTROL OF
LARGE - SCALE SYSTEMS 1
3.1. I NTRODUCTION
In this chapter, we deal with decentralized control design of linear switching large-scale
systems (LSSs). Firstly, we propose an online partitioning method that is suitable for
linear switching large-scale systems. Furthermore, we also provide convergence guarantees for the proposed partitioning algorithm. The algorithm consists of an initial partitioning algorithm and a refining step and it is inspired by [35, 36]. However, differently
from the multi-step method presented in [36], we prespecify the number of subsystems
and already group together highly coupled components in the same subsystem in the
initial partitioning procedure, so that the outcome of the initial partitioning procedure
provides a warm start for the refining step. Secondly, we show that a decentralized state
feedback control scheme for LSSs and stability results on switching systems under the
average dwell time condition can be combined to stabilize the system. The overall proposed control scheme consists of a central coordinator and decentralized controllers.
The central coordinator adjusts the partition and the decentralized state feedback gains
in response to the mode of the system while the decentralized controllers stabilize the
overall system via a decentralized state feedback scheme. Lastly, we show our proposed
approach through an application of the partitioning algorithm and stabilizing decentralized state-feedback controller to a large network in which each node represents an
electrical generator.
This chapter is structured as follows. In Section 3.2, we provide a description of LSSs
and of the partitioning problem that we consider. In Section 3.3, we present our partitioning algorithm. Sections 3.4 and 3.5 are devoted to the adopted decentralized statefeedback control scheme and to the stability analysis, respectively. In Section 3.6, we
1 This chapter is based on [16] and it is a joint work with other researchers.
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explain the overall control scheme and how the online partitioning procedure is carried
out. We apply our proposed approach to an automatic generation control problem in
Section 3.7 and lastly we provide some concluding remarks in Section 3.8.
Notation In this chapter, we use calligraphic letters to denote sets, e.g. P . The set
cardinality and the 2-norm operators are denoted by | · | and k · k2 , respectively. We use
bold math symbols, e.g. x, A, for the centralized system. By dim(·) we denote the dimension of a vector. Moreover, R>a denotes all real numbers in the set {b : b > a, b, a ∈ R}.
A similar definition can be used for the non-strict inequality case. For vectors v i with
i ∈ L = {l 1 , . . . , l |L | }, the operator [v i> ]i ∈L denotes the column-wise concatenation, i.e.
[v i> ]i ∈L = [v l> , · · · , v l> ]. For matrices M i j ∈ Rni ×n j with L = {l 1 , . . . , l |L | } and (i , j ) ∈
1
|L |
L × L , the operator [M i j ](i , j )∈L ×L denotes the matrix-wise concatenation, i.e.
Ml1 l1
 ..
=  .
M l |L | l 1


[M i j ](i , j )∈L ×L

···
..
.
···


M l 1 l |L |

..
.
.
M l |L | l |L |

Finally, discrete-time instants are denoted by k.

3.2. P ROBLEM FORMULATION
Consider a linear switching large-scale system that can be represented as a directed
graph G (k) = (V , E (k)), where V = {1, 2, . . . , |V |} denotes the set of components (vertices)
and E (k) ⊆ V × V denotes the set of edges that describes the interaction of the components among each other, i.e. edge ( j , i ) ∈ E (k) indicates that component j influences the
dynamics of component i . Furthermore, the components of the network can be divided
into two disjoint sets, which are denoted by Vx and Vu , i.e. V = Vx ∪ Vu and Vx ∩ Vu = ;.
The set Vu contains all the input components, while Vx consists of all components that
have dynamics as follows:
x i (k + 1) =

X
j ∈Vx

A i j (k)x j (k) +

X

B i j (k)u j (k), ∀i ∈ Vx ,

(3.1)

j ∈Vu

where x i ∈ Rni , denotes the state vector of component i and u j ∈ Rm j , denotes the
input from the components in Vu . Additionally, for each i ∈ Vx , A i j ∈ Rni ×n j , and
B i j ∈ Rni ×m j , are the state-space matrices, where kA i j k2 6= 0, if and only if (i , j ) ∈ E (k),
i.e. if and only if there is an edge between vertices i and j , and, similarly, kB i j k2 6= 0, if
and only if (i , j ) ∈ E (k).
Note that in Eq. (3.1) we explicitly highlight the different sets of input and state components. This kind of partitioning is done in order to support the controller design, independently from the choice of the controller.
We assume that the overall system belongs to the class of linear switching systems
(see Definition 2.1) and that it can be written as follows:
x(k + 1) = A(k)x(k) + B (k)u(k),

(3.2)
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Figure 3.1: An illustration of an LTI system with |V | = 10. The set Vu = {1, 2, 3, 4} and Vx = {5, 6, 7, 8, 9, 10}. The
dots represent the components and the arrows represent the edges.
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where x(k) = x i> (k) i ∈V ∈ Rn is the state of the overall system, u(k) = u i> (k) i ∈V ∈ Rm
x
u
£
¤
is the input of the overall system, A(k) = A i j (k) (i , j )∈V ×V ∈ Rn×n , B (k) =
x
x
£
¤
P
P
B i j (k) (i , j )∈V ×V ∈ Rn×m , n = i ∈Vx n i , and m = i ∈Vu m i . An example can be found in
x
u
Figure 3.1. Note that for simplicity and so as not to overload the notation, in this chapter
we omit the subscript related to the switching signal σ(k) introduced in Definition 2.1.
Although all the (A(k), B (k)) pairs of the system are unknown a priori, we assume
that a change in the pair can be detected instantly. Note that the detection method is out
of scope of this work. Moreover, we assume that each mode is not active only once but it
has a recurrent behavior.
In this chapter, we address the problem of stabilizing such systems with a decentralized state feedback control approach. Consider the discrete-time process described in
(3.2). The state-feedback control law is obtained by applying the input u(k) = −K (k)x(k)
to the system, where K (k) ∈ Rm×n is a time-varying gain matrix, obtaining the overall law
x(k + 1) = (A(k) − B (k)K (k))x(k). The matrix A(k) might not have asymptotically stable
eigenvalues, but K (k) can be computed such that the final matrix A(k) − B (k)K (k) has
asymptotically stable eigenvalues for all k.
In a decentralized control scheme, the system must be partitioned into several subsystems, to which local controllers are assigned. In this regard, the system must be partitioned such that the coupling between subsystems is minimized. Since the system is
time-varying, the partition must also be adapted so that a stabilizing decentralized statefeedback controller can be designed. Example 3.1 shows the importance of changing
partition when the mode of the system changes.
Example 3.1. Consider a simple switching LTI system with two states (x 1 , x 2 ∈ R), two
inputs (u 1 , u 2 ∈ R), and two modes (denoted by M 1 and M 2 ). The system has the following
dynamics:
·
¸ ·
¸·
¸
·
¸
x 1 (k + 1)
a 0 x 1 (k)
u 1 (k)
=
+ B (k)
,
x 2 (k + 1)
0 a x 2 (k)
u 2 (k)
·
¸
a 0
where the matrix A(k) =
is the same for both modes with a ∈ R>1 , while the
0 a
·
¸
·
¸
1 b
0 1
matrix B (k) =
, for mode M 1 , and B (k) =
for mode M 2 , with 0 < b <
b 1
1 0
1/a. Furthermore, consider that when 0 ≤ k ≤ k 1 , mode M 1 is active and the system is
partitioned into two subsystems (denoted by subsystem i and j ) as follows: subsystem i
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consists of one state component and one input component, i.e. it consists of x 1 and u 1 ,
and its dynamics are x 1 (k + 1) = ax 1 (k) + u 1 (k) + bu 2 (k), while subsystem j consists of
one state component and one input component, i.e. x 2 and u 2 , and its dynamics are
x 2 (k + 1) = ax 2 (k) + bu 1 (k) + u 2 (k). Thus, by considering decentralized state-feedback
gains K i (k), K j (k) ∈ R for subsystem i and j , respectively, i.e. the control laws are u 1 (k) =
−K i (k)x 1 (k) and u 2 (k) = −K j (k)x 2 (k), the resulting centralized closed-loop system is
·
¸ ·
¸·
¸
x 1 (k + 1)
a − K i (k) −bK j (k) x 1 (k)
=
,
x 2 (k + 1)
−bK i (k) a − K j (k) x 2 (k)
where K i (k) and K j (k) can be chosen such that the closed-loop matrix is asymptotically
stable, e.g. K i (k) = K j (k) = a. Now, consider that the system switches to mode M 2 , at
k = k 1 + 1. If we keep the same partition, implying the same control laws, the centralized
closed-loop system becomes
·
¸ ·
¸·
¸
x 1 (k + 1)
a
−K j (k) x 1 (k)
=
,
x 2 (k + 1)
−K i (k)
a
x 2 (k)
which is not asymptotically stable for any K i (k), K j (k) ∈ R since a > 1, which in turn implies that one of the eigenvalues will be outside the unit circle. Therefore, the system is
not stabilizable due to its structure and due to the control law that we selected. However, if we change the partition such that subsystem i consists of x 1 and u 2 and its control
law is u 2 (k) = −K i (k)x 1 (k), while subsystem j consists of x 2 and u 1 and its control law is
u 1 (k) = −K j (k)x 2 (k), the centralized closed-loop system becomes
·
¸ ·
¸·
¸
x 1 (k + 1)
a − K i (k)
0
x 1 (k)
=
,
x 2 (k + 1)
0
a − K j (k) x 2 (k)
implying that it is stabilizable by the decentralized state-feedback gains K i (k), K j (k), e.g.
the gains can be set to K i (k) = K j (k) = c, where a−1 < c < a+1, to obtain an asymptotically
stable system.
♦

3.3. S YSTEM PARTITIONING
In this section, a time-varying partitioning approach is proposed such that a decentralized state feedback control scheme can be designed for the large-scale system.

3.3.1. F ORMULATION OF THE PARTITIONING PROBLEM
The system is partitioned into p non-overlapping subsystems and the objectives of the
partitioning procedure are to minimize the coupling among subsystems and to balance
the number of inputs and states in each subsystem. Minimal coupling among subsystems is desirable for decentralized control structures, as reported in [29, 32] and shown
before in Example 3.1. Furthermore, the computational burden would be equally distributed among the local controllers when the number of inputs and states of all subsystems are similar.
We consider system partitioning as a graph partitioning problem [35, 36]. Let P (k) =
{V1 (k), V2 (k), . . . , Vp (k)} be the partition of G (k), where V` (k), for each ` ∈ {1, 2, . . . , p}, indicates the set of vertices of subsystem `. The partitioning problem at time step k can be
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stated as follows:
minimize
P (k)

subject to

p
X
`=1
p
[
`=1

f c (V` (k))

(3.3a)

V` (k) = V ,

(3.3b)

V` (k) ∩ V j (k) = ;, ` 6= j , ∀`, j ∈ {1, . . . , p},

(3.3c)

where the cost function f c (V` (k)), ∀` ∈ {1, . . . , p} is formulated according to the partitioning objectives, i.e.
f c (V` (k)) = α1 f wc (V` (k)) + α2 f im (V` (k)),
(3.4)
where f wc (V` (k)) denotes the weighted cut cost, i.e. the sum of the weights (w i j (k)) of
the edges that connect subsystem ` and other subsystems, as follows:
X
X ¡
¢
f wc (V` (k)) =
w i j (k) + w j i (k) ,
i ∈V` (k) j ∈V \V` (k)

and f im (V` (k)) denotes the internal imbalance cost, i.e. the cost imposed to ensure that
the number of inputs and states in every subsystem is nearly the same, as follows:
¯ ¯
¯
¯
¯
|Vx | ¯¯
|Vu | ¯¯ ¯¯
+
,
f im (V` (k)) = ¯¯|Vu,` (k)| −
|V
(k)|
−
x,`
p ¯ ¯
p ¯
in which Vu,` (k) = V` (k) ∩ Vu and Vx,` (k) = V` (k) ∩ Vx . Note that the weight of the edge
w i j (k) ∈ R≥0 , is defined as


kA i , j (k)k2 /kA(k)k2 , if i , j ∈ Vx ,
(3.5)
w i j (k) = kB i , j (k)k2 /kB (k)k2 , if i ∈ Vx , j ∈ Vu ,


0,
otherwise.
Moreover, α1 , α2 ∈ R>0 in (3.4), are tuning parameters that measure the importance of
the objectives. Problem (3.3) is a combinatorial optimization problem that must be
solved online. We propose a multi-step heuristic method that is able to find a local minimum of such a problem. The method is deeply explained in the next subsection.

3.3.2. PARTITIONING ALGORITHM
The partitioning algorithm is divided into two main steps. In the first step, an initial partition is obtained, and it is refined in the second step. In the initial partitioning, vertices
that are highly coupled are grouped together, while maintaining a balanced number of
vertices in each subsystem. The refining algorithm is a variation of the Kernighan-Lin algorithm [94] and similar to the method presented in [95, 96]. However, differently from
our proposed approach, the method in [95, 96] considers balancing number of vertices
as a constraint and is not particularly suitable for a system partitioning problem. Furthermore, while in [36] there are different steps taken for the two objectives, in our approach both objectives are merged in a single cost function that we minimize. Additionally, unlike the method in [35] and as explained later in Proposition 3.1, by considering
only one vertex at each iteration, we can ensure that the total cost is non-increasing
among two consecutive iterations.
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I NITIAL PARTITIONING ALGORITHM
The number of subsystems, p, is determined such that p ≤ |Vu | in order to ensure that
at least one input is assigned to every subsystem. In this step, we want to have an initial
partition P (0) (k) = {V1(0) (k), . . . , Vp(0) (k)}. To this end, the following algorithm is proposed:
1. Calculate the sum of the edge weights of all input vertices, as follows:
X
w s,i (k) =
w j i (k), ∀i ∈ Vu ,
j ∈Ni (k)

where Ni (k) is the set of neighbors of vertex i , i.e. Ni (k) = { j : j 6= i , (i , j ) ∈ E (k)}.
2. Choose the centers of the subsystems, c ` , for all ` ∈ {1, 2, . . . , p}, as the p input
vertices that have the largest weight w s,i (k), and order them according to w s,i (k).
At the end of this step, each subsystem has one input vertex.
3. Sequentially, starting from subsystem 1, find a vertex that is not assigned and has
the highest coupling with one of the vertices in the evaluated subsystem, i.e. for
subsystem `,
(
Ã
!)
¯
p
¯
[
θ` ∈ arg max w i θ (k) + w θi (k)¯¯θ ∈ V \
V`(0) (k) ,
θ
`=1

for all i ∈ V`(0) (k). The vertex θ` is randomly selected from the set of maximizers.

Then, update V`(0) (k) ← V`(0) (k) ∪ {θ` }. After θ` has been assigned to subsystem `,
we consider subsystem `+1. If we reach subsystem p but there are still unassigned
nodes, we go back to subsystem 1. This step is repeated until all the vertices are
assigned to a subsystem.
The complexity of the initial partitioning algorithm is polynomial, i.e. O ((n + m)2 ). Although the resulting partition has a balanced number of vertices at each subsystem, it is
possible that the number of inputs and the number of states are not balanced. Furthermore, the weighted cut cost might also still be improved.
R EFINING ALGORITHM
Consider the partition obtained from the initial partitioning algorithm, P (0) (k). In the
refining step, we improve the partition by moving one vertex at a time among subsystems. Denote subsystem ` as the subsystem that is selected to provide a proposal, i.e.
one of its vertices that is considered to be moved to another subsystem. Furthermore,
let Vˆ` (k) be the set of all vertices that belong to subsystem ` and that have at least an
edge with a vertex that belongs to a different subsystem, i.e. Vˆ` (k) = {i : (i , j ) ∈ E (k), i ∈
V` (k), j ∈ V \V` (k)}. Moreover, denote the iteration index by the superscript (r ). The
refining algorithm at the r th iteration works as follows:
1. In order to select the subsystem `, all subsystems are sorted in a descending order
based on their costs, i.e. f c (V j (k)), for all j ∈ {1, 2, . . . , p}. Then, the subsystem that
has the highest cost is selected. Furthermore, once selected, it is discarded from
the sorted list and when the sorted list is finally empty, a new sorted list is created
using the same procedure.
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2. Subsystem ` computes its current local cost f c(r ) (V` (k)) according to (3.4) and a
proposal, i.e. a vertex that is offered to be moved to one of its neighbors, as follows:
θ` ∈ arg min f c (V` (k)\{θ}).
θ∈Vˆ` (k)

(3.6)

The vertex θ` is randomly selected from the set of minimizers according to
(3.6). Notice that the set of minimizers in (3.6) might be empty, implying that
f c(r ) (V` (k)) < f c (V` (k)\{θ}), for any θ ∈ Vˆ` (k). This means that no vertex is moved
and the algorithm jumps to the next iteration. Otherwise, subsystem ` computes
the expected local cost difference as follows:
(3.7)

(r )
Finally, it shares θ` and ∆ f c,`
(k) with its neighbor subsystems, i.e. with all j ∈
NP ,` (k), where NP ,` (k) = { j : (i , θ` ) ∈ E (k), i ∈ V j (k), j 6= `, j = 1, 2, . . . , p}.

3. All the neighbors, i.e. all j ∈ NP ,` (k), compute the updated cost f c (V` (k) ∪ {θ` }) if
(r )
θ` is moved to them, according to (3.4). Then, the neighbors compute ∆ f ct,
(k) as
j
follows:
(r )
(r )
∆ f ct,
(k) = f c (V` (k) ∪ {θ` }) − f c(r ) (V j (k)) + ∆ f c,`
(k),
(3.8)
j
where f c(r ) (V j (k)) is the current cost, computed according to (3.4). Note that
(r )
∆ f ct,
(k) indicates the total cost difference when θ` moves from V` (k) to V j (k).
j
(r )
Finally, the neighbors send ∆ f ct,
(k) to subsystem `.
j

4. Subsystem ` decides to which subsystem it will send θ` as follows:
(r )
j ? ∈ arg min ∆ f ct,
(k).
j
j ∈NP ,`

(3.9)

(r )
If ∆ f ct,
(k) > 0, the algorithm jumps to the next iteration. Otherwise, the subsysj?

tem j ? is randomly selected from the set of minimizers according to (3.9).
5. The partition is updated as follows:
V` (k) ← V` (k)\{θ` },

(3.10)

V j ? (k) ← V j ? (k) ∪ {θ` }.

(3.11)

The refining procedure, which is a polynomial time algorithm with respect to the number of vertices, i.e. O ((n +m)3 ), is summarized in Algorithm 1, where Θ denotes an auxiliary set that contains vertices that have at least one edge with a vertex in another subsystem, but that do not improve the total cost if they are moved. Furthermore, Vso denotes
an auxiliary ordered set that is used to select subsystem ` and c st denotes the variable
used to determine the stopping condition. Lastly, Vso [1] denotes the first element of Vso .
Proposition 3.1. The solution of the refining algorithm (Algorithm 1) converges to a local
minimum. Furthermore, Algorithm 1 stops when a local minimum is reached.
♦

Chapter 3

(r )
∆ f c,`
(k) = f c (V` (k)\{θ` }) − f c(r ) (V` (k)).
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Proof. In order to show the convergence, we will show that the total cost, denoted by
Pp
F (r ) (k) = `=1 f c(r ) (V` (k)), is non-increasing. Denote the initial partition at the r th refin-

ing iteration by V`(r ) , for all ` ∈ {1, 2, . . . , p}. At the end of the r th iteration, suppose that
vertex θ` is moved from subsystem ` to subsystem j ? . Thus, we have
∆F (k) =F (r +1) (k) − F (r ) (k)
= f c (V j(r? +1) (k)) − f c(r ) (V j(r? ) (k)) + f c (V`(r +1) (k)) − f c(r ) (V`(r ) (k))
(r )
=∆ f ct,
(k) ≤ 0.
j?

The second equality follows from the fact that only the cost of subsystems ` and j ?
changes when vertex θ` is moved. The last inequality follows from the condition imposed in Step 3, in which vertex θ` is not moved if ∆ f ct, j ? (k) > 0. Note that when no
vertex is moved, F (r +1) (k) − F (r ) (k) = 0.
The proof of the second claim is as follows. Algorithm 1 stops if c st = 2p − 1. Furthermore, the counter c st only increases if
f c(r ) (V` (k)) < f c (V` (k)\{θ` })

(3.12)

holds (see lines 10, 22, and 23). Moreover, if (3.12) is not satisfied, then c st is reset to 0 (see
line 12). Therefore, the algorithm only stops if (3.12) holds for at least 2p − 1 consecutive
iterations. Note that if (3.12) holds for all ` ∈ {1, . . . , p}, then a local minimum is reached
since no more vertex from any subsystem is moved.
First, we show that condition (3.12) can be satisfied. Condition (3.12) holds if moving
any vertex from Vˆ` , defined in line 8, leads to the increasing of local cost f c(r ) (V` (k)) or if
Vˆ` is empty. Furthermore, notice that θ` , which improves the local cost and is selected
in line 9, might not be moved to a different subsystem because moving it might increase
the total cost. In this case, to ensure the algorithm does not have an infinite loop, θ`
will not be considered anymore for some iterations in the future (see lines 17 and 8). It
also implies that, when a subsystem selects a potential vertex to be moved, it disregards
vertices that have been identified in such a way that, if moved at the current iteration,
the total cost will increase. Thus, line 8 might yield an empty Vˆ` .
Now, we need to show that if the condition (3.12) holds for at least 2p −1 consecutive
iterations, then we guarantee that (3.12) holds for all subsystems. This is a consequence
of the way in which we select subsystem `, i.e. lines 4 and 6. In the worst possible case,
2p − 1 consecutive iterations are required to ensure all subsystems have been selected
(r )
to propose θ` . Consider that at iteration r 1 , Vso 1 is generated to select the subsystems
for the next p iterations, starting from r 1 . Suppose that subsystem p has the highest
cost and, thus, is selected at r 1 . Now, suppose that at iteration r 1 + 1, condition (3.12)
is satisfied for the first time. Furthermore, (3.12) also holds for r = r 1 + 2, . . . , r 1 + p − 1.
Note that at r 1 + p − 1, all subsystems, but subsystem p, have been selected and have
satisfied (3.12). At iteration r 1 + p, suppose that subsystem p has the lowest local cost
and a new ordered set of Vso is generated. Therefore, subsystem p will only be selected
at iteration r 1 + 2p − 1, implying the necessity to evaluate 2p − 1 consecutive iterations.
For any other case, (3.12) must only hold for a number of consecutive iterations that is
fewer than 2p − 1.
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Algorithm 1 Refining Procedure
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

Input: P (0) (k)
Initialize r ← 0, c st ← 0, and Θ` ← ;, ∀` ∈ {1, 2, . . . , p}
while c st < 2p − 1 do
Sort the indices of the subsystems based on the descending order of their local
cost in Vso
for h = 1 to p do
` ← Vso [1]
Vso ← Vso \{Vso [1]}
Compute Vˆ` , i.e. Vˆ` = {i : (i , j ) ∈ E (k), i ∈ V` (k), j ∈ V \V` (k)}\Θ`
Compute f c(r ) (V` (k)) and solve (3.6)
if f c(r ) (V` (k)) ≥ f c (V` (k)\{θ` }) then
θ`(r ) is selected
c st ← 0
(r )
Compute ∆ f c,`
(k) according to (3.7)
(r )
Compute ∆ f ct,
(k) according to (3.8) for all j ∈ NP ,` (k)
j

Decide the subsystem j ? that will receive θ` according to (3.9)
(r )
if ∆ f ct,
(k) > 0 then
j?
Θ` ← Θ` ∪ {θ` }
else
Θ j ← ;, ∀ j ∈ NP ,` (k) ∪ {`}
Move θ` from subsystem ` to subsystem j ? , i.e. the partition is updated
according to (3.10)-(3.11)
end if
else
c st ← c st + 1
end if
r ← r +1
end for
end while
Output: P (k)
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Remark 3.1. The number of iterations can be upper bounded by a constant r max defined
by the user. This condition is useful when the available time to compute the partition is
limited.
♦
Remark 3.2. The main design parameters in the partitioning approach are α1 and α2 ,
which determine the trade-off between two partitioning objectives: 1) minimum coupling among subsystems and 2) balanced number of components per subsystem. Therefore, since these parameters affect the outcome of the partitioning process, i.e. the structure of the subsystems (A and B matrices of the subsystems), they shape the block of the
state-feedback gain K , which determines the performance of the controlled system. Since
a decentralized control scheme takes advantage from minimal coupling, it is better to prioritize objective 1 such that stabilizing controllers can be achieved. This can be done by
setting α1 À α2 . However, one might also want to set α2 À α1 as long as stabilizing controllers can still be designed so that the communication and computational burden are
evenly distributed across subsystems.
The proposed partitioning method is applied along with a decentralized state feedback control scheme, which will be explained in Section 3.4. However, the application of
the partitioning approach is not limited only to this type of controllers and can also be
applied to design other types of decentralized or distributed controllers, e.g. Model Predictive Control [41–43]. Furthermore, different partitioning objectives, depending on the
system or control requirements, can also be considered by substituting the cost function
(3.4) with the desired cost function.

3.4. D ECENTRALIZED STATE FEEDBACK CONTROL
3.4.1. D ECENTRALIZED STATE FEEDBACK CONTROL SCHEME
Consider now a set of all partitions that have been computed until time instant k using
the partitioning approach described in Section 3.3, i.e. P = {P (κ), κ = 0, . . . , k} and consider a given partition I . Note that here we drop the time dependency of the matrices on
k, since we are considering a single partition I . We indicate the dynamics of subsystem
i of partition I using the expression
x I ,i (k + 1) = A I ,i i x I ,i (k) + B I ,i i u I ,i (k) +

X ¡

¢
A I ,i j x I , j (k) + B I ,i j u I , j (k) , (3.13)

j ∈NI ,i

where x I ,i ∈ RnI ,i denotes the state vector of partition I , subsystem i , and the matrices
S
A I ,i j ∈ RnI ,i ×nI , j , B I ,i j ∈ RnI ,i j ×mI , j , for all j ∈ NI ,i {i }, are respectively the state
matrices and the input matrices of the dynamics of partition I , subsystem i . The state
vectors x I , j ∈ RnI , j with j ∈ NI ,i are the state vectors of the neighbors of subsystem i in
partition I . Similarly, the inputs u I ,i ∈ RmI ,i are the inputs to subsystem i of partition
I , while u I , j ∈ RmI , j with j ∈ NI ,i are the inputs of the neighbors of subsystem i in
partition I .
It is possible to describe the dynamics of the centralized system of a single partition
I as
x I (k + 1) = A I x I (k) + B I u I (k),

(3.14)
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>
>
where the state vector is x I = [x I
· · · xI
]> ∈ Rn , the input vector is u I =
,1
,p
¤
£
>
>
>
m
[u I ,1 · · · u I ,p ] ∈ R , the state matrix is A I = A I ,i j (i , j )∈{1,··· ,p}×{1,··· ,p} ∈ Rn×n , and the
£
¤
input matrix is B I = B I ,i j (i , j )∈{1,··· ,p}×{1,··· ,p} ∈ Rn×m .

Let us now apply to (3.13) a decentralized static state feedback scheme. For each
input u I ,i , we apply the control law u I ,i = −K I ,i x I ,i , where K I ,i ∈ RmI ,i ×nI ,i is a gain
matrix. We can then combine (3.14) with the decentralized state feedback control law
and obtain
x I (k + 1) = (A I − B I K I )x I (k),

(3.15)

where K I = diag(K I ,1 , . . . , K I ,p ) is the centralized gain matrix of partition I . The decentralized gain matrices K I ,i , ∀i ∈ {1, . . . , p}, are designed such that for each partition
the closed-loop centralized matrices (A I − B I K I ), ∀I ∈ P , are Schur stable.
Although the closed-loop matrix of each partition, i.e. A I − B I K I , is Schur stable,
due to the switching nature of the system under consideration, stability of the overall
system is not guaranteed. Indeed, as explained in Section 2.2, stability might arise from
the switching between two different asymptotically stable modes. Thus, the continuous change in time of the system dynamics and its partition must be taken directly in
account in the stability analysis. In Section 3.5, we provide a stability analysis using concepts from switching systems theory and directly taking into account the switchings between different dynamics. Before doing that, we make the following assumption:
Assumption 1. For every partition I ∈ P , it is possible to obtain a state feedback gain
matrix K I such that the closed-loop system (3.15) is Schur stable.
♦
Remark 3.3. Assumption 1 is needed to prove Proposition 3.2 but it is not a limiting assumption, since there exist many methods that can provide the matrices K I , as explained
in Section 3.4.2.

3.4.2. C OMPUTATIONAL ISSUES
The gain matrices K I , ∀I ∈ P , can be computed in a centralized fashion with the linear matrix inequality method proposed in [97, 98], explained in Section 3.4.3. With this
method, we can obtain K I matrices that stabilize both the centralized system and the
single decentralized subsystems. Moreover, the problem can be solved efficiently using
an linear matrix inequality solver.
When the size of the system is large, a centralized solution could be computationally
inefficient. In this case, we have to look for other approaches that can compute the gain
matrices K I in a non-centralized fashion. As explained in [99], one idea could be to apply the concepts from [29], adapted to the discrete-time case. With this strategy, we first
stabilize each subsystem separately and then we check the stability of the centralized
system in a distributed fashion using a small-gain like condition. As one would expect
and as it is highlighted in [29], this method works better when the subsystems are weakly
coupled.
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3.4.3. LMI METHOD FOR DECENTRALIZED STATE - FEEDBACK CONTROL DE SIGN
The following procedure is presented in [97, 98]. Note that it refers to a specific set of A
and B matrices, therefore in this subsection the time step index k is dropped for simplicity.
In order to find the gain matrices K for decentralized state-feedback control of a system that consists of p subsystems, the problem of finding a gain matrix K and a matrix
P Â 0, such that
(
P Â 0,
(3.16)
(A + B K )> P (A + B K ) − P ≺ 0,

is solved using an LMI procedure. We define two matrices S and Y such that K = Y S −1
and S = P −1 and we solve with respect to S and Y the following LMI procedure:
·

·

S
AS + B Y

Si i
A i i S i i + B i i Yi i

¸
S A> + Y >B >
Â 0,
S
¸
S i i A i>i + Yi>i B i>i
Â 0,
Si i

(3.17)

(3.18)

subject to
S i j = 0, Yi j = 0, ∀i , j = 1, . . . , p, (i 6= j ),

(3.19)

where, for i , j = 1, . . . , p, S i j ∈ Rni ×n j , Yi j ∈ Rmi ×n j are the block entries of the matrices
S and Y . The LMI (3.17) guarantees the stability of the centralized system, while (3.18)
stabilizes each subsystem. A more detailed procedure can be found in [98].

3.5. S TABILITY OF THE TIME - VARYING PARTITIONING SCHEME
In this section, we study the stability of the proposed time-varying partitioning scheme.
Before proceeding with the proposition, we present some properties, definitions, and
assumptions needed to illustrate the stability of our system.

3.5.1. P RELIMINARIES
Suppose now that the system dynamics (3.2) are controlled with a decentralized state
feedback strategy, as explained in Section 3.4. Here, we would like to represent the evolution of the centralized system with a single expression. However, note that the state
components in each partition might be grouped differently. In other words, when we
consider different partitions, the state components in the centralized state vectors will
not be in the same order, in general. To make this concept clearer, let us consider a simple example.
Example 3.2. Consider a 5-state component system partitioned into two subsystems, one
of them with two state components and the other one with three. Suppose also that the B
matrices are all null. There are two partitions and they are denoted by J and L . Then,
£
¤>
let us define the centralized state vector as x = x 1 x 2 x 3 x 4 x 5
∈ R5 , where x 1 ,
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x 2 , x 3 , x 4 , and x 5 are the state components, and the partitions are
n
 x J ,1 (k + 1) = A J ,1 x J ,1 (k),
J: n
 x J ,2 (k + 1) = A J ,2 x J ,2 (k),
n
 x L ,1 (k + 1) = A L ,1 x L ,1 (k),
L: n
 x L ,2 (k + 1) = A L ,2 x L ,2 (k),
£
¤>
£
¤>
£
¤>
where x J ,1 = x 1 x 2 x 3 , x J ,2 = x 4 x 5 , x L ,1 = x 1 x 3 x 5 , x L ,2 =
i
h
>
£
¤>
£
¤>
>
>
x2 x4 .
= x1 x2 x3 x4 x5
and x L =
Then, x J = x J ,1 x J ,2
i>
h
>
>
xL
xL
=
,1
,2
£
¤>
x 1 x 3 x 5 x 2 x 4 . As can be seen, vectors x J and x L have the same components,
but they are ordered differently.
♦
Although the centralized state vectors - and thus the closed-loop matrices - are ordered differently, we can still express the equations of the centralized system in a compact form. We can indeed obtain the same order in the state components by applying a
permutation transformation with matrices TI to the closed-loop matrices A I − B I K I ,
∀I ∈ P . After this transformation is applied, we obtain a common order of the state
components for all the different partitions. The closed-loop matrix after the transformation would then be A I = TI−1 (A I − B I K I )TI . Note that permutation transformations
applied to a matrix do not change its eigenvalues. This means that if A I −B I K I is Schur,
then A I is Schur too. We can then finally express the centralized dynamics as
x(k + 1) = A(k)x(k),

(3.20)

where A(k) is the A I matrix and partition I is the active partition at time step k, i.e.
I = P (k).
We can now present the proof on exponential stability of the time-varying partitioning scheme of Section 3.3, which is given in the next subsection. Before proceeding with
the proof, let us introduce some useful properties, assumptions, and definitions.
Property 1 ([100, 101, Th. 3.5]). If A is a Schur matrix, then ∃h ∈ R≥1 , ∃λ1 ∈ (0, 1) :,
∀k ∈ N, kA k k2 ≤ hλk1 .
Property 2. Suppose x sub is a sub-vector of x, so that dim(x sub ) < dim(x). Then, kx sub k2 ≤
kxk2 since components of x sub are included in x. Furthermore, if x and x sub are finite and
such that when kx sub k2 = 0 it also holds that kxk2 = 0, then it is always possible to find a
scalar d ∈ R>0 such that kxk2 ≤ d kx sub k2 .
Proof. It is enough to set d = kxkxk2k2 and the inequality holds. If both kxk2 and kx sub k2
sub
are 0, then any d ∈ R>0 will let the inequality hold.
Definition 3.1 ([102, 103]). Consider the discrete-time switching scheme (3.20). Recall
σ(k) from Definition 2.1. Each time there is a switch, the dynamics of the system change.
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Let the number of mode switches between the time steps 0 and k be denoted by Nσ (0, k).
We define τa ∈ R>0 as a constant called average dwell time for all the signals σ(k) if, for a
given N0 ≥ 0,
k
(3.21)
Nσ (0, k) ≤ N0 + .
τa
Definition 3.2. We denote with λM the minimum constant such that Property 1 holds for
all matrices A I , ∀I ∈ P . Moreover, h max is the maximum of all h constants in Property 1
k

for matrices A I , ∀I ∈ P , i.e. if kA I k2 ≤ h I λkM , ∀I ∈ P and k ∈ N, then h max = max h I .
I ∈P

Assumption 2.
τ∗a

log h
> − log λmax .
M

The average mode dwell time τ∗a

of the scheme (3.20) is lower bounded as

Assumption 3. The initial state of each subsystem is such that kx I ,i (0)k2 6= 0,
∀i ∈ {1, . . . , p}, ∀I ∈ P .
Remark 3.4. In the framework of slow switching, it is reasonable to suppose that the average dwell time τ∗a of Assumption 2 should be higher than a certain lower bound [38, 102–
104].
Remark 3.5. As explained later in Remark 3.6, Assumption 3 is needed to prove Proposition 3.2. Assumption 3 can be easily checked by looking at the initial values of the state
vectors of every subsystem. Moreover, it is still reasonable to assume that, at the initial time
instant, none of the state vectors is already at the origin. Nevertheless, in Remark 3.6 we
analyze the case in which Assumption 3 is not satisfied.

3.5.2. S TABILITY ANALYSIS
Here, the stability of system (3.20) is presented in the following proposition.
Proposition 3.2. Assume that system (3.20) follows scheme (3.21) in which N0 is given,
and that Assumptions 1-3 hold. Then, the time-varying partitioned system (3.20) is globally exponentially stable for any average dwell time τa ≥ τ∗a .
Proof. We follow the proof from [102, 103] using matrices A I , ∀I ∈ P , that we know
to be Schur by Assumption 1. In particular, we define k i , i = 1, 2, . . . as the time steps at
which a mode change occurs, i.e. k 0 = 0 < . . . < k i < k i +1 < . . . . Let A i be the matrix A(k)
in (3.20) for k between the time steps k i −1 and k i . Then, for any k satisfying k i ≤ k < k i +1 ,
we can write the overall state vector x(k) at time step k as
k−k

k −k i −1

x(k) = A i +1 i A i i

k

...A 1 1 x(0).

Applying to both sides the norm operator, we get
k−k

k −k i −1

kx(k)k2 ≤ kA i +1 i k2 · kA i i

k

k2 ...kA 1 1 k2 · kx(0)k2 .

(3.22)

Consider now Property 1 and let us apply it to all the matrices A i in (3.22). Let h i be
the constant h in Property 1 associated to A i and let λM ∈ (0, 1) be the constant defined
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k −k i −1

in Definition 3.2. We can then replace every matrix norm kA i k in (3.22) by h i λMi
yielding
!
Ã
iY
+1
k
h j λkM kx(0)k2 .
kx(k)k2 ≤ h i +1 h i ...h 1 λM kx(0)k2 =

,

j =1

Let h max be as in Definition 3.2. Then,
Ã
kx(k)k2 ≤

iY
+1
j =1

!
N (0,k) k
λM kx(0)k2 ,

σ
h j λkM kx(0)k2 ≤ ch max

(3.23)

where c = h max and Nσ (0, k) is defined in Definition 3.1. Since h max ≥ 1, we define
1

N

Nσ (0,k)
h max

k

N0
τa
≤ h max
h max

k
τa

= h 0 h max = h 0

µ

λ
λM

¶k
.

(3.24)

We apply (3.24) to (3.23) to get
kx(k)k2 ≤ ch 0 λk kx(0)k2 .

(3.25)

Lastly, we apply Assumption 3 and Property 2 and get
kx I ,i (k)k2 ≤ kx(k)k2 ≤ ch 0 λk kx(0)k2 ≤ cd h 0 λk kx I ,i (0)k2 ,

(3.26)

∀i ∈ {1, . . . , p}, ∀I ∈ P . Thus, each subsystem in P is globally exponentially stable for
any average dwell time τa ≥ τ∗a . Since (3.26) holds for each possible subsystem in each
partition of P , it holds simultaneously for all the subsystems in all the partitions. Therefore, each subsystem of the closed-loop system is exponentially stable.
Remark 3.6. Without Assumption 3, we cannot apply the second part of Property 2 to
(3.25). However, we can still guarantee (simple) exponential stability, since for (3.26) we
can write kx(k)k2 ≤ cλk kx(0)k2 ≤ cλkx(0)k2 and choosing c 1 = cλkx(0)k2 we get kx I ,i k2 ≤
kx(k)k2 ≤ c 1 , ∀i ∈ {1, . . . , p}, ∀I ∈ P . Then, the state x I ,i is simply stable as in [105] with
c 1 as specified before and ∀c 2 > 0.
Remark 3.7. According to Proposition 3.2, stability is not guaranteed if the time-varying
partitioning scheme switches faster than τ∗a . This result is related to the slow switching
systems, in which stability is guaranteed only if the average dwell time is higher than a
certain lower bound [38].

3.6. O VERALL CONTROL SCHEME
In this section we explain the overall partitioning and control scheme of our approach.
Moreover, we also explain how to update the average dwell time τ∗a that guarantees exponential stability in view of Proposition 3.2.

Chapter 3

τa
0
and from Assumption 2 we can define a λ ∈ (λM , 1) such that λ = λM h max
h 0 = h max
.
From (3.21) we then obtain
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Coordinator

A; B

V1 ; K 1

Local
Controller 1
x

Vp ; K p
:::

u

Local
Controller p
x

u

System
Subsystem p

Subsystem 1
:::

u, x

Figure 3.2: Overall control scheme, with a centralized coordinator, the system, and its subsystems. The dashed
arrows represent the exchange of information. The solid arrows represent the coupling between subsystems.

3.6.1. C ONTROLLER STRUCTURE
The overall control scheme is shown in Figure 3.2. The controller has a hierarchical structure and it is divided in two different parts: a centralized one, the coordinator, and decentralized controllers. The tasks of the coordinator are to detect changes in the system,
to update the partition, and to compute the decentralized state-feedback gains and the
bound of the average dwell time. These updates are only carried out when a mode switch
is detected. Once the updates have been communicated to the decentralized controllers
and subsystems have been created, then there is no further task for the coordinator, except for checking for changes in the system at each time step. Indeed, if there is no
change in either the mode or the partition of the controlled system, then the system can
be controlled only by the decentralized state feedback controller, which can stabilize the
overall system in view of the result of Proposition 3.2. In addition, it is assumed that the
time required for the coordinator to perform its tasks is smaller than the sampling time.
It implies that the partition, state feedback gains, and the bound of the average dwell
time are updated at the same time instant as the one at which the switch is detected. In
practice, the satisfaction of this assumption depends on the computational power of the
coordinator and the instrumentation of the system.

3.6.2. U PDATING SCHEME
For the purpose of updating the partition and the decentralized state feedback gains,
the coordinator records the modes and their corresponding partition and state feedback
gains in a library. The advantage of this approach is to speed up the updating process.
This approach is particularly effective for systems that have periodical behavior, i.e. the
modes of the system appear periodically. Therefore, when the coordinator detects a
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Figure 3.3: The network topology considered. Vertices represent areas and edges represent couplings between
the areas. In mode 1, all links are working correctly, while in the other two modes some links are broken. A red
‘×’ marker indicates the broken links in mode 2, while a red ‘°’ marker indicates the broken links in mode 3.

switch, it firstly checks its library. If the current mode has been recorded, it can immediately provide a suitable partition and stabilizing state feedback gains to the decentralized
controllers. Otherwise, it will perform the partitioning method proposed in Section 3.3.
Afterwards, the coordinator will compute the new decentralized gain matrix. The new
mode, partition, and gain matrix will then be recorded in the library.
If a new mode appears in the system, we have to update the value of τ∗a , because
it depends on the characteristics of the current matrices A I . Moreover, the update of
the value of τ∗a is needed since, as explained in Section 3.2, the modes have a recurrent behavior, i.e. they might be active again after some time during which other modes
were active. Therefore, when updating the value of τ∗a , we need to consider the inactive
modes. We then present the following procedure for updating τ∗a :
1. For each new mode, we consider the closed-loop matrix A I and we compute the
h and λ1 constants associated to this matrix as in Property 1;
2. We check whether h > h max and in case this is true, we update h max as h max = h.
We also check whether λ1 > λM and if the answer is true, we update λM as λM = λ1 .
If no updates are carried out at this step, we skip the next step;
3. We update the value of τ∗a as
τ∗a =

ln(h max )
,
ln(1 − ε) − ln(λM )

(3.27)

where ε is a small positive constant.
Remark 3.8. Note that in Step 3 of the above procedure, we have updated τ∗a following
Assumption 2 and maximizing the value of λ, which is set to 1 − ε. By doing so, we choose
the least conservative value for τ∗a while still satisfying Assumption 2.
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Figure 3.4: The deviation in frequency and tie-line power of areas 10 and 21 in the case in which the partition
is changed together with the modes. The time steps at which the switches occur are indicated by a vertical
dashed black line.

3.7. C ASE STUDY
We consider the problem of controlling a power network consisting of 30 areas (vertices)
that are connected by tie-lines as shown in Figure 3.3 through automatic generation control, inspired by [106]. Each area has a thermal turbine as the generator and load perturbations. Since the areas are interconnected, electrical power may flow between them.
The control objective is to stabilize the frequency and tie-line power deviation of each
area. For modeling each area, we£ follow the dynamical model provided in¤ [107]. The
state vector of area i ∈ Vx is x i> = ∆ f i ∆P Gi ∆P Ri X Ei ∆P refi ∆P tiei , where the
state components represent respectively the deviation with respect to the nominal value
in frequency ∆ f i , turbine output power ∆P Gi , mechanical power during steam reheat
∆P Ri , governor valve position X Ei , variable achieving integral control ∆P refi , and the tieline power ∆P tiei . Furthermore, dynamical coupling is present in the model, since the
dynamics of the states of one area are influenced by the states of some of the neighboring areas. The state space matrices used in the numerical simulations, which are adapted
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Figure 3.5: The deviation of frequency and tie-line power of areas 10 and 21 in the case in which both the
partitioning topology and the gain matrix related to mode 1 are kept for the whole simulation, even after a
mode switch. The time steps at which the switches occur are indicated by a vertical dashed black line.

from [106], are as follows:


−0.05

0


0

Ai i = 
 −2.08

−0.0255
γi
£
Bi i = 0

0

0

5

0

0

¤>

6
−0.1
0
0
0
0

, where γi =

0
−1.01
−3.33
0
0
0
P|Ni |
j =1

0
1.11
3.33
−5
0
0

0
0
0
5
0
0


−6
0 


0 
,
0 

−0.06
0

0.056.

Furthermore, for all the couplings (i , j ) ∈ {(5, 1), (1, 2), (4, 3), (8, 4), (9, 5), (2, 6), (5, 6),
(7, 6), (3, 7), (4, 7), (1, 9), (13, 9), (6, 10), (9, 10), (6, 11), (10, 11), (13, 12), (10, 13), (18, 13),
(10, 14), (13, 14), (15, 14), (11, 15), (15, 16), (19, 16), (18, 17), (15, 18), (19, 18), (22, 18),
(23, 19), (16, 20), (19, 20), (17, 21), (25, 21), (21, 22), (27, 23), (20, 24), (23, 24), (12, 25),
(29, 25), (25, 26), (29, 26), (22, 27), (28, 27), (24, 28), (27, 29), (29, 30)}, the coupling state
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Mode

Subsystem

Areas

1

1
2
3
4
5

{29, 23, 27, 30, 24, 28}
{2, 6, 11, 15, 16, 10}
{3, 7, 18, 17, 19, 20}
{4, 8, 22, 21, 25, 26}
{5, 1, 9, 14, 13, 12}

2

1
2
3
4
5

{29, 23, 27, 30, 24, 28}
{2, 6, 11, 15, 16, 1}
{3, 7, 18, 17, 19, 20}
{4, 8, 22, 21, 25, 26}
{5, 9, 10, 14, 13, 12}

3

1
2
3
4
5

{26, 29, 27, 30, 23, 28}
{11, 15, 16, 19, 20, 24}
{3, 7, 14, 13, 18, 12}
{4, 8, 22, 21, 17, 25}
{5, 1, 2, 9, 6, 10}

Table 3.1: Partitioning results

space matrices are the following:
·

Ai j

05×1
=
−0.055


¸
04×1
05×5
, Aji =  0
01×5
−0.055

04×4
01×4
01×4


04×1
0.06  .
0

In this network, there are some vulnerable links that might be temporarily broken
during the operation of the system. Since these faults may arise in the system, the system
has switching behavior. Moreover, since we assume the faults do not happen so fastly, we
are in the framework of slow switching systems. We design a decentralized state feedback
controller for this network as explained in Section 3.4.
In our simulation, we consider 3 different modes. Mode 1 represents the normal
operation, while the other modes represent the network with physical faults, i.e. broken
links as shown in Figure 3.3, but we consider that nodes can still communicate with each
other. Furthermore, we assume that we have five decentralized controllers, implying
that the system must be partitioned into five subsystems. The scenario of the simulation
is as follows: for k ≤ 26, the system operates normally, i.e. in mode 1. At k = 27, the
system switches to mode 2, and at k = 134, the system switches to mode 3. Following the
proposed approach, the system is partitioned with the algorithm proposed in Section 3.3
and stabilizing decentralized state-feedback gains are computed by using the method
proposed in [97] at k = 0, 27, 134, when the system switches its mode. The partitioning
results of all modes are shown in Figure 3.6. With the three different network topologies,
the partitioning algorithm produces also three different partitioning topologies; thus the
partition is adapted to the mode.
In this simulation, the sampling time is T = 1 s and the closed-loop system is simulated for 200 time steps. The initial state of each area i ∈ Vx is
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x i (0) = 1 0 0 0 0 0 , which represents an impulse disturbance in the
frequency deviation. The value of τ∗a for the first mode and the first partition is 23.76
and then it is updated to 24.05 at k = 27 and finally it is updated again to 26.63 at k = 124.
Since the average dwell time of the system is 80.5, which is larger than τ∗a , the stability of
the system is guaranteed.
The frequency deviation ∆ f and the power ∆P tie at some areas are shown in Figure 3.4. It is possible to observe that the time-varying partitioned closed-loop system is
asymptotically stable, even after the system switches to other modes, as expected from
Proposition 3.2. Moreover, Figure 3.5 shows that the system becomes unstable if the
partition and the decentralized state-feedback gains are not switched after the mode
changes, i.e. the system switches to different modes but the partition and the gain matrices of mode 1 are kept for the whole simulation. This behavior was also presented in
Example 3.1. It is also interesting to notice in Figure 3.5, between time steps 27 and 134,
that, although partitioning topologies 1 and 2 do not differ too much, instability arises
if the partitioning topology of mode 1 is applied to mode 2. This is therefore a further
motivation for the time-varying partitioning approach proposed in this chapter.

3.8. C ONCLUSIONS
This chapter has presented a multi-step graph-based partitioning method for a class of
large-scale linear switching systems. The proposed algorithm is computationally inexpensive and can be applied online when a change in the system occurs. Moreover, a
decentralized state-feedback controller is applied to the obtained subsystems in order
to stabilize the system. A further analysis of the closed-loop system, modeled as an
autonomous switching system, has been provided. The stability of the system is guaranteed if the average dwell time of the system is larger than a lower bound. Additionally, a case study of automatic generation control of multi-area power network, in which
some link failures might happen, has been discussed. The results show that the proposed
method can stabilize the closed-loop system while, if not applied, the system might become unstable.
As future work, the proposed method can be extended by considering a dynamic
partitioning, i.e. a method in which nodes are moved dynamically between subsystems,
rather than computing a whole new partition. Moreover, another interesting related
work is to apply other types of control algorithms to the system, e.g. distributed or decentralized model predictive control. In that case, different sets of tools are required to
show the stability of the closed-loop systems. In addition, another research direction is
to extend the approach presented here to switching systems in which some of the modes
are not stabilizable.
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a Partitioning result of mode 1
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b Partitioning result of mode 2
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c Partitioning result of mode 3

Figure 3.6: The partitioning results of all modes. Vertices in subsystem 1 are indicated by •, vertices in subsystem 2 are indicated by ◦, vertices in subsystem 3 are indicated by ä, vertices in subsystem 4 are indicated by ■,
and vertices in subsystem 5 are indicated by ×, while the edges that couple different subsystems are indicated
by dashed-dotted lines.

4
PARAMETRIC METHODS FOR
ENERGY MANAGEMENT SYSTEM IN
MICROGRIDS 1
4.1. I NTRODUCTION
In this chapter, we present an energy management system problem in a microgrid setting. The model of the microgrid is a Mixed-Logical Dynamical (MLD) one and in order
to optimally manage the power flows, a Model Predictive Control (MPC) controller is
used. The MLD model together with the MPC controller yield a mixed-integer programming problem, which is NP-hard and has therefore a worst-case exponential computational complexity. Therefore, we explore three different solutions to alleviate the computational complexity and provide a tool that acts as a trade-off between performance
and computation time.
The first method consists in a parametrized MPC controller that parametrizes the
continuous inputs in the system and removes the binary variables by using a heuristic
parametrization. The second method consists in a rule-based MPC controller that
parametrizes the binary variables in the model before the optimization takes place,
by using if-then-else rules based on information available in the microgrid. The third
method is an extension of the second one, where instead of if-then-else rules, machine
learning methods are used to parametrize the values of the binary variables.
Moreover, a novel single-level two-model controller is introduced. The two models
have two different sampling times and they are used in the MPC algorithm to predict
the future evolution of the microgrid. A model with a lower sampling time is used for
predictions closer to the current time instant while a model with a higher sampling time
is used for predictions that are farther in time from the current time instant.
This chapter is structured as follows. In Section 4.2, we present the novel single-level
two-model controller introduced in the previous paragraph. In Section 4.3, we discuss
1 This chapter is based on [14, 15, 18]. Article [18] is a joint work with other researchers.
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Microgrid

+
Main grid
Generators

+

Energy
storage
systems
Loads

Figure 4.1: Scheme of the considered microgrid.

the parametrized MPC controller for microgrid energy management systems. Section 4.4
is devoted to present the rule-based algorithm based on if-then-else rules. In Section 4.5,
the machine learning method for assigning the value to binary variables is presented.
We present simulation results for the three methods in Section 4.6 and lastly we provide
some concluding remarks in Section 4.7.

4.2. S INGLE - LEVEL MICROGRID DESCRIPTION AND CONTROL
We consider in this chapter a microgrid that includes several elements, as shown in Figure 4.1. These elements are storage units (i.e. batteries and ultracapacitors), sources (i.e.
renewable sources and local dispatchable units), a bidirectional connection to the main
grid (i.e. energy can be bought or sold), and uncontrollable loads. Moreover, we consider
the operational economical costs of the microgrid, i.e. the costs for producing electricity locally and buying electricity from the main grid. The goal in microgrid operation
optimization is to minimize the economical costs, optimally choosing the power flows
within the microgrid and the exchange of power with the main grid.
In this section, we first describe the model of the system under control, then we introduce the novel single-level controller, and lastly we introduce the model constraints,
which are both related to the power exchange and the modeling framework.

4.2.1. M ICROGRID MODEL
The microgrid model that we consider is similar to the one presented in [47], with some
modifications, in order to better adapt it to our case.
Dynamics of the energy storage systems: The dynamics of the Energy Storage Systems
(ESSs) are expressed with the simplified formulation presented in [108] with respect to
[47], i.e.
(
x st (h) + ηTs P st (h),
P st (h) < 0
d,st
,
(4.1)
x st (h + 1) =
x st (h) + Ts η c,st P st (h), P st (h) ≥ 0
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where x st (h) indicates the level of energy stored at the ESS at time step h, η c,st and
η d,st are the charging and discharging efficiencies, respectively, P st (h) is the power exchanged with the ESS at time step h, and Ts is the sampling interval of the discretetime system. At each time step h, the ESS can only be in one of the two modes, i.e.
either in the charging or in the discharging mode. In order to model this hybrid behavior, we follow the modeling approach of [47] using a Mixed Logical Dynamical (MLD)
model [52] to model the two different modes of the batteries. The boolean variable δst (h)
indicates whether the ESS is in the charging or discharging mode at time step h, i.e.
δst (h) = 1 ⇐⇒ P st (h) ≥ 0, and δst (h) = 0 ⇐⇒ P st (h) < 0. Then we define a new auxiliary
variable z st as z st (h) = δst (h)P st (h) and we can write (4.1) more compactly in linear form
as
¶
µ
Ts
1
P st (h).
(4.2)
z st (h) +
x st (h + 1) = x st (h) + Ts η c,st −
η d,st
η d,st
In this chapter we consider two different ESSs: an ultracapacitor used for fast response and a battery for storing larger amounts of energy for a longer time span. Note
that for simplicity of expression, the number of storage devices here is kept limited but
our approach can also be applied to systems with a higher number of ESSs. Moreover,
our approach can be used with any kind of ESSs and it is not specific only for batteries
and ultracapacitors.

Loads: We consider critical loads, i.e. loads that must be satisfied at all times. We denote by P load (h) the total power required by the loads at time step h. It is assumed that
the information on the values of P load is available, either through available information
in the microgrid or through forecasting methods.

Generators: We consider two different kinds of generators, i.e. dispatchable generators, whose output power can be controlled with a certain degree of freedom, and
non-dispatchable generators, whose output power cannot be controlled. Renewable
sources are considered as non-dispatchable generators and their output is considered
as a known disturbance, since it is a signal that cannot be controlled. We denote by
P res the variable representing the power produced by renewable energy sources and
P dis the vector representing the power produced by dispatchable generators, where
h
i
dis
dis >
P dis = P 1 , . . . , P Ngen and P idis indicates the power produced by dispatchable unit i ,
i ∈ {1, . . . , Ngen }, with Ngen denoting the total number of generators. Moreover, we use a
variable δon
(h) to indicate whether dispatchable generator i is active at time step h, i.e.
i
δon
(h)
=
1,
or
not, i.e. δon
(h) = 0.
i
i
Energy prices: We consider time-varying electricity prices, such that prices for purchase and sale of electricity are different. We denote with c sale (h) and c pur (h) the price
for selling and purchasing electricity to and from the main grid, respectively. We also
consider a time-varying tariff c prod (h) for producing electricity with the local dispatchable production units.
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Main grid: The microgrid is connected to the main grid and power can flow bidirectionally. We model the connection with the grid using a binary variable δgrid (h) that indicates the direction of the power flow at time step h, i.e. whether energy is being bought
from the main grid or sold to it. Denoting by P grid the power exchanged with the main
grid, we have
(
δgrid (h) = 0 ⇐⇒ P grid (h) < 0, (exporting case)
(4.3)
δgrid (h) = 1 ⇐⇒ P grid (h) ≥ 0, (importing case)
We can then define an auxiliary variable C grid as
(
C grid (h) = c sale (h)P grid (h) ⇐⇒ P grid (h) < 0,
C grid (h) = c pur (h)P grid (h) ⇐⇒ P grid (h) ≥ 0.

(4.4)

As will be explained in Section 4.2.3, we can link together δgrid and C grid by resorting
to a set of linear constraints. The auxiliary variable C grid is used in the cost function,
presented in Section 4.2.4.
Remark 4.1. In this chapter, we consider that the renewable energy source profiles, the
load profiles, and the time-varying prices are known in advance. For what concerns the
prices, this is not a limiting assumption, since in some cases these are known some time
in advance; see e.g. [109], where authors use a day-ahead pricing scheme. As regards the
loads and the renewable energy sources, some works [47, 63, 64] have considered a prediction scheme that provides a predicted load or renewable energy signal to the MPC controller. Although in the this chapter we do not consider a prediction scheme, it can be easily
included in the control scheme presented here and predicted signals can be used instead
of signals known a priori.

4.2.2. FAST AND SLOW MODEL
In this section, we propose a novel method that uses two different microgrid models,
namely a ‘fast’ one and a ‘slow’ one. The ‘fast’ model is used for predictions that are
close to the current sampling time, while the ‘slow’ one is used for predictions that are
farther away in time. The reason for choosing such a control structure is twofold. Firstly,
the ultracapacitor cannot hold electric charge efficiently for a long time, i.e. it has a high
self-discharge rate [110]; this holds for other similar ESSs with small capacity. Therefore
we assume that the ultracapacitor is available only close to the current sampling time,
hence it is used only in the ‘fast’ model, when a quick response is needed for providing or
absorbing a small amount of energy. Secondly, the available future data on prices, load,
and renewables profiles is denser in time steps close to the current one, while it becomes
more sparse far from the current time step. The previous discussion implies that the
number of state components and input components of the two models are different.
Indeed, the ‘slow’ model does not consider the dynamics of the ultracapacitor and only
considers the dynamics of the battery.
The advantage of this kind of controller structure is that, by having only one controller, we reduce the complexity of the control architecture and we make the implementation easier, with respect to hierarchical controllers. Moreover, during each optimization procedure the most updated information is used, compared to other approaches in
which information is only updated at a higher level after a certain amount of time.
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Figure 4.2: Scheme adopted in this chapter for the time steps of the two different models.

We show in Figure 4.2 the different sampling times and the time intervals during
which each model is used. We denote by Tsf and Tss the sampling interval of the ‘fast’ and
‘slow’ model, respectively, and we denote by h and k the time steps of the ‘fast’ and ‘slow’
model, respectively. Moreover, we suppose that from time step Nf,s of the ‘fast’ model we
start using the ‘slow’ model for predictions. Therefore, the step Nf,s of the ‘fast’ model
coincides with time step 0 of the ‘slow’ model. We also assume that Nf,s Tsf = Tss , i.e. the
‘fast’ model is used for exactly one time step of the ‘slow’ model. Note that while here we
make these assumptions on Nf,s , Tsf , and Ts for simplicity and easiness of presentation,
if needed, the ‘fast’ model could be used for a larger or smaller amount of time than Ts ,
i.e. one could choose Nf,s , Tsf , and Ts such that Nf,s Tsf < Tss or Nf,s Tsf > Tss .
The dynamic equations of the fast model, by using (4.2), are
(4.5)

£
¤>
where x f (h) = x f,b (h) x f,uc (h) , with x f,b and x f,uc being the storage level of the battery
and of the ultracapacitor, respectively, z f is the auxiliary variable for the ‘fast’ model,
£
¤>
and B 1f ∈ R2×2 , B 2f ∈ R2×mf . We define the input vector as u f (h) = P f,b (h) P f,uc (h) ,
u f (h) ∈ Rmf , which represents respectively the power exchanged with the battery and
the power exchanged with the ultracapacitor. The ‘slow’ model is defined in a similar
way, i.e.
(4.6)
x s (k + 1) = x s (k) + B 1s z s (k) + B 2s u s (k),
where x s (k) = x s,b (k) is the storage level of the battery, z s is the auxiliary variable for
the ‘slow’ model, and B 1s , B 2s ∈ R. The input vector is defined as u s (k) = P s,b (k) and it
represents the power exchanged with the battery. Note that, as highlighted before, the
number of states and inputs is different between the two models.
We consider the power balance constraint in the microgrid:
Ngen

P f,b (h) =

X
i =1

P idis (h) + P res (h) + P grid (h) − P f,uc (h) − P load (h),

(4.7)

∀h ≥ 0, and apply it to (4.5) to write the expression of the dynamics of the storages as a function of P grid , P load , and P dis . Then, by introducing suitable matrih
¡
¢ > i>
f
>
ces M uf , M w
and defining u f (h) = P dis
and
(h) P grid (h) P f,uc (h) δon (h)
£
¤>
w f (h) = P load (h) P res (h) , we can put together (4.5) and (4.9) as
´
³
f
x f (h + 1) = x f (h) + B 1f z f (h) + B 2f M uf u f (h) + M w
w f (h) .
(4.8)

Chapter 4

x f (h + 1) = x f (h) + B 1f z f (h) + B 2f u f (h),
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A similar expression is obtained for (4.6) by using the version of the ‘slow’ model of (4.7),
where, however, P f,uc (h) does not appear, i.e.
Ngen

P s,b (k) =

X
i =1

P idis (k) + P res (k) + P grid (k) − P load (k),

(4.9)

∀k ≥ 0. Equation (4.7) is used only for the ‘fast’ model, while (4.9) is used only for the
s
‘slow’ model. Similarly to what we did before, we introduce suitable matrices M us , M w
h
i>
£
¤
¡
¢
>
>
>
and define u s (k) = P dis
and w s (k) = P load (k) P res (k) .
(k) P grid (k) δon (k)
Next, we merge (4.6) and (4.9) as
¢
¡
s
w s (k) .
x s (k + 1) = x s (k) + B 1s z s (k) + B 2s M us u s (k) + M w

(4.10)

Since the ‘fast’ and the ‘slow’ model have different input components and state components, it is necessary to define a way to link the two models. As stated before, we assume that the ‘fast’ model is used only until the time instant Tsf Nf,s , i.e. time step Nf,s of
the ‘fast’ model and after that the ‘slow’ model is used. We can then link the two models
using
x s (0) = x f,b (Nf,s ),
£
which means that we can define a matrix M f,s = 1
M f,s x f (Nf,s ).

(4.11)
¤
0 to link the two models as x s (0) =

Remark 4.2. Note that here we consider to have only one battery and one ultracapacitor
for simplicity. However, the model can be easily extended to a multi-battery or multiultracapacitor case.

4.2.3. C ONSTRAINTS
In this section, we introduce the constraints related to the models and the power flows
in the microgrid. Since we are using an MLD model for the storage units and the power
exchanged with the main grid, we define the constraints as in [47, 52] by defining matrices E 1 , E 2 , E 3 , E 4 such that we can write the constraints in a compact form. We define two
different sets of constraints, one for each model, denoting with a superscript ‘f’ and ‘s’
the constraints for the ‘fast’ and ‘slow’ model, respectively. We can then write compactly
the constraints for the ‘fast’ model as
E 1f δf (h) + E 2f z f (h) ≤ E 3f u f (h) + E 4f .

(4.12)

A similar inequality holds for the ‘slow’ model, where we replace the matrices E if with
matrices E is , i ∈ {1, . . . , 4} and we replace the variables of the ‘fast’ model with the ones
related to the ‘slow’ model.
We define also constraints on the upper and lower bounds for the states and the in-
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puts, i.e.
P b ≤P b (h) ≤ P b

(4.13)

P uc ≤P uc (h) ≤ P uc

(4.14)

P grid ≤P grid (h) ≤ P grid

(4.15)

dis
on
δon
i (h)P dis ≤P i (h) ≤ δi (h)P dis

(4.16)

x st ≤x f (h) ≤ x st
(4.17)
¤>
for i ∈ {1, . . . , Ngen }, where x st = x b x uc , and x b , x uc are the lower bounds for the
£
¤>
state of charge of the battery and the ultracapacitor, respectively, and x st = x b x uc ,
and x b , x uc are respectively the lower bound for the state of charge of the battery and the
ultracapacitor. The constraints (4.13)-(4.17) model the physical bounds on, respectively,
the power exchanged with the battery, the power exchanged with the ultracapacitor, the
power exchanged with the main grid, the power produced by each production unit, and
the level of charge of the ESSs. The constraints (4.13)-(4.17) are expressed using the sampling time index of the ‘fast’ model, i.e. h, but they are also applied to the variables of the
‘slow’ model as well, where, however, the ultracapacitor does not appear, i.e.
£

P b ≤P b (k) ≤ P b
P grid ≤P grid (k) ≤ P grid
δon
i (k)P dis

≤P idis (k) ≤ δon
i (h)P dis

x st ≤x s (k) ≤ x st

(4.18)
(4.19)
(4.20)
(4.21)

Moreover, we also consider constraints for the generators related to the amount of
f
f
time they should stay turned on or off. We denote by Ton
and Toff
the minimum amount
of time during which the generators should be turned on or off, respectively, expressed
in number of sampling times of the ‘fast’ model. Therefore, we can introduce the constraints
on
δon
i (h) − δi (h − 1) ≤ δ(l ), from OFF to ON
δon (h − 1) − δon (h) ≤ 1 − δ(l¯), from ON to OFF
i

i

(4.22)
(4.23)

for l =
and l¯ =
Again, this constraint is written using the sampling time of the ‘fast’ model, but it can applied to the
‘slow’ model too with proper adaptations. Notice, however, that since the two models
f
f
are used consecutively, it might happen that h + Ton
− 1 ≥ Nf,s or h + Toff
− 1 ≥ Nf,s , which
means that the constraint associated to the ‘fast’ model would extend over the time steps
of the ‘slow’ model. In that case, we extend constraints to the ‘slow’ model defining a k̂
as
&
'
f
− 1)
Tsf (h + Ton
k̂ =
,
(4.24)
Tss
f
1, . . . , min{h + Toff
− 1, Nf,s }

f
1, . . . , min{h + Ton
− 1, Nf,s }.

i.e. we extend the constraints until the smallest time step of the slow model that allows to
f
keep the generators on for at least Ton
. We then impose the adapted constraints (4.22),
f
(4.23) for the ‘slow’ model until time step k̂. The extension for Toff
is done in a similar
way.
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4.2.4. C OST FUNCTION
We adopt a cost function that is a sum of several economic terms. In particular, we consider the simple sum of costs and revenues, i.e. we sum up the costs for producing electricity locally and buying electricity from the main grid and the revenues obtained from
selling electricity to the main grid. The resulting cost function is defined as
J (P p (h),C grid (h), c prod (h)) =

NX
f,s −1

Ngen

Ã
C grid (h + j ) + c prod (h)

i =1

j =0

+

NX
p −1

X

!
P idis (h +

j)

Ngen

Ã
C grid (h + Nf,s + l ) + c prod (k)

X
i =1

l =0

!
P idis (h + Nf,s + l )

,

(4.25)
where the first summation term corresponds to the ‘fast’ model, from time step h until
time step h + Nf,s − 1, and the second summation term corresponds to the ‘slow’ model,
from time step h + Nf,s until time step h + Np − 1 (recall Fig. 4.2).
Note that the total cost depends strongly on the prices c sale , c pur , which are included
in the variable C grid , and on the price c prod . This fact will be exploited in Section 4.4 in
the proposed if-then-else procedure. Moreover, note also that the two objectives in Eq.
(4.25) could be weighted in order to penalize more one of the two objectives, e.g. to give
more importance to the ‘fast’ model.

4.3. PARAMETRIZED MODEL PREDICTIVE CONTROL
In this section, we present a parametrization of the control inputs based on functions
that represent different microgrid objectives and take as inputs different quantities of
the microgrid, e.g. renewable energy profile, energy prices. The binary variables are
parametrized through a heuristic if-then-else parametrization.
We consider only one set of parameters, i.e. the same parameters are kept for the
whole prediction horizon. In this way, we are able to reduce the computational complexity, since we reduce the number of decision variables.

4.3.1. PARAMETRIZED INPUT LAWS
The parametrized MPC (PMPC) law of each input is defined as a weighted sum of functions that depend on the states, on the previous continuous control inputs, and on some
external quantities, e.g. price of electricity. Moreover, we fix the value of the parameters
for the whole prediction horizon, in order to reduce the computational complexity of
the problem. The discrete control inputs are instead assigned according to if-then-else
rules.
The continuous components of u f are parametrized as
3
X
i =1

θi

¡
¢
f i x(h), w(h), w(h − 1), c sale (h), c pur (h), u f (h − 1)
f imax

,

(4.26)

where parameters θi and functions f i are different for each component of u f . The value
f imax corresponds to the maximum of the function f i and it is used to normalize the term
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corresponding to the parameter θi . Since the parameters θi are constant, u f has 3 continuous components, and u s has 2 continuous components, we have in total 15 parameters. For the ‘slow’ model, we obtain a similar equation to (4.26), where, as explained
below, the functions related to the ultracapacitor do not appear.
The functions f i depend either on the states or on variables such as P load , c sale , or
c pur . The idea behind the design of these functions is to assign more or less importance
to certain objectives. Following (4.26), we propose in total 9 different functions, 3 for
each of the continuous components of u f ; we also denote them with the superscripts ‘uc’,
‘grid’, ‘dis’, which denote respectively the ultracapacitor, the main grid, the produced
power through the dispatchable units. The functions are defined as follows:
¢
¡
• f 1uc = 0.5 x uc − x uc −x uc (h), in order to keep the value of the storage of the ultracapacitor close to its medium value, so that the ultracapacitor can react to a change
in power by providing power or absorbing it;
PNgen
• f 2uc (h) = −P load (h − 1) + P res (h − 1) + i =1 P idis (h − 1), so that more power is stored
in the ultracapacitor if at the previous time step there was more power produced
than consumed locally, and vice versa;
• f 3uc (h) = −c pur (h), to take more power from the ultracapacitor when the price for
buying electricity is high;

grid

• f 2 (h) = −c sale (h), in order to sell more electricity to the main grid if the price for
selling electricity is high (recall (4.3));
grid

• f 3 (h) = − f 2uc (h), so that more power is bought if at the previous time step the
local consumption was higher than the local production, and vice versa;
• f 1dis (h) = P load (h), in order to produce more power when the local demand is high;
• f 2dis (h) = c pur (h), so that more power is produced locally when the price for buying
electricity is high;
• f 3dis (h) = x b − x f,b (h), with the idea that more power is produced proportionally to
the level of charge of the battery, i.e. more power is produced if there is not too
much ‘reserve power’ in the battery.
grid

The functions f iuc , f i , f idis , i ∈ {1, 2, 3} are used in the control law associated to the
‘fast’ model, while all the functions except for the functions f iuc are used in the control
law associated to the ‘slow’ model.
grid
Besides functions f iuc , f i , f idis , i ∈ {1, 2, 3}, we also propose a heuristic assignment
of the boolean control variables δon , δst , and δgrid in order to reduce the computational
complexity of the control problem. More specifically, we define a set of if-then-else rules
to assign the values 0 or 1 to the boolean values:

Chapter 4

grid

• f 1 (h) = −c pur (h), so that less power is bought from the main grid if the price for
buying electricity is high;
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• the generators are turned on, i.e. δon
(h) = 1, for i ∈ {1, . . . , Ngen }, if P res (h) <
i
P load (h), so that the required power can be provided (at least partially) by the
generators;
• power is bought from the main grid, i.e. δgrid (h) = 1, if P res (h) − P load (h) < −α,
where α ∈ R+ is a threshold that can be defined by the user. The idea here is that
first we try to satisfy the local loads using the local production units, but if the
power required by the loads is quite high, then we also allow the controller to buy
energy from the main grid;
• at the same way, we allow the controller to use the energy stored in the battery, i.e.
δb (h) = 0, if P res (h) − P load (h) < −α, since the power balances (4.7)–(4.9) must be
always satisfied. Energy can be stored in the battery in the opposite case. Moreover, due to the smaller capacity of the ultracapacitor with respect to the battery,
and in order to add more flexibility to achieve the power balance (4.7), the ultracapacitor is allowed to store energy when the battery is being drained and vice versa,
i.e. δuc (h) = 1, if P res (h) − P load (h) < −α.

The threshold α can be defined by the user with some insight in the problem. Note
that due to the power balance constraints (4.7), (4.9), an upper bound to α must be imposed, which results in α ≤ Ngen P dis . Otherwise, in the worst case scenario, the power
balance (4.7), (4.9) cannot be satisfied.
p

Remark 4.3. Due to f 1uc , f 3 and to (4.26), the optimization problem becomes nonlinear.
Since we also parametrize the integer values, the problem does not have integer variables.
Note that the standard approach for MPC control of MLD systems in the literature results
in an MILP problem. While for small-sized problems the MILP approach could be faster,
its complexity is exponential in the number of integer optimization variables in the worst
case [44, 53, 68, 69, 111]. Although our approach results in a nonlinear bilinear programming problem, it will be more scalable, since it does not suffer the exponential increase
complexity related to the number of binary variables.

4.3.2. C OST FUNCTION AND OPTIMIZATION PROBLEM
Following (4.25), we define the optimization problem of the MPC controller as
minimize J (P dis (h),C grid (h), c prod (h))
θ
subject to dynamics (4.8), (4.10),

(4.27a)
(4.27b)

constraints (4.7), (4.9), (4.11), (4.12) − (4.23),

(4.27c)

parametrized input (4.26)

(4.27d)

and x f (h) is initialized to the current state.
As standard in MPC controllers, we compute the optimal parameters θ and thus the
optimal inputs from the current time step h until time step h + Np − 1. We apply only
the first element of the optimal input sequence and at the next sampling time we solve
problem (4.27) once again.
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4.4. RULE - BASED MODEL PREDICTIVE CONTROL
In this section, we apply a parametrization based on if-then-else rules that take as input
the values of the electricity prices, the loads profile, and the renewable energy profile,
providing a binary variable configuration for the binary variables in the MLD model.
In the rule-based parametrization method, we assign the value of the binary variables in the MLD model through an if-then-else parametrization while optimizing the
continuous variables. In this way, the problem is not an MILP one anymore, since the
value of the binary variables is assigned before the optimization takes place. Therefore,
computational savings are achieved due to the removal of the binary variables in the optimization problem, which becomes then a linear program. We refer to this method as
Rule-Based MPC (RBMPC).
The if-then-else rules are designed in order to avoid losses on the performance,
which in this case is of an economic nature as explained in Section 4.2.4. Therefore,
the rules are based on economic quantities. Moreover, the rules also consider the local
renewable energy production and load profiles, since the decisions taken depend on
these two quantities too.

4.4.1. A SSIGNMENT OF THE VALUES TO THE BINARY DECISION VARIABLES
We will first analyze which are the causes that lead the controller to take certain actions,
i.e. what triggers the assignment of the binary decision variables in the optimization
problem. In the considered system, the economic cost (4.25) to be optimized depends
on two main quantities: the locally produced power P dis and the power exchanged with
the main grid P grid . These two inputs are weighted in the cost function by the price of
producing energy locally, c prod , and the prices of electricity purchase or sale, c pur and
c sale , respectively, according to whether the microgrid is purchasing electricity or selling
it. Since the quantities P dis and P grid are two inputs of the system, these inputs directly
determine the overall cost. Note that the price c prod and the input P dis appear directly in
the cost function (4.25), while the prices c sale and c pur and the input P grid appear indirectly inside the variable C grid .
Besides these two quantities, the system must satisfy the power balance constraints
(4.7), (4.9) at all times. Therefore, the decisions that the controller takes are based on the
satisfaction of these constraints. The cost of producing energy through the renewable
energy sources is null, because in our cost function (4.25) we consider only marginal
costs and revenues and not fixed ones. This means that in order to minimize the cost,
the controller will try to satisfy the loads with the renewable energy sources first. Only if
this power is not enough, it will either buy power from the main grid or produce it locally
through the dispatchable units. If the power produced by the renewable energy sources
is higher than the one required by the loads, then the surplus power can be stored in the
battery or it can be sold to the main grid. Moreover, we must also make a distinction
between whether the microgrid is able to completely satisfy the local demand or not, i.e.
whether it is necessary to acquire power from the main grid or not.
From the previous discussion, it is possible to notice that the actions that the controller takes are based on two main facts. The first one is related to whether the microgrid can satisfy the local demand with the local production units or not and it is mainly
related to the feasibility of the control action, i.e. it is closely related to constraints (4.7),
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(4.9). The second one is related to the choice of the power source that will satisfy constraints (4.7), (4.9) and it deals with the optimality of the control action.
We can then determine the values of the binary decision variables by looking at whedis

ther the microgrid can locally satisfy the loads, i.e. we check whether Ngen P + P res (h) <
P load (h) and whether P res (h) > P load (h). Then, we check the relation between the energy
prices, i.e. we check whether c prod (h) < c sale (h) ≤ c pur (h), c sale (h) < c prod (h) ≤ c pur (h), or
c sale (h) < c pur (h) ≤ c prod (h). Based on this, we have five different cases:
1. P res (h) ≥ P load (h), with c prod (h) < c sale (h) ≤ c pur (h). In this case, the renewable
energy sources completely satisfy the loads. Since c prod (h) < c sale (h), it is also convenient to produce energy and sell it to the main grid. Furthermore, due to the fact
that there is a surplus of energy, the battery is allowed to store energy, because it
could be useful to store energy for later usage. Therefore, in this case we impose
δgrid (h) = 0, δon
(h) = 1, i ∈ {1, . . . , Ngen }, δb (h) = 1. In the resulting optimization
i
problem, it will be determined how much energy to sell to the main grid and to
store in the batteries, since these two actions are enabled.
2. Ngen P dis + P res (h) ≥ P load (h) and P load (h) > P res (h), with c prod (h) < c sale (h) ≤
c pur (h), or c sale (h) < c prod (h) ≤ c pur (h). In order to satisfy the local loads, a certain
amount of energy has to be acquired, since the renewable energy sources do not
completely satisfy the loads. Producing energy is cheaper than buying it from the
main grid, so the required energy is produced locally. If c prod (h) < c sale (h), then
extra energy will produced in order to be sold to the main grid, otherwise only the
necessary energy will be produced. The battery is allowed to store energy, as in
the previous cases. Therefore, we impose δgrid (h) = 0, δon
(h) = 1, i ∈ {1, . . . , Ngen },
i
δb (h) = 1.
3. Ngen P dis +P res (h) < P load (h), with c prod (h) < c sale (h) ≤ c pur (h), or c sale (h) < c prod (h)
≤ c pur (h). The local loads require more energy than the energy that can be locally produced together by the renewable energy sources and the dispatchable
units. Therefore, we set the production units to produce energy and we buy the
remaining required energy from the main grid. The battery is also allowed to provide the stored energy. In this case, there is no distinction between the cases
c prod (h) < c sale (h) and c prod (h) ≥ c sale (h), since in both cases it is necessary to
buy energy from the main grid. Therefore, we impose δgrid (h) = 1, δon
(h) = 1,
i
i ∈ {1, . . . , Ngen }, δb (h) = 1.
4. P res (h) ≥ P load (h), with c sale (h) < c prod (h) ≤ c pur (h). With these conditions, the renewable energy sources completely satisfy the loads. Since c sale (h) < c prod (h), the
generators are turned off. Due to the surplus of energy, the battery is allowed to
store energy and the grid power exchange is set to the sale mode. The battery can
store energy in this case since the price for electricity might increase in the following time steps, or the amount of available renewable energy could be smaller. The
optimization procedure will decide whether to sell energy, store it, or perform both
actions. For this case we impose δgrid (h) = 0, δon
(h) = 0, i ∈ {1, . . . , Ngen }, δb (h) = 1.
i
5. Ngen P dis + P res (h) ≥ P load (h) and P load (h) > P res (h), with c sale (h) < c pur (h) ≤
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c prod (h). As in the previous case, some energy has to be acquired in order to satisfy
the local loads. Producing energy is more expensive than buying it from the main
grid, thus the required energy is bought from the main grid and the generators
are turned off. In order to reduce the cost, the battery is allowed to provide some
stored energy. In this case, we impose δgrid (h) = 1, δon
(h) = 0, i ∈ {1, . . . , Ngen },
i
δb (h) = 0.
All the cases are summarized in Table 4.1. For what concerns the ultracapacitor, in all the
mentioned cases we opt to impose a mode of operation that is always the same as the
battery. Also, consider the two following observations on Table 4.1. The first one is that in
order to optimize the economic costs, in cases 1 and 2 of Table 4.1, we could add an extra
step and force the local dispatchable units to produce at full capacity, i.e. P dis , since that
would be the most convenient choice. However, we could run into infeasibility issues,
as will be discussed in the next subsection. Therefore, in these two cases we only force
the generators to be turned on and, if it is more profitable and feasible, the solver will set
the production output to its maximum value. The second observation is that in the first
column, P load ≤ P res implies that Ngen P dis ≥ P load −P res , which means that the microgrid
is perfectly able to satisfy the local loads with the locally produced energy, therefore we
do not need to add the second condition Ngen P dis ≥ P load −P res , which is instead present
in the second column.

4.4.2. A DDITIONAL CONSTRAINTS REQUIRED BY THE RULE - BASED DESIGN
AND FEASIBILITY ISSUES
When we apply the if-then-rules proposed in Section 4.4.1, we must devote special attention to some of the constraints presented in Section 4.2.3. In particular, the generator
constraints (4.22)-(4.23) in combination with the power balance constraints (4.7), (4.9)
pose some issues in some of the cases presented in Table 4.1.
First of all, according to the if-then-else rules proposed in Section 4.4.1, it might happen that the generators are imposed to be turned off while according to constraint (4.23)
they should be kept turned on, or vice versa. In this case it is enough to override the proposed if-then-else rules and keep the generators on (vice versa, off) in order to satisfy
constraints (4.22)-(4.23).
When taking into account the power balance constraints (4.7), (4.9), extra attention
is needed. Let us analyze the case in which, at time step ĥ, the generators are turned
off. Suppose now that at the prediction time step ĥ + 1 the system is in case 2 of Table
4.1 and thus the if-then-else rules procedure would force the generators to be turned on,
but constraint (4.22) is active at ĥ + 1. According to the rules proposed in Table 4.1, if the
generators cannot be turned on due to constraint (4.22), then the power balance (4.7),
(4.9) could not be satisfied, since the grid is set to be in the sale mode. In this case, we
must then set the grid to the purchase mode.
In all the other cases, the proposed if-then-else rules together with the generator
constraints (4.22)-(4.23) do not lead to an issue that requires extra attention. In some
cases, though, we must verify that some assumptions are guaranteed. For instance, suppose that at the prediction time step ĥ + 1 the if-then-else rules would make the system
switch from case 1 to case 4, but due to constraint (4.23), the generators cannot be turned

c sale ≤ c pur ≤ c prod

c sale ≤ c prod < c pur

c prod < c sale ≤ c pur
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P load ≤ P res

Ngen P dis ≥ P load − P res
AND P load > P res

Ngen P dis < P load − P res

Case 1:

Case 2:

Case 3:

• Production units: ON
• Battery: charge
• Grid: sale mode

• Production units: ON
• Battery: charge
• Grid: sale mode

• Production units: ON
• Battery: discharge
• Grid: purchase mode

Same as case 2

Same as case 3

Case 4:
• Production units: OFF
• Battery: charge
• Grid: sale mode

Case 5:
Same as case 4

• Production units: OFF
• Battery: charge
• Grid: purchase mode

Same as case 5

Table 4.1: Different cases of the if-then-else rules for the proposed controller.

off. In this case, the optimization problem is still feasible as long as

P res (ĥ + 1) − P load (ĥ + 1) + Ngen P dis ≤ P grid .

(4.28)

This constraint is satisfied as long as P grid is sufficiently large, which is usually the case
in the practical applications. A similar case is verified when the generators are turned
off and the if-then-else rules would impose case 3 of Table 4.1, but in this case we would
have the less restrictive constraint P res (ĥ + 1) − P load (ĥ + 1) ≤ P grid .
Lastly, we do not impose the generators to produce at full capacity in cases 2 and 3
since this could lead to infeasibility problems when the generators should be turned off
but they remain turned on due to constraint (4.23).
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4.4.3. O PTIMIZATION PROBLEM
The overall optimization problem, after we have applied the proposed if-then-else rules
of Section 4.4.1, becomes
minimize
P dis , P grid ,
P f,uc , δon

J (P dis (h),C grid (h), c prod (h))

subject to dynamics (4.8), (4.10),

(4.29a)

(4.29b)

constraints (4.7), (4.9), (4.11), (4.12) − (4.23),

(4.29c)

parametrization of Sections 4.4.1, 4.4.2

(4.29d)

As standard in MPC controllers, we compute the optimal control inputs u f from the
current time step h until time step h + Np − 1. We apply only the first element of the
optimal input sequence and at the next sampling time we solve problem (4.29) once
again.

In this section, we follow a similar approach to the one presented in the previous section, i.e. we provide a binary variable configuration for the binary variables in the MLD
model before the optimization takes place, but we do so by training and sampling some
machine learning methods. Instead of defining a set of if-then-else rules based on domain knowledge, we obtain a configuration of binary variables through machine learning methods that have been trained with past simulation data.
As for the rule-based case, computational savings are achieved by removing the binary variables from the optimization problem. The adopted machine learning methods
are trained using data from the past simulation and the goal is to replicate the optimal
value of the binary variables obtained with MILP simulations. If the obtained binary
variable configuration results in an infeasible one, then some of the binary variables are
overridden to achieve feasibility.

4.5.1. M ICROGRID MODEL
In this section, we use the model presented in Section 4.2, using, however, only the ‘slow’
model and only one battery without using the ultracapacitor. This is done in order to
avoid a very large computational complexity in the training phase of the machine learning methods when the ‘fast’ model is used too.

4.5.2. M ACHINE LEARNING APPROACH
As mentioned before, solving an MILP problem is a NP-hard problem in general [53, 68,
69, 111]. Nevertheless, by treating x b (0), c pur , c sale , c prod , P load , P res as parameters of the
problem, and by observing that the structure of the problem remains the same at each
time step, we can build a machinery that can lead to an explicit MPC controller. This
idea becomes even more appealing as we do not actually need to build such a predictor
for all the decision variables since, once the binary components are set, the real-valued
ones can be found separately. As practical matter, this would translate into relaxing the
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Microgrid
model

inary variables
parameterization

Optimizer

P

MILP
Figure 4.3: Proposed solution scheme.

original MILP based controller into a partially explicit controller that must solve only an
LP at each time step. Figure 4.3 shows the resulting optimization scheme.
In particular a possible approach to achieve this is then the following:
1. Extract a representative dataset of N examples of parametric realizations,
n³
´o
i
i
i
i
i
Z N = x 0 (k), c buy
(k), c prod
(k), c sale
(k), P load
(k), P res
(k)

(4.30)

with Z N ∈ R(1+(Ngen +1+1)(Np −1))×N , ∀i ∈ {k, . . . , k + Np − 1}, ∀k ∈ {1, . . . , N }.
2. Solve off-line the corresponding optimization problems.
3. Extract the set of optimal binary tuples associated to the components of the grid
at each step in the prediction horizon:
n³
´o
)
)
i
i
O iN = δon(i
(k), . . . , δon(i
(k),
δ
(k),
δ
(k)
(4.31)
grid
b
1
N
gen

where each O iN ∈ {0, 1}(Ngen +1+1)×N , ∀i ∈ {k, . . . , k + Np − 1}, ∀k ∈ {1, . . . , N }.
4. Use machine learning/function approximation methods to build a map from parameter values to binary tuples.
Multiple contributions have already explored the use of machine learning techniques
for predicting the optimal active set of optimization problems. However, most of such
approaches were meant to achieve the best possible predicting performance with little
regard of any secondary use the learned classifier may need to serve, e.g. providing facilities to assess the correctness and robustness of the given prediction. For this reason,
in this section, we focus on the idea of using more interpretable techniques. Therefore,
this work is closely related to the one presented in Section 4.4 and the two approaches
will be compared in the case study presented in Section 4.6.3.
As we are dealing with real-time applications, we also need a learning architecture
with a small computational footprint and possibly running also in bounded time for
throughput predictability. As the quantities we are trying to predict are binary in nature,
a natural choice is to resort to a decision-tree classifier [112] with a limited a-priori number of nodes for which both the decision path of each prediction is clearly inspectable
[113] and a vast literature about establishing the importance of each provided input feature exists. One of the principal limitations of decision trees is however their instability.
For this reason we also consider the use of random-forest classifiers [114], which try to
solve this issue by bagging more decision trees together, at the cost of both a more problematic interpretability and higher computational requirements.
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Each predictor is trained to predict the tuple of binary decision variables corresponding to the action of a specific time step within the prediction window. In practice, this
means
that
¡
¢ we will have Np predictors, each one trained on a different dataset tuple
Z N ,O iN . The reason for this choice is twofold: on the one hand, very small decision
trees simply lack the approximation power required to efficiently predict hundreds of
outputs at the same time and, on the other hand, it would greatly facilitate the user in
establishing which input feature influences which output.
In both cases, the loss function used to grow the classifiers is the standard crossentropy loss figure commonly adopted when training classifiers, i.e.
L (y, ŷ) = −

p
X

(1 − ŷ i ) log(1 − y i ) + ŷ i log(y i )

i =1

where y ∈ {0, 1}p is the optimal binary decision variable vector and ŷ is its estimate given
by the predictor.
Remark 4.4. The choice of the value of N depends on the kind of machine learning technique that is chosen. For the methods presented here, i.e. decision trees and random forest
classifiers, it is recommended to have at least 10000 samples to achieve a good performance of the predictors.

4.5.3. P REDICTION OVERRIDE FOR AVOIDING INFEASIBILITY
The proposed approach is still not yet able to ensure the feasibility of the prediction with
respects to the constraints (4.9), (4.11), (4.12)–(4.23). A possible approach to avoid infeasibility in this case is to inspect the behavior of the proposed predictor, categorize
the cases of bad behavior, i.e. infeasible predictions, and implement a fail-safe override
mechanism that ensures feasibility in such specific occasions. While this is in general as
hard as designing a whole explicit controller, in many systems, including the one we analyze, trivial feasible configurations are indeed simple to recover. Moreover, we note that
even in the case in which the prediction leads to an infeasible configuration, it will still
be close to the real optimal one. This means that the task the user is asked will not be to
design a complete substitute optimal controller as a whole, but rather to simply provide
a limited set of feasibility corrections, without the need of caring about optimality.
Based on the previous discussion, we consider the three following possible sources
of infeasibility:
1.

PNgen

dis

δon
(k)P i < P load (k)−P res (k) AND δgrid (k) = 0, i.e. the local production units
i
alone are not able to satisfy the loads but the grid is set to export mode. We override
δgrid (k) and set it to δgrid (k) = 1, i.e. we set the grid to import mode, for the values
of k for which this condition is verified.
i =1

2. P res (k) − P load (k) > δb (k)|P b (k)| AND δgrid (k) = 1, i.e. there is a surplus of generation, higher than the power that the battery can absorb, but the grid is set to import
mode. In this case, δgrid (k) is set to 0, i.e. to export mode;
PNgen
3. 0 < P load (k) − P res (k) < i =1 δon
(k)P dis
AND δgrid (k) = 1, i.e. the loads are higher
i
i
than renewable power and the minimum power that can be produced with the
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PMPC
MILP

TOT
P dis

TOT
P g,s

TOT
P g,b

116440 kW
127020 kW

14210 kW
24434 kW

13312 kW
12881 kW

Total cost
4294.97 e
4225.40 e

Table 4.2: Comparison between PMPC and MILP simulation results

dispatchable units is higher than the necessary extra energy to satisfy the loads,
but the grid is set to import mode. In other words, in this specific case, there is a
small excess of energy coming from the dispatchable units that has to be exported
to the main grid. Therefore, we override the rules setting the main grid to export
case, i.e. δgrid (k) = 0.

4.5.4. O PTIMIZATION PROBLEM
The optimization problem is the following:
¡
¢
minimize J ML P dis (k),C grid (k), c prod (k)
P dis , P grid ,
δon
subject to dynamics (4.10),

(4.32a)

(4.32b)

constraints (4.9), (4.12) − (4.23),

(4.32c)

parametrization of Sections 4.5.2,4.5.3

(4.32d)

The cost function chosen is as in (4.25), but considering only the ‘slow’ model, as explained in 4.5.1, i.e.
¶
Ngen
p −1 µ
X dis
¡
¢ NX
J ML P p (k),C grid (k), c prod (k) ) =
C grid (k + j ) + c prod (k + j )
P i (k + j )
j =0

(4.33)

i =1

4.6. S IMULATIONS AND COMPARISON
4.6.1. S IMULATIONS FOR PARAMETRIZED MPC
We simulate the behavior of a microgrid that has local production units (both renewable
sources and dispatchable generators), local loads, and two energy storage systems, i.e.
a battery and an ultracapacitor. The values that we consider for the parameters of the
microgrid are: Ngen = 4, x uc = 40 kWh, x b = 250 kWh, P dis = 120 kW. Moreover, Tsf =
5 min, Tss = 30 min, Nf,s = 6, Np = 24, α = 200. We simulate the control problem of
the microgrid for a simulation time of 24 h, comparing the results of a centralized MPC
MILP algorithm controller (as presented in [47]) with our proposed approach. We show
in Figure 4.4 the evolution of the states x st for both strategies, in Figure 4.5 the power
flows within the microgrid, while the variable energy prices are shown in Figure 4.6.
Figure 4.5 shows the power exchanged in the microgrid both for our proposed approach and for the MILP approach. Note that there are some differences in the solutions.
During the peak hours, i.e. from 9 h until 20 h, the two controllers propose two different solutions: the MILP controller decides to produce power at the maximum capacity
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Figure 4.4: Stored energy in the storage devices when the PMPC controller is used (top) and when a MILP
controller is applied (bottom) for the case study of Section 4.6.1 related to the control algorithm presented in
Section 4.3.

and sell all the exceeding one to the main grid, while the PMPC controller produces less
power locally and sells less power to the main grid. Moreover, the usage of the storage
devices is slightly different: the MILP controller drains almost immediately the power
from the ESSs and uses them for mainly for balancing the power, while the PMPC controller keeps charged the ultracapacitor for a longer time. This is also depicted in Figure
4.4, where we show the evolution of the states x st both for the MILP and the PMPC.
However, the total cost related to the two controllers is similar. A comparison is
TOT
TOT
TOT
shown in Table 4.2, where P dis
, P g,s
, and P g,b
denote respectively the total power
produced, the total power sold to the main grid and the total power bought from the
main grid. It is possible to observe that the total cost associated to the PMPC controller
is very close the one of the MILP controller, although the PMPC controller decides to sell
less energy and buy more energy from the main grid, compared to the MILP controller.
Therefore, the two controllers have a comparable performance. However, with our proposed approach we get rid of the integer variables and we parametrize the continuous
control inputs, therefore we can provide a scalable algorithm compared to the standard
MILP approach.

4.6.2. S IMULATIONS FOR RULE - BASED MPC
In this section, we compare our proposed single-level two-model rule-based MPC controller, presented in Section 4.4, with a controller that has the same single-level two-
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Figure 4.5: Power flows in the microgrid during the considered simulation for the case study of Section 4.6.1
related to the control algorithm presented in Section 4.3, when the PMPC controller is used (top) and when an
MILP controller is applied (bottom).

Figure 4.6: Electricity purchase (c pur ), sale (c sale ), and production (c prod ) prices in the considered simulation
for the case study of Section 4.6.1 related to the control algorithm presented in Section 4.3.

4.6. S IMULATIONS AND COMPARISON
PARAMETER
Maximum ultracapacitor energy level x uc
Minimum ultracapacitor energy level x uc
Maximum battery energy level x b
Minimum battery energy level x b
Battery charging efficiency η c,b
Battery discharging efficiency η d,b
Ultracapacitor charging efficiency η c,uc
Ultracapacitor discharging efficiency η d,uc
Maximum interconnection power flow limit P grid
Minimum interconnection power flow limit P grid
Number of generators Ngen
Maximum power providable by the battery P b
Maximum power injectable to the battery P b
Maximum power providable by the ultracapacitor P uc
Maximum power injectable to the ultracapacitor P uc
Maximum power level of the dispatchable generators P dis
Minimum power level of the dispatchable generators P dis
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VALUE
50 [kWh]
2 [kWh]
250 [kWh]
25 [kWh]
0.90
0.90
0.99
0.99
1000 [kW]
-1000 [kW]
3
100 [kW]
-100 [kW]
25 [kW]
-25 [kW]
150 [kW]
6 [kW]

Table 4.3: Parameters of the microgrid used in the case study of Section 4.6.2 related to the control algorithm
presented in Section 4.4.

model structure but that does not make use of the if-then-else rules proposed in Section
4.4.1 and instead uses the standard MILP approach. We denote our proposed rule-based
controller as RBMPC, and we denote the other approach by MILP. In both cases we use
Gurobi [76] to solve the optimization problems, which are an MILP for the MILP case
and a linear programming problem for the RBMPC case.
We simulated different scenarios, with different renewable energy and loads profiles,
and compared the two approaches in terms of total computational time and total cost.
The profiles are taken from available data at [115]. We used data from the Netherlands,
choosing profiles of days between the 1st of May 2018 and the 30th of June 2018. The
value of the parameters in the microgrid that we consider are similar to the ones in [47]
and are reported in Table 4.3.
Moreover, we also consider different combinations of Tsf , Tss , Nf,s , Np and for each of
them we performed 20 simulations. Table 4.4 summarizes the simulation results and we
show, for each different combination, the mean value, maximum value, the minimum
value, and the standard deviation of both the total computation time and the overall
cost, i.e. the times shown in Table 4.4 are total CPU times. Moreover, we also show the
average MILP gap for the MILP approach. Note that the maximum value for the MILP
gap parameter was set in Gurobi to 10−4 . Note also that in the different cases (rows) of
Table 4.4 we used different days in the dataset that we indicated before, in order to test
our method with different renewables and load profiles. In other words, in the different
cases of Table 4.4, we did not always choose the data from the exact same set of days.
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Tsf

Nf,s ,

Nf,s = 6
Tsf = 5min

Nf,s = 12
Tsf = 5min

Nf,s = 30
Tsf = 1min

Nf,s = 60
Tsf = 1min

Tss

30min

60min

30min

60min

Np

6

24

48

12

6

24

48

3

12

Total CPU Time MILP [s]

Total CPU Time RBMPC [s]
µ = 5491

5 = 3308

σ = 1174

µ = 5899

4 = 8703

µ = 5494

σ = 1455

5 = 3286

σ = 1540

5 = 3297

σ = 1184

Cost RBMPC [e]

4 = 8680

σ = 1532

4 = 9087

5 = 3356

Cost MILP [e]

µ = 5896

5 = 3292

µ = 5589

σ = 1010

σ = 0.94

4 = 9072

σ = 1453

4 = 8870

5 = 3722

5 = 11.40

µ = 5533

5 = 3311

µ = 5801

σ = 1183

µ = 12.58

4 = 8811

σ = 1006

4 = 7497

5 = 3846

4 = 14.56

µ = 5808

5 = 3735

µ = 5825

σ = 4.39

4 = 7516

σ = 1188

4 = 9150

5 = 27.78

µ = 5837

5 = 3880

µ = 35.85

σ = 13.95

4 = 9207

4 = 44.20

µ = 103.97

5 = 68.97

µ = 40.69

σ = 9.10
5 = 18.83

µ = 12.99

σ = 2.25
5 = 10.09

σ = 12.77
4 = 20.38

µ = 12.79

5 = 10.88

σ = 2.82

(−68%)

4 = 15.80

5 = 19.04

GAP = 1.818·10−5

4 = 52.87

µ = 54.59

σ = 0.47
5 = 10.39
(−71%)

4 = 11.82

µ = 11.07

(−77%)

4 = 81.33

σ = 3.12

GAP = 2.295·10−5
µ = 38.19
5 = 33.34

GAP = 1.720·10−5

4 = 47.37

(+0.0%)

(+1.0%)

(−0.1%)

σ = 17.03

µ = 6252

σ = 1097

4 = 8373

µ = 6262

5 = 3846

σ = 1105

(−0.2%)
µ = 119.71

5 = 3885

(−66%)

σ = 59.34

4 = 8375

GAP = 0.563·10−5

(+0.1%)

σ = 48.11

4 = 112.62

(−65%)

µ = 304.12
5 = 203.90

GAP = 0.438·10−5

4 = 364.93

µ = 383.92

5 = 80.87

µ = 5703

5 = 3337

σ = 1550

(+0.2%)

4 = 131.04

(−69%)

5 = 238.43

σ = 1543

GAP = 1.927·10−5

4 = 464.99

µ = 5635

σ = 6.49

σ = 1541

5 = 61.53

4 = 9109

5 = 3292

µ = 72.59

5 = 3310

µ = 5676

4 = 79.45

4 = 9067

σ = 1534

4 = 9087

GAP = 2.504·10−5

σ = 84.26

µ = 5671

5 = 3295

µ = 368.46

σ = 3.98

4 = 9063

σ = 12.75

µ = 5683

σ = 1335

4 = 8893

µ = 5695

5 = 3332

σ = 1343

(+0.1%)

(+1.2%)
µ = 107.63

5 = 99.14

µ = 102.37

5 = 3375

(−73%)
σ = 98.51

4 = 8932

GAP = 0.828·10−5

(−80%)
σ = 82.72

4 = 111.56

5 = 182.03

µ = 393.95

5 = 190.30

4 = 627.44

4 = 479.61

µ = 452.62

5 = 66.27

(+0.2%)

4 = 112.44

(−77%)

5 = 201.17

GAP = 1.832·10−5

4 = 605.06

Table 4.4: Simulation results for different sampling times and prediction horizons for the case study of Section
4.6.2 related to the control algorithm presented in Section 4.4. The symbols µ, σ, 4, and 5 indicate the mean,
standard deviation, maximum, and minimum respectively, while ‘GAP’ indicates the average MILP gap. In
columns 5 and 7 the difference of performance in percentage between the MILP and RBMPC approach is
shown.
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MILP
RBMPC

P pTOT [kW]

TOT
P grid,sold
[kW]

TOT
P grid,purchased
[kW]

Total cost [e]

88557
88726 (+0.19%)

31687
31335 (-1.11%)

52012
51855(-0.30%)

4059.40
4081.00 (+0.53%)

Table 4.5: Simulation results comparison between RBMPC and MILP for a scenario with Nf,s = 12, Np = 12,
Tsf = 5min, Tss = 60min for the case study of Section 4.6.2 related to the control algorithm presented in Section
TOT , while P TOT is the total
4.4. The total power produced by dispatchable generators is represented by P dis
g,sold
TOT
power sold to the grid and P g,purchased
is the total power bought from the main grid.

This also explains why the costs differ considerably in the different rows of Table 4.4.
We can see that for the different combinations, the average total cost is very similar for
both the approaches and there is at most a 1.2% difference. However, the computational
complexity is greatly reduced, since in all the cases the average computational savings
are between 65% and 80%. As one could expect, the computational savings are larger
when the number of binary variables increases, i.e. when Nf,s or Np , or both, increase.
Nevertheless, the performance of our proposed controller does not show a decrease with
the number of binary variables. We also show in Figure 4.7 the average computation time
of the MILP and RBMPC approaches as a function of the number of binary variables in
the model.
Figure 4.9 shows the power flows within the microgrid for a representative scenario,
with Nf,s = 12, Np = 12, Tsf = 5min, Tss = 60min, i.e. the scenario in row 4 of Table 4.4.
Figure 4.8 shows, for the same scenario, the evolution of the level of charge of the energy storage systems in the two approaches, while Figure 4.11 shows the time-varying
price profiles. The electricity prices in this scenario are chosen in such a way that the
three cases in the rows of Table 4.1 are covered. It can be observed that the two different approaches reach a very similar solution. When c pur increases above c prod , all the
dispatchable units start producing power to satisfy the loads. Moreover, during the peak
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Figure 4.7: Average computation times of the MILP and RB-MPC approaches as a function of the number of
variables for the case study in Section 4.6.2 related to the control algorithm presented in Section 4.4.
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Figure 4.8: Stored energy in the storage devices for the case study of Section 4.6.2 related to the control algorithm presented in Section 4.4, when the RBMPC controller is used (top) and when an MILP controller is
applied (bottom), with Nf,s = 12, Np = 12, Tsf = 5min, Tss = 60min.

production hours of renewable energy sources, when c prod < c pur , both methods still
produce energy and they sell the excess energy to the main grid. What is different in the
two approaches is that the MILP algorithm charges the battery more often compared to
the RBMPC controller and it also utilizes more the ESSs. Apart from this, the two solutions are very similar. Indeed, Table 4.5 shows the comparison of different quantities for
the selected scenario, comparing the total produced power with the dispatchable genTOT
TOT
erators P dis
, the power acquired from the main grid P grid,purchased
, and the power sold
TOT
to the main grid P grid,sold
, and it can be noted that there is almost no difference between
the two approaches.
Note that in some cases, i.e. rows 4 and 5, the RBMPC approach achieves a lower cost
than the MILP one. This could in theory not be possible, since the RBMPC approach only
considers one case (due to the fact that binary variables are assigned) while the MILP one
considers many more cases for the values of the binary variables. This implies that the
cost of the MILP approach should be always lower than or equal to the one of the RBMPC
approach. However, it can happen that the MILP approach decides to charge the battery
more and, at the end of the simulation, the stored energy in the battery could be larger
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Figure 4.9: Power flows in the microgrid during the considered simulation for the case study in Section 4.6.2
related to the control algorithm presented in Section 4.4, when the RBMPC controller is used (top) and when
an MILP controller is applied (bottom) with Nf,s = 12, Np = 12, Tsf = 5min, Tss = 60min.

than the energy stored in the battery with the RBMPC approach. This means that there
is extra energy that has not been used or sold. Since the cost used in Table 4.4 does not
consider a terminal cost, it can then happen that the RBMPC approach has a lower cost
than the MILP approach, but this implies that a higher amount of energy is stored in the
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Figure 4.10: Load profile (P load ) and renewable sources generation profile (P res ) in the considered simulation
for the case study of Section 4.6.2 related to the control algorithm presented in Section 4.4, with Nf,s = 12,
Np = 12, Tsf = 5min, Tss = 60min.

Figure 4.11: Electricity purchase (c pur ), sale (c sale ), and production (c prod ) prices in the considered simulations
of Section 4.6.2 related to the control algorithm presented in Section 4.4.

battery in the MILP approach at the end of the simulation.
Note also that in some cases of Table 4.4 the minimum value for the CPU time of the
MILP case is smaller than the maximum value of the CPU time of the RBMPC. This does
not mean that the MILP was able to find a solution before the RBMPC approach in that
specific simulation. Indeed, this occurs because many simulations were performed for
each row and for certain profiles of P res and P load the solver could find a solution in less
time, both for the MILP and the RBMPC case. However, in each single simulation the
rule-based approach had a smaller computation time compared to the MILP one.
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4.6.3. S IMULATIONS FOR MPC WITH MACHINE LEARNING METHODS
S ETUP
Simulations were carried out solving problem (4.32) subject to the parameterization of
the binary variables through machine learning algorithms presented in Section 4.5. We
focus in particular on a Random Forest method (RF7) and a Decision Tree (DT7) with
maximum depth of 7 levels. The level of depth chosen is a trade-off between complexity and approximation power. As benchmarks, we consider both the full MILP original
problem and the rule-based (RB) approach presented in Section 4.4.
The classifiers were trained using 15725 samples obtained by solving the real MILP
optimization problem with Gurobi [76] and using real data for the renewable energy
sources and the loads from year 2018 taken from the ENTSO-E Transparency Platform
[115]. The amount of dispatchable units is set to Ngen = 3, the sampling time is Ts =
30 min, and the prediction horizon
of the
¡
¢ MPC algorithm is Np = 48, corresponding to
24h. This in turn results in 1 + 1 + Ngen · 48 = 240 binary variables in the optimization
problem. Moreover, each simulation considers a simulation time of one day. We note
that all the real value components of the dataset were normalized using the empirical
mean and standard deviation of the training set.
In order to assess the performance of the proposed methods, we performed 150 simulations using renewable sources and loads data from year 2017. Therefore, the total
Np

number of optimization problems solved for each method is 150 · Ts = 7200.
The training procedure of each classifier was performed on a machine equipped with
an Intel core I5 6200 and 16 GB of RAM. The implementation was carried out using the
Sci-kit [116] framework in Python 3.6. On the same reference machine the evaluation of
a single decision tree takes about 10−4 seconds.
R ESULTS
We compare three different measures for all the methods:
1. The average open-loop and closed-loop costs.
2. Computation time.
3. The amount of infeasible configurations for each method.
Regarding performance in terms of costs, Table 4.6 shows the average open–loop and
closed–loop cost associated to the binary configurations produced by the predictors.
Both the ML and the RB methods achieve a similar value of the open-loop cost, with
RB being slightly worse than the proposed approach. For what concerns the closed-loop
cost, the three parametrization methods achieve very similar performance to the MILP
one, with a difference of at most 1%.
Table 4.7 compares the on-line computation time of all the methods. Moreover, for
the ML and RB methods, we also show the percentage of decrease with respect to the
MILP case and the standard deviation. For all the parameterized methods, we can notice
a tremendous decrease in computation time of at least 95%. This was expected due to
the fact that the parameterized methods solve only one linear programming problem
instead of a mixed-integer one. The RF7 is slightly slower due to the fact that the tree
sampling in this case requires more time than for the DT7 case. Furthermore, in Figure
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MILP
RB
RF7
DT7

OL
4202.4
4341.1 (3.3%)
4270.5 (1.6%)
4296.5(2.2%)

CL
4737.0
4779.6 (0.9%)
4786.6 (1.0%)
4761.9 (0.5%)

Table 4.6: Average open-loop (OL) and closed-loop (CL) costs of each simulation performed for the case study
in Section 4.6.3 related to the control algorithm presented in Section 4.5. The percentage shows the increase
in the cost w.r.t. the MILP case.

MILP
RB
RF7
DT7

CPU time
7.75(2.80)
0.13(0.01)
0.43(0.01)
0.20(0.01)

% Decrease
98%
95%
97%

Table 4.7: Average computation time of each simulation performed for the case study in Section 4.6.3 related
to the control algorithm presented in Section 4.5, in seconds. The standard deviation σ is shown between
brackets. The percentage shows the decrease w.r.t. the MILP case.

% infeasible

RB
0%

RF7
1.02%

DT7
8.04%

Table 4.8: Amount of infeasible binary variable configurations for each parametrized method for the case study
in Section 4.6.3 related to the control algorithm presented in Section 4.5.

4.12 we show the elapsed run time of each single simulation, with the y-axis in log-scale.
We can notice from the figure that, while the MILP approach has a certain variability in
total simulation time, for the other methods run-time is quite constant.
A similar observation can be drawn from Figure 4.13, where the elapsed time of each
single optimization problem are shown and the x-axis is in log scale. It can be noted
that the optimization problems of the three parametric strategies have similar run times,
with the RF7 being slightly slower than the other two. Moreover, for each single strategy,
the computation times are quite uniform, i.e. they are close to a main value and there
are few points in the figure that deviate from that value. This happens irrespectively of
the open-loop cost, i.e. the open-loop cost does not seem to have an influence in the
overall optimization time, as if the computation times were constant. On the contrary,
for the MILP case, the computation times are much more scattered. In particular, there
are many simulations for which the computation time is larger and deviates from a main
cluster. Moreover, for large values of the open-loop cost, the computation time is smaller
and for some cases it has even a lower value than the RF7 strategy. Therefore, for the
MILP case, there seems to be a link between computation time and open-loop cost. A
possible explanation to this phenomenon could be that, when the open-loop cost can
be decreased because feasible solutions with lower cost are available, the MILP solver
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Figure 4.12: Elapsed run times of each single simulation in the case study in Section 4.6.3 related to the control
algorithm presented in Section 4.5. The y-axis is in log-scale.

Figure 4.13: Elapsed run times of each single optimization problem in the case study in Section 4.6.3 related to
the control algorithm presented in Section 4.5. The x-axis is in log-scale. A white ∗ shows the average value for
each strategy.

spends more time finding those solutions. When instead there are not many feasible
solutions, the MILP method takes less time to find the optimal solution because most of
the solution tree remains unexplored due to a larger amount of infeasible branches.
As already noted, the predictors might sometimes lead to infeasible configurations
for what concerns binary variables. To explore how often this happens, in Table 4.8 we
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show the number of infeasible binary variable configurations for all the parametrized
methods, i.e. how many times on average the override explained in Section 4.5.3 must
be applied. Note that the RB method does not yield infeasible configurations, as it was
designed using domain knowledge to avoid this issue. While both architectures are quite
robust to this issue, it is also apparent that in this case RF7 outperforms DT7.
D ISCUSSION
From the simulation results, it can be seen how the ML methods presented in this section
are able to achieve in general a similar cost and computation time w.r.t. the RB method.
Moreover, compared to the MILP method, the ML methods guarantee a much faster online run time while having just a slightly worse performance in terms of costs. However, the need of solving a complex MILP problem is removed, which in turn implies
that there is no need to include expensive and dedicated hardware, as well as complex
MILP solvers, in the controller implementation. Furthermore, the limited increase in the
cost and the huge decrease in computation time, together with the fact that there is only
a very small amount of domain knowledge needed to implement the controller, justifies
the adoption of this approach, even when compared to the RB method. Lastly, when
comparing the two ML methods in particular, i.e. RF7 and DT7, the DT7 method shows
a higher infeasibility rate and a higher average open-loop cost, but it also shows a lower
closed-loop cost and lower computation times w.r.t. the RF7 method. Given that the differences between the two methods are quite small, we can safely claim that the adoption
of either of the two methods, in this particular application, is equivalent.

4.7. C ONCLUSIONS
We have presented in this chapter an MILP microgrid energy management system MPC
problem. Given the fact that MILP problems are NP-hard and are difficult to solve, three
alternative approaches that use different parametrizations have been presented. The
first method, i.e. the parametrized MPC, parametrizes the continuous inputs in the models using ad hoc parametric functions and parametrizes the binary decision variables
with heuristic if-then-else rules. The second method, i.e. the rule-based MPC, takes a
different approach and parametrizes only the binary variables, using a set of if-then-else
rules that are based on variables that affect the feasibility and performance of the controller, i.e. prices and information on the microgrid balance. Then, the binary variables
are assigned a value before the optimization takes place and the continuous variables
are optimized. Therefore, the original MILP problem becomes a linear programming
one. Lastly, the third method, i.e. the machine-learning method, takes a further step
and improves upon the second method by keeping the same parametric structure, i.e. it
parametrizes only the binary variables and not the continuous ones. However, instead of
resorting to a set of rules, it parametrizes the binary variables by using a machine learning predictor, which is trained with data of previous simulations. Given some variables,
e.g. prices and initial state, the predictor can provide a prediction of the values of the
binary variables in the optimization problem.
The methods have been compared in a case study. Among the three methods, the
rule-based and the machine learning one appear to be the best ones due to the fact that
they achieve a large reduction in computation time while having almost no loss in per-
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formance. Moreover, the machine learning one has the advantage that it requires much
less domain knowledge than the rule-based method and it is also able to capture some
dynamics that the rule-based approach cannot detect. On the other hand, the rulebased method is in general faster than the machine learning methods discussed here,
it has a zero infeasibility rate and a closed-loop cost similar to the one of the machine
learning methods. Therefore, the rule-based MPC and the machine learning method
achieve a similar performance and the only trade-off between the two lies in the amount
of domain-knowledge necessary to build these parametrizations.
As a first step for extending the current work, the if-then-else rules can be extended
such that they can make use of the future values of the electricity prices and not of the
current one only. We also suggest, as future work, a comparison between the standard
MILP method and the proposed ones in this chapter on real test scenarios. Lastly, the
work presented here can be extended to an islanded microgrid.

5
S CENARIO - BASED CONTROL
STRATEGIES FOR HEATING SYSTEMS
IN BUILDINGS
5.1. I NTRODUCTION
In this chapter, we focus on a scenario-based MPC (SBMPC) algorithm that includes
a nonlinear system description through Modelica, which is an object-oriented and
equation-oriented language. On top of that, we adopt a scenario generation method
based on probability distributions that are obtained empirically. The nonlinear model
description improves the model accuracy with respect to the current literature of
SBMPC for heating systems in buildings, where a linearized model is used, as discussed
in Section 2.5. In addition, we consider a parametric Gaussian copula method to
generate scenarios that, unlike the existing methods in the literature, can satisfy the five
required properties for generating statistically significant scenarios presented in Section
5.4.1.
The outline of this chapter is as follows. In Section 5.2, we present the buildings under consideration, the modeling tools used for describing them, and the practical implementation of the control in the building heating systems. We present the control algorithms used to control the buildings in Section 5.3. In Section 5.4, the adopted scenario
generation method is presented. We present the simulation results on a case study in
Section 5.5 and lastly we present some conclusions and suggestions for future work in
Section 5.6.

5.2. P ROBLEM DESCRIPTION
5.2.1. B UILDING MODELING
We focus our attention on buildings with local heat production units. The type of build£
¤>
ing considered can be controlled via two control inputs, i.e. u = q heat q cool , where
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q heat is the amount of heating power transferred to the building and q cool is the cooling power provided to the building. We assume that the building can be modeled using
an RC-model with two states [82]: T zone as the average temperature of the rooms and
T wall as the average temperature of the walls. In addition, it is assumed that the building is affected by three disturbances: solar irradiance I , outdoor temperature T amb , and
building occupancy θ occ . While past measurements of external disturbances, e.g. solar
irradiance and outdoor temperature, are available, we do not have any measurement of
the occupancy of the building. Note that, although this is an important disturbance to
consider, it is also difficult to measure in practice [117, 118]. Therefore, to estimate the
models and to perform simulations, we assume that the occupancy profile is fixed for
every day of the week, i.e. we assume that the building is fully occupied during working
hours and empty outside of these hours.
We have modeled the buildings, comprising also the heating, cooling, and ventilation units, with Modelica [91, 92], which is an object-oriented and equation-oriented
language that is designed to model the behavior of physical systems. In particular, the
building is modeled based on an RC-model, which has been identified through the GreyBox Buildings toolbox [119]. The building has also been extensively validated using data
collected from the building as in [82, 119]. The adoption of Modelica in our work provides the benefit that we can improve the amount of detail and accuracy of the model
w.r.t. linear models. Note indeed that some of the HVAC components modeled in Modelica result in nonlinear model components. Many other works, e.g. [79–81, 83, 84], use indeed a linearization of a nonlinear model, while in this work we directly use a nonlinear
model and we obtain therefore a more meaningful representation of the real building.
Readers interested in the modeling procedure of buildings in a Modelica environment
are referred to [82, 119].
Note that other high-fidelity simulation tools exist for buildings, e.g. TRNSYS, EnergyPlus, ESP-r, IDA ICE; see [120, 121] for a complete review. However, compared to
Modelica, these software tools lack in modularity and flexibility for prototyping and simulating new technologies [122]. Moreover, the choice of Modelica is dictated by the need
of having a grey-box kind of model due to necessity of estimating certain parameters of
the model of the building, which are not known a priori. Indeed, as explained in [119],
whereas the aforementioned tools are white-box models that base the model only on
prior physical knowledge of the building, Modelica is a grey-box modeling method, ideal
for a situation in which prior knowledge of the building is not comprehensive enough
for satisfactory white-box modeling. Lastly, note that Modelica is an open-source tool,
making it particularly appealing for commercial applications. For more advantages of
using Modelica for HVAC systems we refer to [123].

Remark 5.1. Note that, as mentioned in [119], the actual difference between white-box
and grey-box models does not depend on the complexity of the model. For instance, even
a single-state model can be a white-box model if all its parameters can be determined
based solely on physical knowledge. However, a white-box model becomes grey when one
or more of its parameters are estimated based on a fitting of the model to measurement
data, irrespectively of the complexity of the white-box model.
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5.2.2. C ONTROL LOOP AND PRACTICAL IMPLEMENTATION
Many operations have to be carried out on the real building by the building energy management system; the overall control scheme is presented in Figure 5.1. The operations
are [82]:
1. Monitoring: some measurements, e.g. water temperature, heat flux, are performed
by the building energy control and management system.
2. Forecasting: weather forecasts are obtained as will be explained in Section 5.4.
3. State estimation: some states, e.g. internal wall temperatures, cannot be measured
and therefore they have to be estimated.
4. Optimization of the control inputs: an optimization problem, explained in Section
5.3, is solved at every time step with a sampling time of 1h. Only the first inputs
of the optimal sequence are applied to the system. Every 5 minutes the optimal
control trajectories, computed in the last optimization problem, are interpolated
and they are sent to the building. Then, after a sampling time of 1h, the building
is sampled again and a new optimization problem is solved, as standard in MPC
controllers.

5.2.3. L INEAR MODEL ESTIMATION
To compare the nonlinear MPC controller with the standard linear counterpart, a linear
model of the building is needed. To obtain such a model, data from the building is considered and a linear model is estimated using linear least squares. In detail, considering
the same inputs, state space, and disturbances as for the nonlinear model (see Section
5.2.1), we can assume that the building dynamics are of the form:
·

 amb 
· zon ¸
· heat ¸
Tk
zon ¸
Tk+1
Tk
qk

+ B 1 cool + B 2
Ik  ,
wall = A
Tk+1
Tkwall
qk
θkocc

(5.1)

where k is the current time step. Then, using the same data as those used for estimating
the Modelica nonlinear model, we solve a linear least square problem and estimate the
values of the matrices A, B 1 , and B 2 , using the mean absolute error as key performance
indicator.

5.3. C ONTROL ALGORITHMS FOR BUILDING HEATING SYSTEMS
In this section we present the two considered control algorithms, i.e. MPC and SBMPC.

Chapter 5

The real building is therefore controlled by all these steps, carried out in sequence.
The optimization problem discussed in step 4 above is solved through JModelica.org
[124]. The direct collocation method is used to discretize time so that the optimization
problem is reduced to a nonlinear programming problem [125]. CasADi [126] is used to
obtain the first-order and second-order derivatives of the expressions in the nonlinear
programming problem with respect to the decision variables, which are required by the
solvers used by JModelica.org. We use IPOPT [127] to solve the nonlinear programming
problem, together with the sparse linear solver MA57 [128].
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Objective
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Optimal
control
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Building

Disturbances
Figure 5.1: Scheme of the MPC framework (adapted from [82]).

5.3.1. D ETERMINISTIC MPC
In deterministic MPC, the external disturbances, e.g. temperature or solar irradiance,
are predicted with a point forecasting technique and in which the predictions are then
assumed to represent the expected value. In this context, at each time step, the MPC
optimization problem is solved, yielding an optimal control input sequence. Then the
first element of the sequence is applied, the horizon is moved one time step forward, the
system is sampled, and the optimization problem is solved again.
Given the task of controlling the room temperature in a building while minimizing
both the energy costs and the discomfort, the optimization problem solved at each time
step by a deterministic MPC controller is given by:
minimize
T1 , q 1 . . . ,
q N , T N +1

N ³
X
k=1

´
d
α J kd + J ke + α J N
+1

(5.2a)

subject to
T1 = T 1 ,

(5.2b)

Tk+1 = f (Tk , q k , d k ), for k = 1, . . . , N ,

(5.2c)

heat
0 ≤ q kheat ≤ Q max ,
cool
0 ≤ q kcool ≤ Q max ,

for k = 1, . . . , N ,

(5.2d)

for k = 1, . . . , N

(5.2e)

where:
• N is the prediction horizon.
£
¤
• The system state is defined by Tk = Tkzon , Tkwall , with Tkzon and Tkwall as the room
and wall temperatures.
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• T 1 is the current temperature.
£
¤
• The input control is defined by q k = q kheat , q kcool , with q kheat and q kcool as the input
heating/cooling power.
• F kheat and F kcool are additional internal model variables, which are respectively the
emission profile for heating and the emission profile for cooling.
• The cost function represents the weighted average between the energy cost J ke and
the discomfort cost J kd :
£
¤2
J kd = max(Tkzon − Tkmax , 0) + min(Tkzon − Tkmin , 0) ,
!
Ã cool
heat
heat
qk
gas q k
pro q k
e
emi heat
emi cool
ele
J k = ck
+ βheat heat + βheat F k + βcool F k
,
gas + c k
η cool
ηk
Q max

(5.3)
(5.4)

and α is the weighting parameter that defines the relative importance of each cost.
• The building dynamics are defined by (5.2c), where f (·) represents the Modelica
model of the building.
£
¤
• The building is disturbed by some uncontrollable inputs d k = Tkamb , I k , θkocc , with
Tkamb the ambient temperature, I k the solar irradiance, and θkocc the building occupancy.
• The upper and lower comfort temperature bounds are respectively defined by
Tkmax and Tkmin , and they vary in time depending on the hour of the day and day
of the week.
heat

cool

pro

are constant parameters
, and βemi
• Q max , Q max , ηcool , ηgas , c gas , c ele , βheat , βemi
cool
cool
and are, respectively, the maximum heating power, the maximum cooling power,
the cooling efficiency, the heating efficiency, the gas cost, the electricity cost, the
nominal auxiliary power for heat production, the nominal auxiliary power for heat
emission, and the nominal auxiliary power for cooling emission.
It is important to note that the role of the discomfort cost J d is to act as a soft constraint so that it penalizes the deviations of the temperature outside the comfort bounds,
but remains 0 if the temperature is inside the bounds. The controller can therefore
choose to implement a control action that leads to a violation of the comfort bounds
if this can lead to a lower total cost.

5.3.2. S CENARIO - BASED MPC
It is possible to improve the performance of the deterministic MPC of the previous subsection by considering several scenarios of the disturbances acting into the system, i.e.
by using a scenario-based MPC (SBMPC) approach, explained in Section 2.3.4. For the
control inputs, two possibilities exist: different control inputs for each scenario (as with
the system state) and shared control inputs across all scenarios. While the former has
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the advantage of being less conservative, the latter is more computational friendly. For
the case of building control, we consider shared control inputs across all scenarios as
this reduces the computational complexity.
N
Defining M different scenarios for the disturbances. i.e. d = {{d k,i }iM=1 }k=1
, the
SBMPC optimization problem solved at each time step can be defined as:

minimize
T1 , q 1 . . . ,
q N , T N +1

¶
´
N ³
M µX
X
d
e
d
α J k,i
+ J k,i
+ α JN
+1,i

(5.5a)

i =1 k=1

subject to
T1,i = T 1

for i = 1, . . . , M ,

Tk+1,i = f (Tk,i , q k , d k,i ), for i = 1, . . . , M , for k = 1, . . . , N ,
heat
≤ Q max ,
cool
0 ≤ q kcool ≤ Q max ,

0 ≤ q kheat

(5.5b)
(5.5c)

for k = 1, . . . , N ,

(5.5d)

for k = 1, . . . , N

(5.5e)

where:
h
i
zon
wall
zon
wall
• Tk = Tk,1
, Tk,1
, . . . , Tk,M
, Tk,M
represents the state at time step k for each of the
M scenarios.
h
i
amb
occ
• d k,i = Tk,i
, I k,i , θk,i
, represents the i th disturbance scenario at time step k.
• The cost function is the average across all scenarios of the weighted average between the energy cost J ke and the discomfort cost J kd of each specific scenario.
£
¤
• The input control q k = q kheat , q kcool remains equal across all scenarios.
• The building dynamics are represented independently for each scenario by (5.5c).
• The constant parameters are the same as for deterministic MPC.
Remark 5.2. Note that other stochastic formulations exist that can provide guarantees on
the feasibility of the obtained solution, e.g. [83]. In this chapter, we adopt the scenariobased formulation (also referred to as multi-scenario formulation) presented in Eq. (5.5),
as in e.g.[129–132]. The implementation of other stochastic methods will be investigated
as future work.

5.3.3. L INEAR MPC
We compare in this chapter the SBMPC approach against two linear MPC approaches:
deterministic linear MPC and linear SBMPC. In both cases, the optimization problems
solved at each time step are the same as the ones defined by (5.2) and (5.5) but with a minor modification. Instead of using the nonlinear dynamics (5.2c) and (5.5c), the dynamics are given by the linear model defined in (5.1). In particular, for linear deterministic
MPC, constraint (5.2c) is replaced by:

5.4. S CENARIO GENERATION

Tk+1 = A Tk + B 1 q k + B 2 d k ,
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for k = 1, . . . , N .

(5.6)

Similarly, for linear SBMPC, constraint (5.5c) is replaced by:
Tk+1,i = A Tk,i + B 1 q k + B 2 d k,i , for i = 1, . . . , M , for k = 1, . . . , N .

(5.7)

5.4. S CENARIO GENERATION
In this section, we introduce an overview of scenario generation methods in the context
of building heating systems and then we describe the scenario generation method for
modeling the uncertainty in the system disturbances.

5.4.1. O VERVIEW OF SCENARIO GENERATION METHODS
In the context of building heating and cooling systems, scenarios of random variables
that represent a time series, e.g. the ambient temperature for the next 24 hours with an
hourly resolution, need to satisfy several important properties:
1. They should not be restricted to the standard assumption of Gaussian disturbances or forecasting errors as this assumption is quite restrictive when it comes
to generating scenarios of heteroscedastic1 processes, e.g. solar irradiance [83].
2. They need to consider the multivariate distribution of the random variables: if the
scenarios represent a random variable at different time steps in the future, these
scenarios should model the time correlation of the random variable [133].

4. The methods to generate scenarios should be flexible enough to explicitly model
the dependencies of the random variables on exogenous variables.
5. The computational burden of the scenario generation method should be small
enough for online implementation.
In the context of building heating, while some scenario generation methods have
been considered [79–81, 83, 84, 89, 134–139], they have some issues. In particular, some
of the existing methods [80, 134, 135] rely on the standard Gaussian assumptions, i.e.
assuming that the distribution of the disturbances is Gaussian. In addition, although
several works have addressed the Gaussian assumption [79, 81, 83, 84, 89, 136, 138, 139],
they still lack some of the required properties.
More specifically, in [79], a method based on empirical copulas2 is proposed. While
the method satisfies some properties, e.g. time correlation of Property 2, it fails to satisfy
1 A time series variable is heteroscedastic if the variance changes throughout time.
2 A copula is a multivariate cumulative distribution function for which the marginal probability distribution of

each variable is uniform. Empirical copulas can be built based on observations.
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3. Besides modeling the time correlation, they should explicitly take into account
the different time dependencies and avoid modeling a stationary distribution; i.e.
the distribution of the random variable might be different at different hours of the
day/times of the year or might change with the prediction horizon.
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Properties 3 and 4, as 1) it does not model time dependencies but it assumes that the
marginal distributions are stationary, i.e. it assumes that the n-hours ahead distribution
of a variable is the same at any hour of the day, any day of the year, and 2) the scenarios are generated based on historical data without considering other possible exogenous
inputs. The analytic copula method proposed in [84] overcomes some of these issues as
it explicitly models the time dependency during a day. However, the distributions are
still stationary, i.e. they vary within a day but they do not change along a year, and they
are just based on historical data. In [81] and [83], a more general approach is proposed
where different copula families are tested, and the best one is selected to generate scenarios. While the method is very general and flexible, it requires to compare different
copula functions and can easily become computationally infeasible for online MPC. In
addition, the method has two other problems: 1) the best copula is selected by comparison with the empirical copula of [79]; hence it has the same problems as [79]; 2) the
time dependencies considered by the copulas are not specified. In [136], scenarios from
a weather meteorological model are employed. Even though the goal of weather models
is to provide an ensemble of scenarios, in order to capture the uncertainty in the prediction, the method displays systematic errors, e.g. biases, and requires the application of
advanced post-processing techniques based on copulas, e.g. ensemble copula coupling
[140]. In [89], a method based on sampling historical forecasting errors is considered. Although the method attempts to capture time correlations using an auto-regressive error
model, that model is only used for error correction. In particular, to generate scenarios,
the method samples from past historical errors and fails to satisfy Properties 2-4. The recursive feasibility and stability of SBMPC is studied in [138]. To do so, it is assumed that
disturbances can be represented by a scenario tree, and that the tree can be built using empirical samples from a discrete set of disturbances. This approach is clearly very
limited as it does not satisfy Properties 2-4, and in addition it could have scalability and
computational issues when the number of random variables increases. In [139], scenarios are used for modeling electricity prices and independent optimization problems are
solved for each scenario; however, the method cannot be used to model uncertainty in
other variables, e.g. weather variables, and fails to satisfy Properties 2-4. In [137], two
Poisson distributions are employed to model the occupancy in the building as a birthdeath process. While such a parametric distribution might work well for occupancy, it
has the same issue as the Gaussian assumption: the method cannot be generalized to
other random variables.

5.4.2. M ATHEMATICAL FRAMEWORK
Let us define a random variable X representing some time series process, e.g. external
temperature, and the related multidimensional random variable X representing the distribution of X in a time grid of N time steps, i.e. X = [X 1 , . . . , X N ]> . To generate scenarios,
we will build the multivariate distribution of X, i.e. F (X), such that by sampling from F (X)
we can obtain M scenarios of X, i.e. x1 , . . . , xM .
When building F (X), in order to satisfy the desired properties of scenario generation
methods discussed in Section 5.4.1, several requirements need to be satisfied:
• F (X) should not be substituted by the N marginal distributions F (X 1 ), . . . , F (X N ).
In particular, F (X i ) only represents the distribution of X at time step i but does
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not consider the correlation between X 1 , . . . , X N .
• F (X) should not be built as a stationary distribution. Instead, the distribution
should consider the properties of the underlying random variable X. For example, in the case of temperature or solar irradiance, it is clear that F (X) should vary
with the day of the year d as well as the hour of the day h, i.e. F (X) := g (X, d , h).
• The distribution F (X) should include any external dependency of X. For instance,
if X represents the ambient temperature, F (X) needs to explicitly include the dependency w.r.t. factors like the solar irradiance I , i.e. F (X) := g (X, I ).

5.4.3. S CENARIO GENERATION METHOD
The proposed method consists of four steps:
1. generation of a deterministic forecast x̄ of the random variable X.
2. Generation of the marginal probability distribution F (X 1 ), . . . , F (X N ) along the
horizon N .
3. Generation of the distribution F (X) using a parametric copula and the marginal
distributions F (X 1 ), . . . , F (X N ).
4. Sampling of scenarios using F (X).
In this section, we explain the four steps in detail.
D ETERMINISTIC FORECAST
To build a deterministic/point forecast of the variable of interest we employ state-of-theart methods for each variable of interest:
• For the solar irradiance, we consider two forecasting models: the deep neural network proposed in [141] for the short-term predictions (anything below 6 hours),
and the European Centre for medium-range weather forecasts [142] for long-term
predictions (anything beyond 6 hours). This distinction is made because, in the
context of solar irradiance forecasting, machine learning techniques perform better for the short-term horizons, while numerical weather forecasts are more accurate for long-term horizons [141].
• For the ambient temperature, considering the recent success of deep learning
methods for forecasting energy-related variables [143–149], we develop a deep
neural network that uses as inputs the past values of the ambient temperature,
the European Centre for medium-range weather forecasts of the solar irradiance,
and the hour of the day and day of the year when the prediction is made.
It is important to note that the others steps to generate scenarios are independent
of the method employed to generate the deterministic forecast. As such, while we advocate for the use of state-of-the-art methods to obtain the most accurate scenarios, the
proposed methodology would work as well with any deterministic forecast.
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M ARGINAL DISTRIBUTIONS
To generate the marginal distributions, considering its simplicity yet high accuracy, we
employ the method of empirical quantiles [150]. In detail, to generate the marginal distribution F (X ) of a variable X , the simplest version of this method consists of four steps:
1. Consider deterministic forecasts of the variable in the past, e.g. x̄ 1 , . . . , x̄ n .
2. Compute the associated historical forecasting errors of the deterministic forecast,
e.g. ²̄1 , . . . , ²̄n .
3. Compute the empirical quantiles of the errors and its associated empirical distribution F (²).
4. Model the marginal distributions as the point forecast plus the marginal distribution of the errors:
F (X ) = x̄ + F (²).
(5.8)
For the proposed approach, the method is modified in order to model non-stationary
marginal distributions. In particular, defining X k,h,d as the random variable representing the value of X at time h of day d that is predicted k time steps ahead, the proposed
approach estimates each distribution F (X k,h,d ) independently. To do so, the distributions of the errors ²k,h,d are independently considered for each time step k, time h, and
day d , and the distribution F (X k,h,d ) is estimated accordingly:
F (X k,h,d ) = x̄ k,h,d + F (²k,h,d ).

(5.9)

In addition, the following two considerations are made:
• To obtain non-stationary marginal distributions that explicitly model the variability of the distribution along a year, F (²k,h,d ) is estimated using the historical errors
of the last 60 days.
• To explicitly model the variability of the distribution with the time step and time of
the day, F (²k,h,d ) is estimated using past errors of the deterministic forecasts made
for the same time step k and time of the day h. Particularly, F (²k,h,d ) is estimated
using the historical errors ²̄k,h,d −1 , ²̄k,h,d −2 , . . . , ²̄k,h,d −n .
S CENARIO GENERATION
To generate scenarios, we consider the marginal distributions estimated in the previous
step, a Gaussian copula function [151], and Sklar’s Theorem [152, 153]. In detail, let us
define an N -dimensional random variable X = [X 1 , . . . , X N ]> , its associated marginal
distributions by F 1 (X 1 ), . . . , F N (X N ), and the multivariate cumulative distribution by
F (X 1 , . . . , X N ). If the marginals are continuous, Sklar’s theorem states that there is a
copula function C : [0, 1]N → [0, 1] such that:
¡
¢
F (X 1 , . . . , X N ) = C F 1 (X 1 ), . . . , F N (X N ) .

(5.10)

In other words, assuming that the copula function is known, the multivariate cumulative
distribution can be easily obtained if the marginal distributions are known.
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Using this theorem, to generate scenarios, we employ one of the copulas functions
that requires fewer computational time: the Gaussian copula. This selection is done
for three reasons: i) the method to generate scenarios should be fast for real time implementation; ii) empirically, we observed the Gaussian copula to be a good fit for the
disturbances considered, i.e. ambient temperature and irradiance; iii) the Gaussian copula is a well established method that has been used to generate scenarios for different
energy-based application [151, 154].
For the sake of simplicity, we refer to [151] for details on the estimation of the Gaussian copula. Here, we simply outline the main idea of the method, which relies on two
random variables transformations:
1. Given a marginal distribution F i (X i ) of a random variable X i , we can define a new
random variable Yi = F i (X i ). Due to the properties of F i (X i ), it can be easily shown
that Yi ∼ U [0, 1], i.e. the new random variable follows an uniform distribution.
2. Given a random variable Yi ∼ U [0, 1], we can obtain a random variable
Zi = Φ(Yi ) ∼ N (0, 1) that is normally distributed, where Φ is the probit function.
j

j

j

Then, to generate M scenarios of X at time step k, i.e. {x̄k = [x̄ k,1 , . . . , x̄ k,N ]> }M
, the
j =1
method consist of 6 steps:
1. Consider historical realizations xk−1 , . . . , xk−n of X.
2. Use the marginal distributions F 1 (X 1 ), . . . , F N (X N ) to map each historical sample xi = [x i ,1 , . . . , x i ,N ]> to a transformed sample zi = [z i ,1 , . . . , z i ,N ]> , where
Zi , j ∼ N (0, 1).

4. Draw M samples z̄1 , . . . , z̄M from the normal distribution N (0, Σ).
5. Use the inverse of the two transformations applied in the previous steps to map
the samples z̄1 , . . . , z̄M to a set of samples x̄1 , . . . , x̄M .
j

j

j

The samples x̄1 , . . . , x̄M represent the M required scenarios {x̄k = [x̄ k,1 , . . . , x̄ k,N ]> }M
. In
j =1
particular, they follow the original marginal distributions F 1 (X 1 ), . . . , F N (X N ) and they
model the inter-correlation in X = [X 1 , . . . , X N ]> .
As it was done for the marginal distributions, the Gaussian copula method is modified in order to model non-stationary distributions. In particular, defining X k,h,d as the
random variable representing the value of X at time h of day d and predicted with a
time step k, the proposed approach estimates the copula function with the two following modifications:
• To have non-stationary distributions that explicitly model the variability of the distribution along a year, the copula function is estimated using the historical data of
the last 60 days.
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3. Compute the covariance matrix Σ of the historical transformed samples
zk−1 , . . . , zk−n .
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Temperature scenarios
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Figure 5.2: 10 temperature scenarios obtained with the method presented in Section 5.4.
Solar irradiance scenarios
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Figure 5.3: 10 solar irradiance scenarios obtained with the method presented in Section 5.4.

• To explicitly model the variability of the distribution with the time step and time
of the day, the copulas are estimated using marginal distributions F (²k,h,d ) that
explicitly model the distribution of X as a function of the time step ahead k, time
of the day h, and day of the year d .
We show 10 temperature scenarios and 10 solar irradiance scenarios in Figures 5.2
and 5.3, respectively.
P ROPERTIES
As a final remark, we outline how the proposed method satisfies each of the required
properties mentioned in Section 5.4.1:
1. As the distribution of the disturbances are modelled with non-parametric quantile
functions, the generated scenarios are not restricted to the standard assumption
of Gaussian forecasting errors.
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2. Since the scenarios are generated using a copula function, the multivariate distribution is explicitly considered and the scenarios include the time correlations.
3. As the marginal distributions are estimated for each hour of the day, time of the
year, and time-step, the resulting multivariate distribution is non-stationary and
captures all time dependencies.
4. As the point forecast considers external factors, the method is not limited to historical data of the variable of interest.
5. Since the Gaussian copula and the empirical quantile methods have low computational costs, the method is especially suitable for online optimization.
Remark 5.3. In this chapter, we present the properties that scenario generation methods
should have and we adopt the method presented in Section 5.4.3, qualitatively comparing
it against other scenario generation methods used in the literature for SBMPC. However, a
comparative and quantitative study comprehending several scenario generation methods
aimed at investigating which one provides the best control performance is out of scope for
this work and is left as a suggestion for future work in Section 5.6.

5.5. C ASE STUDY
We present in this section the simulation results in which we compare 5 different controllers:
• PIMPC: perfect-information MPC, obtained using the values of the measurements
of the disturbances as if they were known in advance. It is of course not possible to
have the real values of the actual measurements beforehand in practice, but this
controller can be used as a benchmark for the best achievable performance.
• DetMPC-Mod: deterministic MPC controller presented in Section 5.3.1 together
with the nonlinear Modelica model.
• SBMPC-Mod: SBMPC controller presented in Section 5.3.2 together with the nonlinear Modelica model.
• DetMPC-Lin: deterministic MPC controller together with the linearized model
presented in Section 5.2.3.
• SBMPC-Lin: SBMPC controller together with the linearized model presented in
Section 5.2.3.
First, the simulation setup is discussed, then the results and the discussions are presented.

5.5.1. S ETUP
The closed-loop control is applied as explained in Section 5.2.2, i.e. the MPC problem
is solved and the first input is applied to the system. Then, for all the controllers, the
evolution of the real building between sampling times is simulated through Modelica.
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Figure 5.4: Comfort bound profiles.

Parameter
heat
Q max
cool
Q max

Value

Definition

[W]

500000

Maximum heating power
Maximum cooling power

[W]

300000

ηcool

2.5

Cooling efficiency

gas

0.9

Heating efficiency

η

c gas [e/kWh]

0.041

Gas cost

c ele [e/kWh]

0.15

Electricity cost

Table 5.1: Parameters of the building considered in Section 5.5.

We perform simulations for one month in the winter season with 1h sampling time,
i.e. we solve 24·30 = 720 optimization problems for each controller. The prediction horizon is Np = 24, i.e. corresponding to one day. We consider a building in Brussels, Belgium, with 7 floors and a total surface of 10000 m2 . A nonlinear model of the building
is estimated using Modelica based on the considerations of Section 5.2.1 and using data
from the real building. In addition, a linear counterpart is also estimated using regular
linear least squares as explained in Section 5.2.3. The heating system consists of 2 gas
boilers of 500 kW each and one chiller of 500 kW. We consider thermal comfort bounds
that change throughout time: the thermal comfort bounds are set to 21.5°C and 24°C
during occupation hours and 18°C and 26°C during the non-occupation hours. In Figure 5.4 we show the temperature comfort bound profile. Furthermore, the building occupancy profile follows the temperature comfort bounds, i.e. the occupancy is set to 1
when the comfort bounds are tight and 0 when they are loose. The solver and software
tools used to solve the optimization problem are as explained in Section 5.2.2. Lastly, the
parameters of the building presented in Section 5.3 are shown in Table 5.1.
For what concerns the SBMPC controllers, we choose 4 different number of scenar-
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ios: 10, 20, 30, and 40. Moreover, we perform the same simulations varying the parameter α in Section 5.3, choosing the values in the set {50, 100, 200, 500}; recall that
a higher α means a higher focus on the comfort of the occupants rather than on the
economical cost. We indicate respectively by SBMPC-Mod-α and by SBMPC-Lin-α, α ∈
{50, 100, 200, 500}, the SBMPC controller with the Modelica model and the SBMPC controller with the linear model, considering α scenarios.
Note that in this section we consider simulations instead of experiments in the real
building. This implies a small difference w.r.t. Figure 5.1: instead of applying the inputs
to the real building, we simulate its behavior through Modelica for one time step. In
other words, the loop is “closed” by applying the optimal inputs to a model of the building rather than to the building itself, using the actual values of the disturbances.

5.5.2. R ESULTS AND DISCUSSION
We focus our attention on four different aspects:
1. an analysis for the performance of the controller with different values of α.
2. a comparison between the nonlinear Modelica model and the linear model.
3. a comparison between SBMPC strategies and DetMPC strategies.

Lastly, we pick a single representative optimization result and discuss it in more detail.
We show the results of the simulations in Figures 5.5–5.7 and Tables 5.2–5.3. In Table
5.2, we show the total closed-loop costs for each strategy and each different α. In Table 5.3 we show instead the total amount of discomfort using the unit measure K · h, as
standard in the literature [79, 80, 82, 89], i.e. we show the integral of the comfort bounds
violation. Figure 5.5 reports the results presented in Table 5.3 in a graphic way. Lastly,
Figures 5.6–5.7 show respectively the temperature evolution and the heating power for
the representative simulation.
P ERFORMANCE WITH DIFFERENT VALUES OF α
From Tables 5.2-5.3 we can notice that the larger the α, the larger, in general, the total
costs and the lower the discomfort. This is as expected, since the role of α is to penalize
the discomfort and a larger value means that we aim for a lower discomfort. We have
noticed through simulations that a value of α lower than 50 yields a very high and unacceptable discomfort cost, while for values larger than 500, the energy costs increase
highly without yielding a high reduction in the discomfort costs. Therefore, we focus our
analysis on α in the range [50, 500].
We can observe that for α = 50 the discomfort cost is high and that the comfort could
be improved by increasing α. For α ≥ 100, the discomfort reaches acceptable levels and
this happens by consuming a larger quantity of energy in heating and thus increasing
the total costs. However, the small decrease in the discomfort between the case α = 500
and α ∈ {100, 200} does not seem to justify the large increase in the total cost observed
for α = 500. Therefore, we can claim that for this case study the optimal values for α are
in the range [100, 200].
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4. a comparison between the SBMPC strategies with different numbers of scenarios.
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PIMPC
DetMPC-Lin
DetMPC-Mod
SBMPC-Mod-10
SBMPC-Mod-20
SBMPC-Mod-30
SBMPC-Mod-40
SBMPC-Lin-10
SBMPC-Lin-20
SBMPC-Lin-30
SBMPC-Lin-40

α = 50
8104
13334
11910
8994
9909
9417
10517
8519
8810
11477
8485

α = 100
9009
20408
14405
10590
10767
11088
11950
15856
13556
11485
12957

α = 200
10573
34089
18633
14032
13778
13204
14014
19203
22498
23472
30431

α = 500
18913
78138
32739
20603
21247
21466
20888
48135
51368
49714
33807

Table 5.2: Total closed-loop costs for all the controllers considered in the case study.

PIMPC
DetMPC-Lin
DetMPC-Mod
SBMPC-Mod-10
SBMPC-Mod-20
SBMPC-Mod-30
SBMPC-Mod-40
SBMPC-Lin-10
SBMPC-Lin-20
SBMPC-Lin-30
SBMPC-Lin-40

α = 50
49.2
167.7
105.3
69.0
79.7
71.7
90.8
115.6
100.8
147.7
124.2

α = 100
36.7
156.1
87.0
58.0
53.2
60.8
67.2
129.9
114.7
98.8
105.2

α = 200
29.6
147.7
73.6
51.6
49.4
50.0
50.6
90.9
103.3
115.3
113.7

α = 500
36.0
145.9
66.9
41.9
43.5
42.4
41.7
105.9
112.9
111.6
83.4

Table 5.3: Total amount of discomfort measured in Kh.

C OMPARISON BETWEEN THE NONLINEAR M ODELICA MODEL AND THE LINEAR MODEL
We can notice from Table 5.2 that all the controllers that use Modelica perform better
than their linear counterparts for all the values of α ≥ 100. For α = 50, instead, the linear
model yields a lower total cost than the one of Modelica in 3 out of 5 cases. Nevertheless,
the linear model might seem to work better, i.e. to have a lower total cost, for a lower
value of α because it always allows a large discomfort cost and cannot manage well to
keep the temperature within or close to the comfort bounds. The total cost can therefore
be lower than for the Modelica-based controllers, but this occurs because the energy cost
is low and the discomfort cost, although high, does not have a large impact on the total
cost for a small α. This also explains why for a large α, i.e. for α ≥ 100, the total cost of the
linear model controllers can become much higher than the one of the controllers that
use Modelica. Indeed, the discomfort cost is always high, but the larger penalization,
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Figure 5.5: Discomfort for the different controllers as a function of α. The x-axis is in log-scale.

i.e. the larger α, makes the total cost much higher. This fact can also be observed from
Table 5.3, where we can notice that in all the cases these values are much higher for the
controllers with the linear models than for the respective controllers with the Modelica
models, resulting therefore in a much higher discomfort for the linear models. The same
conclusions can be drawn by analyzing Figure 5.5, which displays the results of Table 5.3.
We can observe that the controllers that use the Modelica model behave always better
than the respective controllers with the linear model and that the discomfort yielded by
the linear model is very high. Therefore, we can conclude that the controllers using the
nonlinear Modelica model outperform the controllers using the linearized model.
C OMPARISON BETWEEN SBMPC STRATEGIES AND D ET MPC STRATEGIES
By checking again Table 5.2 we can compare the SBMPC strategies to the DetMPC ones.
One main fact to note from the table is that, for all the values of α, the SBMPC controllers
perform always better than their deterministic counterpart, both for the linear and the
nonlinear Modelica model. Moreover, the SBMPC controllers yield a large relative reduction in the cost w.r.t. the corresponding DetMPC controller, both for the linear and the
Modelica models. Furthermore, by checking Table 5.3 and Figure 5.5, we can notice that
the SBMPC strategies perform better than the DetMPC ones also in terms of comfort.
Therefore, the SBMPC controllers outperform their DetMPC counterparts.
C OMPARISON BETWEEN THE SBMPC STRATEGIES WITH DIFFERENT NUMBER OF SCENARIOS

By analyzing the results of Table 5.2, there does not seem to be a value for the number
of scenarios that outperforms the other values, i.e. the performance does not seem to
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increase by increasing the number of scenarios. In 2 out of 4 columns of Table 5.2, the
SBMPC-Mod-20 achieves the best performance among the SBMPC-Mod controllers and
in the other two cases, a number of scenarios equal to respectively 10 and 40 appear to
be better than the other values. Therefore, increasing the number of scenarios does not
seem to directly lead to a decrease in the total cost. Similar conclusions can be drawn for
the SBMPC-Lin case. This could be related to the fact that, while increasing the number
of scenarios makes the system more robust to disturbances, it also makes the problem
more complex to solve. Therefore, it might happen that, the larger the number of scenarios, more local minima exists, and the more likely it is that the solver converges to a
suboptimal local minimum.
R EPRESENTATIVE SIMULATION
In Figures 5.6–5.7 we show respectively the temperature evolution and the heating power
of one week of simulation with 20 scenarios and α = 100, for SBMPC-Mod, SBMPC-Lin,
and PIMPC. For Figure 5.6, we also show the lower comfort bounds.
By analyzing the two figures, we can note that, as expected, the PIMPC manages to
keep the temperature within the comfort bounds with a minimum amount of heating
power by using the actual values of the future disturbances. For what concerns SBMPCMod and SBMPC-Lin, we can notice in Figure 5.6 what we have already underlined in
Section 5.5.2, i.e. the fact that a controller that uses a linear model is not able to keep
the temperature within the comfort bounds. We see indeed that, for most of the time,
SBMPC-Lin yields the temperature profile that has the lowest value. This can also be
observed from Figure 5.7, where we can notice that SBMPC-Lin heats less than SBMPCMod and it also starts heating later. On the other hand, SBMPC-Mod is able to maintain
a larger temperature in the room and to be closer to the temperature comfort bounds.
It also uses more heating power, as can be seen from Figure 5.7, which leads to a higher
energy cost compared to SBMPC-Lin, but also leads to an overall lower total cost and
higher comfort from the user, as can be observed from Tables 5.2–5.3.
S UMMARY
We can summarize the results of the simulations in four observations:
• too low values of α, i.e. α < 100, yield a high discomfort and too high values of α,
i.e. α ≥ 500 yield a very large total cost without improving too much the comfort. A
trade-off between the two costs seems to be well achieved by a value of α between
these two extrema, i.e. α ∈ [100, 200].
• The controllers that use Modelica outperform the linear model in almost all the
cases. For the only three cases in which the performance of a controller using the
linear model is better, the linear model also yields a very large value of discomfort.
• SBMPC always outperforms DetMPC strategies, for both the linear and the Modelica models.
• Increasing the number of scenarios does not seem to lead to a large decrease in
the cost. This can be related to the fact that increasing the number of scenarios
also increases the optimization complexity.
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Figure 5.6: Temperature evolution during one week of a representative simulation with α = 100 and 20 scenarios for the SBMPC controllers.
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Figure 5.7: Heating power during 1 week of a representative simulation with α = 100 and 20 scenarios for the
SBMPC controllers.

5.6. C ONCLUSIONS
We have presented a stochastic SBMPC controller using a Modelica nonlinear model
that can be applied to building heating in buildings and that overcomes the limitations
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of both deterministic and linear MPC approaches. The building under control is affected
by several external disturbances, e.g. outside temperature, solar irradiance, and we have
proposed a new approach for generating disturbance scenarios that, unlike the existing
methods from the literature, satisfies all the important properties of scenario generation
methods for time series data. This proposed scenario generation method can be used in
the SBMPC controllers.
To analyze and study the control approach, we have considered a real building and
performed several simulations to compare the controller that uses the linearized model
against the controller that uses the nonlinear model, different cost weights in the MPC
cost function, deterministic MPC against SBMPC, and lastly different number of scenarios. Based on the results, we showed that SBMPC together with the Modelica model
outperforms both the SBMPC controller with the linearized model and the deterministic controllers with the Modelica model, i.e. that the proposed approach outperforms the
two standard methods used in the literature.
As future work, the proposed controller can be tested in experiments on the real
building. On top of that, other objectives can be included in the control action, e.g. CO2
reduction or increasing the energy flexibility. Moreover, a quantitative study on different
scenario generation methods can be considered, in order to assess how the performance
of the controller varies with the different scenario generation methods, as well as other
stochastic MPC algorithms. Lastly, the occupancy in a real building could be characterized so as to generate scenarios also for this disturbance and include it in the SBMPC
controller.

6
C ONCLUSIONS AND FUTURE
RESEARCH
6.1. C ONCLUSIONS
In this thesis, we have considered different control algorithms and modeling frameworks for energy systems. We have presented three different topics, with two of them
devoted to power networks and one to thermal networks. The research has addressed
some challenging topics in energy systems. For what concerns electrical networks, we
have considered the problem of partitioning and stabilizing a large-scale power system.
The goal of the partitioning algorithm is to minimize the coupling among subsystems
in order to facilitate the task of a non-centralized controller. Moreover, we have also
presented three different parametric controllers to reduce the computational complexity of energy management system problems in microgrids. This is particularly relevant
for microgrids due to their description through MLD models that contain binary variables. Indeed, these variables make the optimization problem of optimization-based
control algorithms a mixed-integer one, which is NP-hard and has a worst-case exponential complexity. Lastly, we have focused on thermal networks for office buildings, in
which the goal is to control the temperature in a room while guaranteeing comfort and
low energy consumption. To achieve this goal, we have designed a scenario-based MPC
controller that, together with a Modelica nonlinear model, outperforms the controllers
available in the literature.
The main contributions of this thesis are based on the core Chapters 3–5 and are
listed here as follows:
• Development of a partitioning algorithm for large-scale switching systems and
a stabilizing controller through decentralized control
We have presented a partitioning algorithm for large-scale switching systems, e.g.
power networks. The algorithm can be applied online when the switching system changes mode and it minimizes the coupling between subsystems and the
91
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imbalance in the number of components per subsystem by following a multi-step
procedure. The partitioning algorithm can be applied so that any kind of noncentralized controller can be applied to the system; nevertheless, we have applied
a decentralized state-feedback controller that is able to stabilize the overall system
even in the case of switching. We have shown an application of these algorithms
to a frequency regulation problem in a power network, showing that stability is
achieved with our method even in the case of faults, while without using the proposed method, instability arises.
• Design of parametrized controllers to reduce the computational complexity of
energy management system problems in microgrids
Due to the mixed-integer model of microgrids, we have focused on different ways
to parametrize the controllers so as to alleviate the computational complexity
of the underlying MPC problem related to the energy management system.
The inputs of the system and in particular the binary variables in the model
are parametrized so as to reduce the number of optimization variables in the
control problem. Three different methods have been proposed: a parameterized
MPC control law using parametric functions, a rule-based MPC controller using
if-then-else rules that assign the value to the binary variables in the model, and a
machine learning approach that learns from past simulations to once again assign
values to the binary variables. The methods have been analyzed in a case study
and compared, showing a large decrease in computation time, ranging from 70%
to 98%, with almost no loss on performance.
• Development of a scenario-based MPC controller using a nonlinear model for
heating systems in office buildings
We have proposed a scenario-based MPC controller for minimizing the energy
consumption in the building while maximizing the comfort of the occupants. The
model of the building is nonlinear model and it is obtained through Modelica,
which allows us to obtain a more detailed model description. Moreover, we have
also adopted a scenario-generation method that overcomes some of the limitations of the other methods usually employed in the literature. In particular, it produces statistically significant scenarios by taking into account the different time
dependencies, forecasting time steps, and allowing the dependency of the scenarios on exogenous data. The results of a case study based on simulations show that
our controller, using the Modelica model and a scenario-based MPC controller, is
able to achieve a better performance compared both to deterministic controllers
and stochastic controllers that use a linear model.

6.2. R ECOMMENDATIONS FOR FUTURE RESEARCH
In this section, we provide some recommendations for future research that can extend
and improve the works presented in Chapters 3–5.
i) Dynamic partitioning
The method presented in Chapter 3 considers online partitioning, but each time a
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new mode appears in the system, the partition is computed from scratch. Instead,
the proposed method can be extended by considering a dynamic partitioning approach, i.e. a method in which nodes are moved dynamically between subsystems
and the partition is adapted to the new mode. In other words, a new partition can
be obtained by performing small modifications to the current partition by moving
nodes from one subsystem to another. A possible way to achieve dynamic partitioning and to keep stability when a new mode appears would be to modify only
subsystems that become unstable after the switching of the mode and to keep intact the subsystems that remain stable.
ii) Experimental studies
The results presented in this thesis are all related to computer simulations. In particular, Chapter 3 deals with frequency regulation of power networks, Chapter 4
deals with microgrids, and Chapter 5 with a large building. Therefore, experimental studies could be carried out in order to assess the benefits of the proposed approaches on a real grid or building. In both cases, the actual values of the external
disturbances and prices should be considered. The proposed methods should be
compared with standard ones of the literature, as done in Chapters 4–5, by selecting experiment days in which the external disturbances are similar.

iv) Distributed control approach for a multi-microgrid setting
Related to the previous point, another possible research direction could be to consider a system with multiple interconnected microgrids. Then, the parametrized
control method for energy management systems that has been presented in this
thesis can be extended to specify when it is necessary to island a microgrid, or in
which direction should microgrids exchange power. The system could be therefore controlled in a multi-level way, with an upper layer taking care of assigning
the value to the binary values in the system and a lower layer based on local controllers that control the power flows in each single microgrid.
v) Evolve rules to assign the value to binary variables using grammatical evolution
In Chapter 4, we have presented three different parametrizations to assign the
value to binary variables in the microgrid model. Another possible method to do
so is to use grammatical evolution [155–157], which is part of the genetic programming framework. The idea is to build a set of rules, for e.g. exchanging electricity
with the utility grid, based on a predefined grammar, and to evolve them according
to the genetic programming framework, allowing thus operations like crossover,

Chapter 6

iii) Integrated control for microgrids and buildings
Control algorithms for microgrids have been presented in Chapter 4 and for buildings in Chapter 5. In order to improve the overall efficiency of energy systems,
the buildings and the microgrid could be merged into one larger system in which
each element interacts with the other ones and a common goal is pursued. For
what concerns the controllers for such a system, possible solutions are a hierarchical controller, with a centralized controller for the overall system and a distributed/decentralized controller for the subsystem, or a fully distributed controller in which each the agents cooperate to pursue a global goal.
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mutation. The if-then-else rules would be then obtained as an optimization procedure based on grammatical evolution and they would likely improve the performance of the domain-knowledge-based method of Chapter 4 given that they
would include rules that are undetectable to a human operator.

vi) Controller parametrization for other hybrid systems
While the focus of this thesis is on energy systems, the parametrization methods
presented in Chapter 4 could be applied to other systems. For instance, in traffic
systems, only the parametrized MPC method presented in Section 4.3 has been
previously applied on such systems, but not the rule-based method presented in
Section 4.4 nor the machine learning method of Section 4.5. Extending the rulebased method presented in Section 4.4 to another kind of system would require a
whole new redesign of the if-then-else rules, based on the system under consideration. The same holds for the machine learning method of Section 4.5, because,
while past simulations could be still used to train machine learning methods, it
might not be trivial to define which could be the inputs for such methods that result in a good performance.
vii) Islanded microgrids
The microgrid considered in Chapter 4 is in grid-connected mode. Removing this
connection, i.e. considering an islanded microgrid, is an interesting challenge to
study. Indeed, it entails many modifications to the algorithms presented in Chapter 4, especially for what concerns the parametric and rule-based method of Sections 4.3–4.4. In particular, the functions of the parametrized method of Section
4.3 and the rules of Section 4.4 should be revised and partially redesigned. For
what concerns the machine learning method of Section 4.5, instead, the approach
would not require any change except for the removal of the variables related to the
main grid from the input and output vectors and the update of the training and
validation data. However, the effectiveness of the approach in the new case study
would still have to be assessed.
viii) Event-triggered control for microgrids
This thesis considers two different kinds of controllers, i.e. MPC and decentralized state feedback. Another possible control framework that can be applied to
these systems is event-triggered control. While in this thesis the sampling of the
systems under control is assumed to be predetermined and constant, in the eventtriggered control framework the control action is updated only after certain events
occurs. This would help to alleviate the amount of communication needed in the
system, as information would be exchanged only when necessary in order to update the control action. Moreover, even-triggered control would be particularly
beneficial in a case in which a multi-microgrid or multi-building setting is considered due to the large amount of communication required in these applications.
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