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Abstract

The focus of the thesis is on sensors and wearable-based activity recognition and
behaviour analysis for Users’ quality of life improvement. The topic has been ad-
dressed considering two different fields of study, one concerning Building Energy and
Comfort Management (BECM) Systems while the other is more concerning health-
care and well-being aspects. Indeed, it has been largely demonstrated how human
behaviour could impact, on different levels, the quality of life. Some behaviours di-
rectly affect individuals’ life, not only considering their psycho-physical health state
but also as a result of the big impact that human behaviour has even on Earth’s
life.

Therefore, the main idea of this thesis is to analyse and monitor how human
habits can have an impact on people’s quality of life, inside their homes and also
during their everyday activities outside the home. With this scope in mind, this
thesis presents three different systems and prototypes that, thanks to different kind
of sensors and devices, can understand, recognise, and learn users’ habits and act
accordingly to their preferences. People often undertake incorrect behaviour without
realising it, so the final purpose of these systems is to provide information and advice
to users in order to make them aware and correct some of these wrong behaviours
or encourage positive ones.

The first system is based on a sensor network inside a Smart Home that recognises
and predicts all the activities that are going on inside the home and, considering
energy prices and user preferences, can schedule the appliances of the home in or-
der to guarantee energy savings while at the same time ensure the comfort of the
inhabitants.

The second system is an appliance power profiling system that analyses the
power consumption data collected by smart meters, identifies which features are
most relevant for the specific appliance and extracts the set of power consumption
profiles that are associated with each appliance. This kind of solution is necessary
so that the Smart Home system can learn and know the power consumption profiles
over time of the appliances present in the building.

Finally, the third system is concentrates more on understanding how some activ-
ities, especially those related to fit activities and sleeping habits, may be reflected
in how the user evaluate their own well-being and stress levels. This system makes
use of simple data collected thanks to commercial wristbands and the study is fo-
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cus on find a correlation between this activity data and the score obtained from a
self-evaluation questionnaire about the well-being as users themselves perceive it.

The results obtained and illustrated in this thesis show how a more conscious
use of energy inside buildings, achieved thanks to accurate scheduling of household
appliances, can guarantee energy savings while considering the user’s comfort and
preferences. The study on appliance profiling made it possible to recognise different
usage profiles relating to specific appliances in order to have different consumption
profiles, each represented by a reference consumption profile that can be later used
for making consumption predictions or for giving advice to users. The system based
on common and commercial smart objects of daily use shows that a strong corre-
lation can be found between simple data obtained from these devices about daily
activities and the level of stress and well-being of users.



Introduction

0.1 Purpose

Human behaviour can affect, on different levels, the quality of life. Some examples of
this statement can be found in data related to energy consumption inside buildings,
that estimate how this kind of consumption constitutes more than 30% of the global
energy consumption, with the 24% referring to the domestic environment and the 8%
referred to public buildings [8]. Furthermore, studies on developing countries report
an average annual increase in consumption of 2.2% over the last decade [8]. Apart
from the economic savings that can be obtained thanks to more accurate energy
management inside buildings, the discussion on the impact that such consumption
has on the environment is also of great importance. Another known behaviour that
can be shows as an example and that has negative impacts on environmental and
human health is the overconsumption of meat, which seems to be associated with
the risk of several diseases and it is a major source of greenhouse gases [36].

Furthermore, many research works are focused on better understanding how some
behaviours, or changes in someone’s habits, can be triggers for recognising particular
illness symptoms like depressive disorder or Alzheimer’s Disease [63] [62]; especially
for elderly people, many works propose assistance and healthcare systems or early
recognition systems for degenerative diseases to ensure a better quality of life [11]
[51]. These are just a few examples, but there are many other habits and behaviours
for which a correlation with psycho-physical illness has been found. People often
keep on carrying on these harmful habits simply because they are not fully aware of
them or because they do not know which would be a better alternative.

Therefore, monitoring, learning and understanding human habits and how they
influence one person’s life, is very important and useful in order to provide users
with tools that can make them aware of wrong behaviours and give them some kind
of suggestions to discourage these habits and consolidate virtuous ones.

The main objective of the research project proposed here is the development of
a solution that knowing users’ daily habits is able to define which activities have
positive or negative impacts on users’ quality of life and advise them to undertake
one of the positive activities when a bad emotional state is encountered. To this
aim, it is necessary to develop systems that using environmental monitoring sensors
(e.g. motion, door, temperature, and pressure sensors) and wearable and portable
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devices (smartphones, smartwatches or other devices attached to the user’s body
provided with accelerometer, gyroscope, heart rate sensor) are able to monitor users,
identify harmful and virtuous habits or abnormal behaviours, create users’ profile
and provide them with relevant suggestions in order to improve their quality of life,
both in the short and long term. This kind of system should learn the tasks and the
activities that users perform during the day and how they can impact their lives.

The subject of this thesis concerns Human Activity Recognition and Prediction.
In particular, the research conducted so far has been focused on monitoring the
activities carried out by users inside their homes, considering a sensor-based Smart
Home scenario, and studying their habits to propose an energy efficient system.
The system considers energy consumption and the user’s comfort and preferences
to find the best scheduling program for household appliances. More precisely, the
scheduling is evaluated considering time-of-use tariffs (also dynamic) and Renewable
Energy Sources (RES). Another aspect of this research work is focused on establish-
ing whether these daily activities could be monitored using the most modern smart
objects of daily use (smartphones, smartwatches, smartbands) and integrating them
inside the same home scenario based on ambient sensors. User profiles will then be
more accurate thanks to this new information and this data will be used not only
in the energy consumption field but also to establish whether there is a correlation
between individual activities and particular stress levels or emotional states that
have effects on users’ psycho-physical health.

The ultimate goal of this thesis is to propose an initial analysis of different so-
lutions and methodologies that can lead to the creation of a system, as transparent
and non-intrusive as possible for users, which can monitor them in their daily life,
analysing their habits and behaviours, and which promotes the development of good
practices that have positive effects both on their physical and mental health and the
surrounding environment as a response to better use of energy sources and con-
sumption. In order to do this, the first step is to decide how to monitor users,
recognise certain activities and predict their behaviour. The creation of the first
system proposed in this thesis responds to this need, suggesting a system based
only on environmental sensors and particularly suitable for users less inclined to
particular technologies and continuous monitoring. The proposed approach recog-
nises the activities carried out every moment and can also predict future activities
based on the user’s previous knowledge and preferences. In this way, it is able to
propose a scheduling program for controllable home appliances based on the user’s
habits, and that can also guarantee the proper use of energy, oriented towards saving
and based on renewable resources, whenever it is possible to use them. A second
point, which is strictly connected to the first, has also been addressed in the research
work. In order to better characterise users’ habits relating to the use of household
appliances, the system needs to establish different consumption profiles connected
to the devices. Here the primary purpose was to obtain consumption patterns di-
rectly linked to individual appliances to have differentiated profiles, which can later
be easily associated with specific activities relating precisely to the use of these par-
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ticular devices. Finally, the third idea comes from the willingness to answer the
question of whether the use of simple commercial wearable devices could document
certain habits and their effects on the psycho-physical well-being of users. With a
view of not wanting to alter people’s habits and wanting to realise systems that can
be adapted to everyone, it was decided to investigate the usage of commercial smart
bands and smartwatches, already owned by them, to monitor their activities. The
data obtained from these subjects have been analysed to find correlations between
certain habits and their state of stress and well-being, as perceived by themselves.
The ultimate goal will be to create a unified system that can monitor users at var-
ious stages of the day, at home, thanks to the network of sensors and commercial
wearable devices, and outside the house through the same wearable, and can guar-
antee more accurate profiles. Thanks to this added information, users’ habits will be
more exhaustive and can be more easily linked with information about their health.
The users’ preferences and profiles obtained from the home system could change
automatically according to the users’ inferred stress level or well-being state. In
addition, by recognising from the users’ attitudes and their vital signals detected
from wearable if they are in a particular emotional state and knowing from their
preferences what is the most suitable solution to improve this state, the system
could act on the surrounding environment by intervening appropriately to improve
the situation. For example, if the user is sad and the system detects this emotional
state, it could turn on a particular kind of music that it is known, from the user’s
habits, that it makes the user feel better.

0.2 Structure of the Document

The remainder of this thesis is organised as follows: chapter 1 gives a brief descrip-
tion of Home Automation and Smart Buildings and an overview of some key aspects
of Human Activity Recognition and Prediction systems, reviewing different appli-
cations, sensors and Machine Learning (ML) and Deep Learning (DL) approaches
useful for the discussion. Section 1.4 describes the State of Art related to BECM
systems, Section 1.5 illustrates some solutions for the problem of appliance profiling
and describes clustering methods, while Section 1.6 addresses the descriptions of
solutions for health monitoring systems based on wearable devices.

Chapter 2 presents a BECM system that, thanks to a sensors network placed
inside a Smart Home, is able to learn and understand the user’s daily activities
and predict future activities and energy consumption of the appliances related to
these activities in order to make a scheduling of the appliances that can guaranteed
energy savings and at the same time take into account user’s comfort thanks to the
knowledge of their preferences and habits.

Chapter 3 describes a system that identifies different appliance profiles based
on power consumption data gathered by smart meters. These profiles help obtain
information on different consumption cycles related to the user’s habits on the usage
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of a specific appliance so that the system can later present this information directly
to the user or use it to make a more accurate evaluation of the appliances’ scheduling.

Chapter 4 proposes a system that makes use of popular commercial wrist-wearable
devices to find the correlation between the monitored users’ activities and their stress
and well-being conditions, as subjectively self-assessed by them. This Section aims
to present a methodology to automatically learn which users’ activities can be associ-
ated with positive and negative health conditions so that they can be later predicted
as soon as the first signals are detected by wearable devices.

In chapter 5, there is a summary of the results of this thesis, with the conclusions
and an outlook of possible future works.



Chapter 1

Background and State of the Art

1.1 Home Automation

The term home automation indicates an interdisciplinary science that involves en-
gineering, information technology, safety and design and that deals with the study
of technologies applied to homes or, more generally, to the buildings in which the
main daily activities of a person take place, with the intent to improve the quality
of their life [95]. Therefore, a home automation system needs to be able to integrate
the traditional aspects of a building with new and advanced technologies, with the
aim of creating a cooperative environment where it is possible to optimise the man-
agement of the building itself, improving its safety, comfort and energy efficiency.
Hence, the most important aspect of this kind of system lies in the possibility that
all the devices involved can communicate with each other, exchanging data and
information relating to the context in which they are located.

Initially, the term home automation referred only to the field of Smart Homes.
In general, a Smart Home can be defined as a home environment equipped with
technologies that allow inhabitants to program and control the electrical devices to
facilitate the carrying out of many activities (for example, switching on the lights,
activating certain household appliances, checking the heating and air conditioning
systems, etc.), to ensure safety (anti-intrusion, fire, gas leakage systems, etc.), to
allow remote connection for ensuring assistance services (such as remote assistance,
etc.) and energy monitoring to obtain the best levels of efficiency and savings with-
out affecting the comfort expectations of the inhabitants [7], [97], [84]. Nowadays,
however, all aspects related to the management and monitoring of buildings other
than just homes, such as hospitals, schools, offices and companies, fall within the
scope of home automation. The term Building Automation or Smart Building refers
to this type of environment in which a large part of people’s daily activities take
place, where technological systems, computer networks and communication networks
are managed in a coordinated and integrated way to pursue the same objectives of
comfort, safety and energy efficiency, in order to improve the quality of living and
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working within them [94],[21].
To obtain this kind of solution, the systems must be able to perform partially

autonomous functions in response to changes in the surrounding environment or
based on specific user preferences, obtained as direct information or by self-learning.
However, the intelligence of a Smart Home does not reside in the intelligence of
the individual devices that compose it, but it is the central control that behaves
intelligently, evaluating how to react with respect to the information that comes
from all around.

The central aspect is that a home automation system, although it was created
to improve the life that takes place inside it, is not and cannot be a closed system.
Instead, it is open to other systems and the outside world. Possible users’ remote
management must be guaranteed, by completing the system with one or more com-
munication systems to the outside world through, for example, warning messages,
emails, web pages and applications.

1.2 Internet of Things

The interoperability between different elements and the remote management of
buildings are made possible thanks to the Internet of Things (IoT), which refers
to a global network composed of heterogeneous objects that collaborate and make
their resources available to achieve a common goal [5]. In this kind of ubiquitous
network, all objects are identifiable and acquire intelligence thanks to the exchange
of information interposed between them. They are objects that take on identity
and personality, able to change their behaviour based on information received from
the outside and which, thanks to the network connection, can therefore assume an
active role. The definition of ”things” or ”objects” includes elements of different
categories, such as devices, equipment, tangible products and materials, and ma-
chines. All these real objects also acquire an electronic and virtual identity thanks
to technologies such as Radio-frequency Identification (RFID) [91], or QR codes
[71] with the possibility in this way to communicate with mobile devices such as
smartphone and tablet.

Since the advent of the most advanced IoT, a series of connected equipment
and devices have been included in home automation. Thanks to integrated and
advanced programming, new services and opportunities with increasingly automated
and intelligent functions have been included inside homes and buildings. It is clear
that the IoT is a central paradigm for creating and distributing home automation
solutions and is increasingly present in users’ homes. In the last decade, the Smart
Home has been able to experience actual exponential growth thanks to the digital
evolution of recent years: houses have become truly intelligent thanks to the IoT,
mobile technologies, the cloud and Artificial Intelligence (AI).

The first step for realising this complex system can be defined pre-IoT and in-
cludes the ”simple” sensor network. Sensors are devices capable of obtaining infor-
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mation concerning the environment surrounding them according to specific appli-
cation areas. Some sensors deal, for example, with the collection of data related
to temperature and humidity, noise level, the presence and movement of people,
and air quality. The data they perceive is then translated into a digital signal that
can be measured and analysed. The actual IoT transition really occurs only when
this information is shared on the network. Then a new series of phases follow this
step, referring to the manipulations that are done on the data, in which the devices
connected to the network are able:

1. to collect and communicate data,

2. to detect and transfer several types of different data,

3. to select data locally to transfer only those of interest that correspond to
certain requirements,

4. to collect data, select it and carry out certain actions based on the indications
received,

5. to collect and select data and transmit only those necessary for the projects in
which they are involved, carry out actions based on indications received and
carry out actions according to a local processing capacity.

It can be highlighted how the IoT is nothing more than the natural passage of the
Internet from a connected network of end-user devices to a direct interconnection
network of physical objects capable of communicating and cooperating without hu-
man mediation. Therefore, these connected and communicating smart objects give
life to valuable and exciting solutions but can also lead to vulnerability problems
that derive from putting this information into the network. The significant aspects
to consider are privacy or cyber-attacks by malicious people, which would put in-
formation about people’s habits and preferences or the management and control of
a company at risk.

1.3 Human Activity Recognition and Prediction

The field of Human Activity Recognition (HAR) has become one of the main research
topics in the last years due to the applicability of HAR solutions to many different
disciplines and also due to the fact that all kinds of smart devices and sensors are
increasingly common and available in everyday life. Many possible applications
exist in different fields, such as health, security and surveillance, entertainment, and
intelligent environments. Table 1.1 gives an overview of these applications, with
some examples of the fields of use in which the HAR study is configured.

In order to create a system capable of recognising the activities performed by
users, a complex process must be carried out, characterised by various tasks that
could be summarised in the following points:
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Categories Use Fields

Security & Surveilleance
Airports, train stations, banks,
parking monitoring systems

Smart Environments
Smart Home, Smart Offices, hospitals, meeting rooms,

classrooms, smart automotive

Health Care
Monitoring of physical activities, living assistance,

health condition assessment

Military Field Monitoring of soldiers in battlefields

Pervasive Computing &
Mobile Computing

Context-aware systems, content distribution service systems,
energy efficiency

Table 1.1: Overview of Application Fields for HAR Systems

• choosing sensors and devices and their disposition;

• collect and elaborate all the data obtained from the sensors;

• create models for the activities that make the system able to do manipulation
and elaboration on the data with some kind of awareness;

• choosing and implementing algorithms that can deduce the activities from
sensors’ readings.

Various technologies and methods can be used as a solution depending on different
systems and problems; therefore, HAR can be classified according to the different
choices that can be made to manage the solutions.

The first classification depends on the type of technologies and sensors that are
chosen; therefore, it is possible to identify a division in vision-based or sensor-based
activity recognition. In the first case, the solutions involve the use of cameras to
monitor the performance of the activities and hence the data that will be analysed
are images and video sequences. In this case, different computer vision techniques,
such as extraction of features, segmentation of movements and tracking of actions,
are used to analyse the acquired data.

Instead, in the second case, the solutions make use of a distributed sensor network
for monitoring the performance of the activities. The data analysed in this case are
temporal sequences of events linked to sensor state changes and/or values relating
to certain parameters monitored by a specific sensor. Within this solution, there
are then two other sub-categories: one relating to sensors that must be physically
worn by a person to keep track of his movements (wearables, and it is also possible
to use a smartphone or smartwatch for this purpose), the other relating to a sensor
network arranged all around the observation environment. These sensors should be
placed in strategic points or attached to specific objects to monitor the interactions
of a person with the surrounding environment.
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The second classification concerns the way in which the model for activity recog-
nition is created; therefore, there are data-driven activity recognition models that
are created from the analysis of the acquired data, or knowledge-driven activity
recognition models, that firstly consider common sense and logic and then adapt
the models to the acquired data. The first method uses the data of a pre-existing
dataset and applies data extraction and ML techniques to understand the activities
performed by the user and create probabilistic or statistical classification models.
The second method, on the other hand, builds conceptual models of the activities
of interest by making use of semantic and ontologies techniques.

The difference between the possible sensor choices basically concerns three as-
pects:

• the type of data that is obtained and how it is analysed, video cameras and
wearable give high and medium level information while binary sensors provide
lower level information;

• the level of intrusiveness, therefore, in terms of how much they can infiltrate
user’s privacy;

• the position with respect to the user himself.

Table 1.2 highlights these different characteristics by sensor type.

Sensor
Position relative

to Users
Data

Semantic Level
Intrusiveness

Body Sensors
Sensing on

user
High Very intrusive

Cameras External sensing High Very intrusive

Wearable Hybrid Medium Mildly intrusive

Microphones External sensing Medium Intrusive

Motion Sensor External sensing Low Non-intrusive

Magnetic Switches External sensing Low Non-intrusive

Vibration Sensors External sensing Low Non-intrusive

Force Sensors External sensing Low Non-intrusive

Flow Sensors External sensing Low Non-intrusive

Temperature, Humidity & Light
Sensors

External sensing Low Non-intrusive

Table 1.2: Characteristics of some common sensors

The data collected from sensors are analysed using data mining and machine
learning techniques to build activity models that are used as the basis of behavioural
activity recognition.
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With reference to modelling and classification methods, researchers have investi-
gated the recognition of the activities using a variety of mechanisms, such as Näıve
Bayes classifiers, Markov models or Support Vector Machines (SVM). Recently many
studies have been addressing DL methods to recognise different types of human ac-
tivities or to make predictions about their behaviour. Long-Short-Term-Memory
(LSTM) Network, that are a special kind of Recurrent Neural Network (RNN), are
largely used, considering home scenarios, both to the forecasting of power consump-
tion [2] [50], and to make predictions on future activities performed by residents [24]
[83].

In the next Subsections it is possible to find more details about some of these
ML and DL techniques, especially those related to the rest of this discussion.

1.3.1 Machine learning

ML is a branch of AI and Data Science that, thanks to particular techniques and
algorithms, can make systems capable of automatically learning, predicting and im-
proving their performance on specific tasks over time, without or with very little
human intervention, through some type of training experience. The ML algorithms
are designed to emulate human intelligence by learning from the surrounding envi-
ronment. Starting from a given volume of empirical or historical input data from a
dataset that constitute the samples of the problem, ML algorithms can give a spe-
cific output value that aims to categorise new samples or to measure the distance
from desirable outputs, thank to statistical analysis on the training data given as the
input. Therefore, ML algorithms allow the systems to make decisions automatically
based on received inputs.

In ML, tasks are generally classified into broader categories. These categories are
based on the way in which the learning phase is approached or on how the feedback
on learning is passed to the developed system. The following four different methods
can therefore be identified [73]:

• supervised learning: the inputs are given to the systems as a tuple (fi, ti),
where fi is the set of features that described the sample i and ti represents the
target output associated with that sample. The learning algorithm is trained
on this dataset and will subsequently be able to define other inputs fi with
an unknown target based on the similarities with the training data and assign
the most appropriate tag output accordingly. Therefore the algorithm learns
to recognise untagged elements, to catalogue them according to the tags of
the tagged elements. The tags can be either labels or numerical values. In the
first case, the supervised learning problem is a classification problem; in the
second case, the learning problem is a regression problem;

• unsupervised learning: the input data are presented without target outputs.
The aim of this kind of algorithm is to analyse the unlabelled data and find
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hidden patterns that allow grouping together into clusters the data based on
similarities and common properties;

• semi-supervised learning: this solution is a medium between supervised and
unsupervised learning. During the training, one part of the samples is made up
of labelled data while another, larger part is made up of unlabelled data.It is a
useful solution when the dataset does not have enough labelled data for using
supervised learning algorithms. Also, this combination of labelled and unla-
belled data can improve the performance of the system, making the problem
more general;

• reinforcement learning: the algorithms work according to a trial and error
logic, using a feedback loop of rewards and a reinforcement function that
measures the degree of success of an action or decision against a predetermined
goal.

Considering HAR problems, supervised learning is a common solution used for
recognition based on sensors and wearable devices. In the next Subsections, a brief
description of some typical ML algorithms is made, focused on solutions that have
been useful for the purposes of this thesis.

Näıve Bayes Classifiers

The Bayesian classification is a statistical technique which determines the probability
of an element belonging to a certain class [20]. The technique is based on Bayes’
theorem, which defines the conditional probability of one event with respect to
another according to the following equation:

P (A|B) =
P (B|A) ∗ P (A)

P (B)
(1.1)

where P (A|B) denotes the conditional probability ofA with respect toB, P (B|A)
denotes the conditional probability of B with respect to A, while P (A) and P (B)
indicate the two a-priori probabilities referred to the two events.

In the context of HAR, Näıve Bayes Classifiers is a widely used algorithm in
which it is assumed that the effect of an attribute on a class is independent of the
values of the other attributes [49]. This assumption, called conditional independence
of classes, is intended to simplify calculations, and it is precisely for this reason that
the algorithm is called ”na ı̈ve ”( textit naif).
Each instance is represented by a vector of n features, i.e. independent variables,
defined as x = (x1, x2..., xn), and the class to which this instance belongs is deter-
mined by finding the maximum conditional probability of a certain class Ck with
respect to the other k − 1 classes. The conditional probability will then be:

P{Ck|x} = P{Ck|x1, x2, ...xn} =
P{x1, x2, ...xn|Ck} ∗ P{Ck}

P{x1, x2, ...xn}
(1.2)
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however, since the independence of the features is assumed, the following equation
is valid for each class Ck :

P{x1, x2, ...xn|Ck} =
∏
n

P{xn|Ck}.

Finally, the maximisation affects only the numerator in 1.2, since the denominator
is independent from C, so the conditional probability is given by:

P{x1, x2, ...xn|Ck} = P{Ck} ∗
∏
n

P{xn|Ck}. (1.3)

The main strengths of this algorithm are the following three:

• it works well in case of noisy data

• it tends to ignore irrelevant attributes

• it has a simpler training phase than other methods

The downside is represented by the assumption of the independence of the features,
which may not be true in reality. However, in the case of HAR problems, good results
have been found when many data are available and when working with sensors that
are well differentiated according to the activity.

Hidden Markov Models

A Hidden Markov Model (HMM) is a statistical model in which the system to
be modelled is assumed to be a Markov chain representing a sequence of events
[26]. A Markov chain is a stochastic process with discrete state space such that the
probability of transition to a new state depends only on the immediately preceding
state of the system. Therefore, an HMM is composed of a finite set of hidden states,
which evolve like a Markov chain, and of a set of observations generated by the states
according to a certain probability distribution. The following points characterise this
kind of model:

• the states evolve as a Markov chain (the new state does not depend on the
whole sequence of states, but only on the predecessor);

• each generated observation, or event, depends only on the current state;

• the observations are independent of each other;

• the event is observable, the state is not.

The use of HMM models generally concerns three canonical problems:

1. knowing the parameters of the model, calculate the probability of a particular
sequence of observations;
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2. knowing the parameters of the model, find the most likely sequence of hidden
data that generated a given sequence of outgoing observations;

3. given one or more sequences of observations, find the most probable set of
probabilities of outputs and transitions. Hence, the model needs to be trained
starting from data related to the sequences.

In the field of activity recognition, the hidden states correspond to the activities
carried out by users, while the values read by the sensors constitute the observations.
The following three parameters are obtained from the model training:

1. the initial probability of states;

2. the probability of transition from one state to another;

3. the probability of issuing an observation from a given state.

Several works have made use of hidden Markov chains to recognise human activities.
For example, in [87], a model based on HMM is proposed that is able to find out
what activities are carried out starting from a dataset containing the sequences
of observations emitted by the sensors but without the knowledge of the actual
activities performed, since they had not been labelled in the training phase.

Support Vector Machine

An SVM represents a method for classifying linear and non-linear data [47]. While
the original problem can be defined in a finite dimensions space, it often happens
that the sets to be distinguished are not linearly separable in that space. For this
reason, the training set data is projected via a non-linear function into a space
with a larger number, presumably making it easier to find a separation in this new
space. Therefore, the goal is to find the best hyperplane that can separate data
belonging to different classes. A good separation is represented by the distance that
this hyperplane presents with respect to the closest elements (the support vectors)
belonging to the two classes that we are trying to separate. Consequently to what
has just been said, the best separation will be associated with that plane which is
able to maximise the distance between the hyperplane and the obtained support
vectors. The decision function of an SVM is defined by the following formula:

f(y) =
N∑
i=1

ai K(xi, y) + b (1.4)

where y represents the unknown vector to be classified, xi are the support vectors
with their weights ai while b is the intercept and bias term. K(x, y) is a function
called kernel that solves non-linear problems by making the implicit mapping of
larger features into the space.
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In [29], a method based on SVMs is proposed for the recognition of activities
and the identification of the most significant sequences of behaviours, while in [47]
they are used to build a behavioural model of two different inhabitants to be able
to distinguish them according to the different ways in which they carry out three
different activities.

1.3.2 Deep Learning

DL is considered a subset of ML and many algorithms works with artificial neural
networks, that are designed to imitate the human brain and how it thinks and
learns. The main aspect of DL is that, contrary to ML where the steps about
features extraction and selection are essential and deeply affect the performance
of the algorithms, here the process of feature engineering can be automated [48].
Similar to how the brain is made of neurons, neural networks are made of layers
of nodes [25]. There are essentially three kinds of node layers: Input, Hidden and
Output. The depth of the network depends on the number of Hidden layers that
characterised it. The nodes inside a layer are connected to the adjacent layers
and each successive layer uses the output from the previous layer as input. The
information travelling between nodes is associated with corresponding weights; a
node with heavier weight will have more considerable impacts on the next layer of
nodes. The final layer takes into account the different weighted inputs to produce
the output. The neural network tries to improve its performance by repeatedly
adjusting these weights over and over again. The weights are updated through a
backpropagation optimisation algorithm based on the gradient, according to the
errors on the outputs. Through different cycles made of inputs-processing-outputs,
networks can generalise problems and provide correct outputs associated with inputs
that are not part of the training set. There are different types of neural networks,
such as Artificial Neural Network (ANN) Convolutional Neural Network (CNN) and
RNN; since the data typically involved in sensor-based HAR problems are strictly
related to temporal dependencies and sequential tasks, the most common solution
for these problems are base on RNN which allows the recognition of patterns defined
by temporal distance [78].

Recurrent Neural Network

The characteristic of RNN that differentiates this kind of network from others, is
that, in this case, the information can also be transmitted backwards thanks to back
loops. The most basic topology is a network where the nodes in the hidden layer
contain recurrent units. These back loops allow the network to create an internal
state that preserves information on temporal behaviours. For this reason, RNNs
can use their internal memory to process sequences of data as inputs [79]. With this
configuration, the outputs of the network are dependent not only on the current
state but also on previous states and computations. Considering the current hidden
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state ht and the output ot, the following equation are valid [3]:

ht = f(whht−1 + vhxt + bh), (1.5)

ot = f(woht + bo), (1.6)

where w and v are the weights, b indicates the bias for hidden and output states, xt

is the input of the current state, and f is the activation function of the hidden layer,
often chosen to be the sigmoid, tanh or sign function. These equations are recursively
evaluated at every time step. Therefore, after the hidden state is obtained at time
step t, it is passed back to the recurrent unit and combined with the input at time
step t+ 1 in order to obtain the new hidden state at t+ 1.

LSTM networks are a modification of RNN that can remember previous data
in memory for a longer time, thanks to an added cell state. The other difference
between the two is how the recurrent unit works.

Long-Short-Term-Memory Network

LSTM network is an RNN designed to model temporal sequences and learn long-term
dependency problems. Furthermore, LSTM networks help to resolve the problem
of the exploding or vanishing gradient [78]. This is when large error gradients start
accumulating and prevent the model from training with available data or when the
gradients of loss functions approach zero and weights and bias of initial layers are
not updated effectively [65]. The main unit in LSTM architecture is the memory
block that contains the recurrently connected cell state and the three units that are
the input, output and forget gates. These gates control which information is going
to be kept, forgotten or passed through based on the relevance of that information,
which is filtered according to the gates’ set of weights [23]. The gates and the cell
state are governed by the following equations:

it = σ(Wxixt +Whiht−1 +Wcict−1 + bi),

ft = σ(Wxfxt +Whfht−1 +Wcfct−1 + bf ),

ot = σ(Wxoxt +Whoht−1 +Wcoct + bo),

ct = ftct−1 + it tanh (Wxcxt +Whcht−1 + bc),

ht = ot tanh ct,

where W are the weight matrices of the correspondent gates or cell, the terms i, f
and o indicate the gates with the same initials and c represents the memory cell state,
xt is the input, σ is the sigmoid function and tanh the hyperbolic tangent activation
function. The forget gate controls the information that should be forgotten. The
input gate identifies the elements that need to be added to the cell state. The
output gate defines the data that should be immediately kept from the cell state and
associated with the previous information. The information of the gates is presented
through the sigmoid function; since this function can have values from 0 to 1, the
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values in the cell state are going to be deleted when multiplied by 0, remembered
when multiplied by 1 or given partial importance when multiplied with a value
between 0 and 1 [53]. The values that enter the network are regulated thanks to the
hyperbolic tangent function between −1 and 1 [53]. The latest cell state ct and the
hidden state ht are used again in the recurrent unit and the process is repeated in
the next step.

The network can only interact with memory blocks through each gate, and hence
the gates learn to open or close intelligently to let only relevant memory content
propagate in the network and discard the irrelevant information; in this way, it
is also possible to prevent the exploding or vanishing of gradients. Furthermore,
thanks to this way of learning which information to keep and which information to
forget, LSTM can learn the presence of time lags of 1000 time steps between inputs
and target outputs, while RNN can learn only between 5 or 10 time steps[33].

1.4 Building Energy and Comfort Management

System

Smart technologies can be used in all kinds of different buildings (i.e., residential,
office, and retail sectors) to improve the comfort and the safety of people in their
homes, concerning various topics, from healthcare and providing living assistance to
environmental monitoring and ensuring energy saving. Accordingly, BECM systems
have the objective of combining power consumption minimisation while preserving
user comfort [90] [46] [1]. This issue has been addressed by researchers from many
different perspectives.

The authors in [90], proposed an optimisation methodology in order to min-
imise energy consumption considering illumination, temperature and air quality as
parameters for user comfort. Also in [1] the same kind of comfort parameters are
considered and the reduction of power consumption is made by programming ap-
pliances usage according to a-priori set of variables, while in [76] [30] two different
solutions for building management considering user preference in terms of indoor en-
vironment comfort are presented. In [72], a home management system is proposed
that tries to find an optimal task plan in terms of energy consumption, while con-
sidering consumer comfort, asking the resident to define their preferred adjustments
in order to schedule the activation of the tasks.

The issue of scheduling appliances according to user preferences was also ad-
dressed by [66], where Quality of Experience (QoE) is measured as a function of the
interval between the preferred and proposed appliance starting time for switching
controlled loads (e.g., washing machines and clothes dryers), and as a function of
the interval between the preferred and proposed temperature for thermostatically
controlled loads (e.g., conditioning systems and water heaters).

It is evident that user preferences and habits severely affect the results of BECM
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systems. For this reason, in recent years, researchers have started to observe users’
behaviour in order to infer their habits and preferences. The monitoring of activities
of people in their homes can be done by analysing data that can be gathered with dif-
ferent technologies. Different studies proposed solutions based on using cameras and
wearable sensors or gathering data provided by phone accelerometer and gyroscope
[60] [4]. These solutions are not very practical in home scenarios where people are
often not inclined to accept those devices. Non-intrusive sensors are often preferred
to monitor what activities people are performing in their house: typical devices that
are installed in the environment are motion sensors, door sensors or temperature
and pressure sensors, power meters [54] [70]. The data collected from sensors inside
resident houses are analysed using data mining and machine learning techniques to
build activity models that are used as the basis of behavioural activity recognition.
As seen in Section 1.3 there are many different solutions for the recognition and pre-
diction of resident activities, concerning the classification and recognition problem,
it is possible to say that, in multiple cases, despite of its simple design and sim-
plified assumptions, Näıve Bayes classifiers often work much better than expected,
especially when a specific group of sensors can easily be identified as characteristic
of a certain activity [55]. Considering the prediction problem, as highlighted in 1.3,
LSTM networks are largely used to make predictions on future activities performed
by residents inside their homes.

1.5 Appliances Modelling and Profiling

1.5.1 Profiling of Energy Consumption Habits

Energy efficiency is recognised as one of the most powerful tools to fight global
climate change. Since the building sector is responsible for 36% of global energy
consumption and 37% of CO2 emissions [43], a great effort is being spent to make
buildings more efficient from an energy consumption perspective. To achieve the
Paris Agreement objectives, the United Nations set the goals to build only Net-Zero
Energy Buildings (NZEB) by 2030, and that the whole building stock is NZEB by
2050 at the latest [43].

Obtaining energy consumption profiles represents a key point for creating sys-
tems that can manage and monitor the energy of different Smart Buildings in the
best possible way and provide support to users to ensure energy savings and a re-
duction in consumption. In general, consumption profiles can be derived in different
ways, mainly depending on the characteristics being analysed and the attributes
that are taken into account. Many research works focused on the total load curve of
residential buildings under different scenarios, and the energy consumption profiling
follows daily and weekly trends, seasonality and geographic areas [18], [17]. In this
kind of solution, the obtained profiles are differentiated on a daily basis (i.e. time
of day with greater peak) and according to the seasons (i.e. higher consumption
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in summer due to cooling systems). Other solutions can take into account also de-
mographic characteristics and dwelling information [45], [85], in order to provide a
different insight into how some external factors can influence the energy habits of
different users. In these cases, the different profiles obtained thanks to patterns in
consumption volumes and timing are also analysed by considering additional infor-
mation such as residents’ personal data, the number of residents, and the building
itself.

Fewer research works are instead focused on energy consumption profiles that
take into account the individual loads of household appliances [56], [19]. In these
cases, the obtained profiles are differentiated based on the usage of appliances during
the day. The profiles thus obtained take into account when household appliances
are generally used but not the different energy consumption that can be associated
with each of them according to the usage that users make of them. In [88], the au-
thors proposed a method of predicting the consumption of household appliances by
evaluating statistical distributions. Different consumption groups for each appliance
are evaluated together, considering a-priori information about the duration of the
cycles and the day of the week. On the other hand, with an unsupervised learning
method, the data are grouped together based on the similarity of the different fea-
tures considered without dividing the usage cycles of the appliance in advance since
these cycles can be different according to the habits of different users.

1.5.2 Clustering Mechanisms

In recent years, above all, thanks to the presence and greater use of smart meters,
the solutions for energy consumption profiling are based on data drive models, in
which clustering techniques are the most frequently applied [86], [101], [74].

Clustering algorithms can be divided into two categories based on how the clus-
ters are defined: hierarchical clustering and non-hierarchical clustering (or parti-
tional clustering) [34]. Hierarchical clustering algorithms evaluate a criterion for
merging or splitting clusters based on similarity and obtain the optimal nested se-
ries of partitions. Partitional clustering algorithms optimise a clustering criterion
to identify the best divisions of the data [44].

Authors in [74] applied a hierarchical clustering algorithm to cumulative, nor-
malised hourly load profiles obtaining k = 3 clusters differentiated in terms of the
peak-period usage profiles.

Among partitional clustering algorithms, the most prevalent used is the k-means
algorithm. Authors in [101] selected the k-means algorithm to cluster residential
customers in different groups based on their usage patterns using half-hourly smart
meter datasets and finding the best solution for k = 6 number of clusters. In
[86] the k-means algorithm is applied to autocorrelation coefficients, also obtained
from smart meter data, and obtains the best results for k = 12. The reasons
for choosing k-means clustering are mainly related to its speed of convergence, easy
implementation, and efficiency; furthermore, it is particularly suitable when working
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with statistical data and large datasets [85].

1.6 Health Monitoring System Using Wearable

Devices

1.6.1 Health Monitoring Systems

Human behaviour can impact, on different levels, people’s quality of life; some be-
haviours affect individuals’ lives directly, especially considering their psycho-physical
health state. For example, many research works are focused on better understanding
how some behaviours, or changes in someone’s habits, can be triggers for recognising
particular illness symptoms like depressive disorder or Alzheimer’s Disease[63][62];
especially for elderly people, there are many solutions that propose assistance and
healthcare systems or early recognition systems for degenerative diseases to ensure
a better quality of life [11] [51].

Wearable sensors are largely used to monitor users’ behaviour, collecting their
physical signals to describe particular actions and activities. A great deal of interest
is emerging in finding solutions that, using human bio-signals detected through
wearable sensors, can understand users’ state, their emotions and their stress [35]
[10].

There are many possible solutions for the realisation of health monitoring and
sensing systems, depending on the involved devices and on observed parameters.
In some cases, these systems rely on wearable devices placed in various body parts
like the chest, fingers, ankle or hip[64][57]. These devices are provided with health-
care sensors to monitor some parameters related to the body condition [9] such
as heart rate and heart rate variability (HRV), obtained from electrocardiogram;
brain activity, monitored with electroencephalogram; electrodermal activity (EDA),
computed applying a small current and measuring the resistance of the skin be-
tween two electrodes; body temperature and blood volume pulse, measured with
Photoplethysmography optical technique.

Nowadays, there are many personal wearable and portable devices (smartphones,
smartwatches or other devices attached to the user’s body provided with accelerom-
eter, gyroscope and heart rate sensor) that are able to monitor users, obtain context
information or record vital physiological signals. Not all the parameters mentioned
above can obviously be monitored through simple smartbands/smartwatches placed
on the wrist, but many of the newest devices focus on incorporating more reliable
sensors and monitoring even those parameters that are the most useful to charac-
terise certain psychological states (i.e., HRV).

All these solutions allow the creation of unobtrusive systems and can be easily
accepted by any type of user.

There are also many other works that realise health care monitoring systems
using wireless sensor networks and cameras to obtain information about the envi-
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ronment other than monitoring people directly. For example, there are several fall
detection systems for the elderly that use cameras, PIR sensors or sound sensors to
recognise when someone has fallen down and cannot stand up [27].

The two kinds of solutions are not in opposition, in fact there are many research
works that propose solutions in which both ambient monitoring and the users mon-
itoring through wearable coexist to obtain the best results [98][41].

More recently, solutions based on Radio-Frequency (RF) signals are also be-
coming interesting candidates for indoor healthcare applications [32][100]. These
systems can be used to monitor both users’ vital signals and dangerous situations
(e.g. fall detection). These kinds of solutions have the advantages of being non-
intrusive, providing contactless monitoring and being less problematic in terms of
privacy than video-based solutions. Still, there are also some drawbacks, mainly due
to the possibility of monitoring only certain areas of interest and the necessity of
considering different signal disturbances.

1.6.2 Well-Being and Stress Evaluation Systems

The term well-being is a keyword in the World Health Organization (WHO) defi-
nition of health: a state of complete physical, mental and social well-being and not
merely the absence of disease or infirmity. The meaning of well-being is multidimen-
sional and an overall sense of wellness should be considered achieved when there is a
balance between different elements like physical aspects, emotional and psychologi-
cal feelings, social inclusion and economic wellness [59]. Higher levels of quality of
life are therefore strictly correlated with perceived wellness, well-being and general
healthiness.

It is possible to differentiate between two different dimensions of well-being:
objective and subjective. Objective well-being is more oriented on aspects of good
life concerning basic human needs and rights; on the other hand, subjective well-
being, or personal well-being, is measured taking into account people’s subjective
evaluations of their lives [93].

In the literature, there are many different self-evaluation instruments (question-
naires) that can be used to assess subjective well-being. These surveys can be used
in different fields of well-being assessment, i.e. the Patient Health Questionnaire
(PHQ-9) and Mental Health Continuum-Short Form (MHC-SF) are used for detect-
ing depressive symptoms as well as well-being [39]; others, for example, are used for
clinical patients in order to validate the results of some treatments and cures [89].
Two of the most largely used questionnaires, which are the Warwick-Edinburgh
Mental Well-being Scale (WEMWBS) and the WHO-5 Well-Being Index (WHO-5),
have been developed so that it is possible to monitor the mental well-being in the
general population, covering all the aspects of mental well-being [81].

Also, the concept of stress is difficult to define since it is very used and presented
in daily life. The term stress has been associated with many different processes, in-
cluding both life stress exposure and the psychological and biological consequences
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of such exposures. The Perceived Stress Scale [14] is one of the most used question-
naires for measuring perceived stress levels over a given period of time.

1.7 Conclusions

In conclusion, this first part is a brief introduction to some of the main aspects
relating Home Automation, sensor-based HAR problems, energy and comfort man-
agement inside buildings and health monitoring systems using wearable devices.

Sections 1.1 and 1.2 gives some definitions of Smart Homes and Smart Buildings,
explaining the need to understand users’ habit and preference inside their homes and
how these behaviours can affect their lives. This led to the problem of HAR, which
is addressed in Section 1.3, where there is a little overview of how these problems
are typically addressed and a description of different classifications depending on
the used technologies and sensors. Sections 1.4, 1.5 and 1.6 describe the State of
the art for the three main topics addressed in this thesis, related to BECM systems,
appliance profiling models and health monitoring, respectively.

Regarding the first topic, it is clear that the users’ comfort and preferences with
respect to household appliance usage must be considered not as a set of characteris-
tics decided a priori since they could change over time and, above all, each user can
have features different from each other. For this reason, it is important to have a sys-
tem that can continuously monitor the users, learning their habits and re-learning
them when needed. Hence, with respect to this subject, the main contributions
provided in this thesis can be summarised as follows:

• an activity recognition algorithm used to model user profiles, which was first
proposed in [58] and whose accuracy is here improved;

• an activity prediction algorithm is proposed that is based on an LSTM net-
work. Accordingly, appliance usage is predicted for a specified time window
(tests were run for a time window of 6 hours);

• user profile and activity prediction are incorporated into the user-annoyance-
aware energy-cost-saving appliance scheduling algorithm proposed in [66].

Considering the second topic addressed in this thesis, different consumption profiles
can be obtained regarding the energy patterns inside the house, differentiated for
day hours, seasonal phases or user demographic characteristics. There are fewer
works that study the consumption distinguished by individual appliances; in this
case, the information about the duration of the cycles and the day of the week are
considered a-priori. The main contributions of this thesis regarding this topic are:

• eight useful features are identified to recognise different consumption profiles
for individual appliances;
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• thanks to unsupervised clustering methods (i.e. k-means clustering), for each
appliance, different consumption profiles are found that take into account the
different ways of use by the user.

Lastly, considering the definitions of stress and well-being, understanding the
punctual moment of stress through data gathered by a wearable is still very hard. On
the other hand, it can be useful to investigate how some behaviours affect perceived
well-being, even over more extended periods. In obtaining data helpful in evaluating
the psycho-physical health of users, simple commercial devices of daily use can play
an important role. Data gathered from these devices can be inferred to understand
the activities usually performed by users and how they affect their well-being.

Therefore the main contribution regarding this aspect, presented in this thesis,
is the realisation of a prototype to understand if stress and well-being can be re-
lated to data about sleep, fitness activities, and walking habits gathered thanks to
commercial devices.



Chapter 2

Building Energy and Comfort
Management System

2.1 Introduction

Smart buildings are characterised by the presence of sensors, actuators and smart
devices that give the opportunity to monitor and control, either manually or auto-
matically, key equipment within buildings [61]. This is the concept behind BECM
systems [22] [75]. As a matter of fact, domestic electricity usage accounts for about
40% of the global energy consumption and contributes over 30% of total greenhouse
gas emissions [99]. Nevertheless, user comfort is crucial when policies of Demand-
Side Management (DSM) are put in place [77]. In such an intelligent scenario, one of
the major goals is to provide users with tools that support cost-effective solutions to
appliance management, which: i) demand the lowest effort in terms of training and
management, dynamically adapting to user requirements, and ii) take into account
user habits so that appliance management decisions do not conflict with them, caus-
ing a disaffection that may lead the user to turn off the system [66]. Currently, most
of the literature considers user comfort as a set of hard constraints on appliance
usage, which are a priori set considering general statistics [67] [69]. This approach
neglects the fact that users are likely not only to have different subjective require-
ments with respect to others, but they also dynamically change over time. Therefore,
this part of the thesis is focused on the realisation of a BECM system based on sen-
sors deployed inside the reference building that can guarantee that user preferences
and habits about appliance usage are continuously monitored, recognised and pre-
dicted. The system merges two previous studies about activity recognition [58] and
appliance scheduling [66], by including the crucial activity prediction functionality.
Indeed, activity prediction enables appliance scheduling by predicting which appli-
ances are likely to be used in the following hours and scheduling them in advance
so that their starting time is shifted to off-peak times when electricity tariffs are
lower. This is a comprehensive system that uses sensor-based activity prediction
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Figure 2.1: Overview of the proposed BECM system

and occupants’ preference inference and integrates them into a BECM. Accordingly,
based on simulations of the system on a real dataset, this Section further analyses
how the proposed system affects energy-related costs.

2.2 System Model

The considered scenario is that of a BECM system, based on distributed smart
home sensor networks. An overview of this system is represented in Figure 2.1.
More specifically, sensors are used to make observations on users and their inter-
actions with the surrounding environment; the combinations of these interactions,
which are detected by the Event Detection module as events, provide meaningful
information on users’ activities. As described in more detail in [58], after a training
period the Activity Recognition module can correctly recognise activities with an
accuracy of more than 80% on average. Accordingly, a correlation can be observed
between detected events and activities, which can be used to infer users’ habits.
These habits, stored in the User Profile module, are used with information about
previously recognised activities by the Activity Prediction module, with the aim to
predict the following activities that are expected to be carried out by the users.
The information related to activity prediction, user profile and home profile is then
processed by the Appliance Scheduling module to find a scheduling for controllable
appliances that corresponds to the best trade-off between energy cost reduction and
user comfort. Note that the Home Profile module stores home-related information
collected by sensors and/or through user interfaces, such as electricity tariffs, and
which appliances are installed along with their energy consumption characteristics.

In the following, more details will be provided about the core modules of the pro-
posed BECM system, i.e. the Activity Recognition module, the Activity Prediction
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Module and the Appliance Scheduling module.

2.2.1 The Activity Recognition Module

The activity recognition approach used in this system was earlier proposed in [58]. It
encompasses two phases: i) training, during which the system learns the association
between activities and their instances, i.e. sequences of detected events; ii) running,
which uses the probabilistic model created during the training phase to associate an
activity to the detected events.

a) Training phase: for each k-th activity instance Ijk of activity Aj observed
during an observation time window OA, a feature vector

Fjk(Ijk) = [f1jk, f2jk, . . . , fijk, . . . ]

is computed with the rates of detected event occurrences, that is the number
of events related to one specific sensor with respect to the total number of
events observed considering all the sensors within OA. Then, for each activity
Aj, a model vector

mj = meank(Fjk) = [f 1jk, f 2jk, . . . , f ijk]

is defined such that the rates of event occurrences of its sensors is the average
rate for all the observed instances associated with the same activity.

b) Running phase: it relies on the use of a sensor-based windowing implemen-
tation [52], according to which sequences of detected events are divided into
subsequences using an observation window OW(t) starting at time t, which
contains a certain number of events equal to its size W . Each subsequence z
of events is then associated with a feature vector FW

z , computed analogously
to mj. Finally, the sequences of detected events are classified based on their
probability of belonging to a given activity.

For further details, the reader is referred to [58].

2.2.2 The Activity Prediction Module

The Activity Prediction module has to provide a possible scenario ahead in the
future, making predictions on which activities are most likely to be performed in the
time to come. The activity prediction algorithm is based on RNN, more specifically
an LSTM network has been used.

LSTM are a special kind of RNNs that are capable of learning long-short term
dependencies.

A neural network usually consists of one layer of input units, one layer of output
units, and multiple in-between layers called hidden layers. These hidden layers are
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made of hidden units that have certain weights w determined during the training
phase and that define the network’s final conformation. The weights are learned
using the data that consists of example inputs and desired outputs obtained from
those inputs. In RNN, the current output depends not only on the current input
but also on the state of the system.

The main difference between LSTM and RNN networks is about the memory
cell, which can keep the information for a longer time than a basic RNN. In LSTM
networks, the cell state is controlled and regulated by controlling gates, that act on
the signals they receive considering the importance of the information transmitted,
which they filter using their own sets of weights. Therefore, the cells learn how to
act on the data they received, choosing if the information should be kept or deleted,
through an iterative process that allows the weights to adjust themselves during this
learning phase [82] [23].

Starting from the assumption that from a sequence of previous activities Ai

occurred at time ti it is possible to predict the next activity most likely to be
performed by the user, the module has to evaluate the probability in t, after all
previous ti, for every single activity Aj. Considering t0 as the current moment
under investigation, the period between the current time t0 and the time t in which
the prediction is needed is split into different p time intervals of duration (∆t).

Thus, the Activity Prediction Module has two phases: one is the training phase,
and the other is the operational phase. During the training phase, the module trains
the LSTM network to learn its weights, considering a proper input vector; the output
of the network consists of the predicted activity for the next moment based on the
information of the input vector. Then, during the operational phase, the module
makes use of the trained network and of the information obtained from the Activity
Recognition Module, in order to predict the activities that are more likely to be
carried out by the user in the future.

The vector considered as the input for the network contains information about
the N previously performed activities and contextual information about the moment
of the day t0 and the day of the week Wd in which the system is at the current
moment. This input vector is described as follows:

Ft0 = {At0−N∆t
j ,At0−(N−1)∆t

j , . . . ,At0−∆t
j , t0,Wd}

where t0 can be either the present moment or anytime in the future. The output
of the network gives the probabilities for each one of the activities to be carried out
at the next moment by the user, considering the information of the input vector
described above. The activity related to the highest probability is considered as the
most probable activity to be performed in the next moment.

Thus, during the training phase, the LSTM network learns the predictions for
the activities that are going to be performed at time t1 using the information in
the input vector of time t0, so that t1 = t0 + n∆t, where ∆t is a predetermined
time interval chosen as the most descriptive average time between two consecutive
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activities, according to user habits, and n = 1 indicates the number of time slots that
separates the current moment to the moment in which the prediction is evaluated.

After the training phase is completed, the obtained network is used for the oper-
ational phase. During this second phase, using the information about the activities
that have been carried out before the current moment t0, the algorithm makes a
prediction for the next activity at the next interval t0 + n∆t with n = 1. Taking
into account this last prediction just gained, the algorithm uses this information
to make another prediction for interval t0 + n∆t with n = 2. By repeating this
behaviour, the algorithm can predict the most likely activity for every n∆t time
interval up to the time t in the future, where the prediction is needed.

These predictions are calculated every time the next Appliance Scheduling mod-
ule requires a new evaluation of the activities that are most likely going to be car-
ried out by the user so that it can elaborate a new scheduling program accordingly.
Therefore, the output of the Activity Prediction module is an array containing the
probabilities for each activity to be performed at time t, considering all the M activ-
ities registered in the User Profile Module, so that the Activity Scheduling module is
going to make all the evaluations considering the probability vector {p1, p2, . . . , pM}.

Every activity that is recognised and predicted by the Activity Recognition and
Activity Prediction modules is linked to one of the appliances of the house. In
this way, the probabilities of the activities in time t, that are obtained from the
predictions, are then translated into probabilities of the corresponding appliances to
be used at the same time t.

These values of probabilities are then used by the Appliance Scheduling module
to evaluate which appliances from the house need to be scheduled at time t in order
to be switched on. A precise threshold value of probability for every appliance is
considered so that the predicted probabilities obtained for that appliance at the
time t must be higher than the assigned threshold to cause the system to insert the
appliance into the scheduling program.

Therefore, the output from the Activity Prediction module is going to enable
the scheduling algorithm to make the validation necessary for the scheduling of
controllable appliances and for evaluating energy consumption.

2.2.3 The Appliance Scheduling Module

The appliance scheduling algorithm is based on the smart home energy management
system proposed in [66]. By considering hourly electricity rates and power produced
by Renewable Energy Sources (RES), this system dynamically shifts tasks of con-
trolled appliances to times when it is more convenient (e.g. off-peak times), after
finding a trade-off between the overall energy cost and the annoyance experienced
by users as a consequence of this shift. Accordingly, appliances are subdivided into
three groups:

G1: not controlled loads, i.e., small loads such as lights, and not controlled high
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loads such as fridges;

G2: switching controlled high loads, such as washing machines and dishwashers;

G3: thermostatically controlled high loads, i.e. appliances that are controlled by a
thermostat, such as water heaters.

The energy consumption for an appliance belonging to group G1 is defined as:

Econs
l =

∫ tend
l

t=tstl

P cons
l (t)dt (2.1)

where P cons
l (t) is the power consumption of appliance l, and tstl and tendl are, respec-

tively, the starting and ending time of its operating cycle. For switching controlled
loads (i.e. G2), the operating cycle has a fixed duration, and thus the ending time
only varies with the starting time: tendl = tendl (tstl ) = tstl + texecl , where texecl is the exe-
cution time for appliance l. On the other hand, for thermostatically controlled ones
(i.e. G3), the ending time varies with the initial internal and external temperature
at the starting time, respectively T in

l (tstl ) and T out
l (tstl ), and with the temperature

that is expected to be reached at tendl , i.e. T exp
l . As described in more details in [66],

the ending time of G3 appliances to reach a temperature T exp
l is defined as

tendl = tendl (tstl , T
exp
l ) =

=

{
tstl −RlCl ln

(
T out
l (tstl )−T exp

l +RlHl

T out
l (tstl )−T in

l (tstl )+RlHl

)
, if l is ON

∞, if l is OFF

(2.2)

where Hl, Rl and Cl are characteristic parameters for the appliance. More specif-
ically, Hl is the heat rate (in Watt), Rl is the equivalent thermal resistance (◦C
/Watt) and Cl is the equivalent heat capacity (Joule/◦C).

The appliance scheduling algorithm schedules the appliances according to their
related cost contribution value, which includes both the energy consumption- and
user annoyance-related costs.

Based on these assumptions, the cost to shift the operating time topl of appliance
l, i.e. the cost to shift its starting time at tstl and ending time at tendl , is defined as

Cl(t
st
l , t

end
l ) = φl (∆topl ) ·

∫ tend
l

t=tstl

P cons
l (t) · Φ(t)dt (2.3)

where Φ(t) is the electricity tariff at time t. Let Λ be the set of G2 and G3
appliances that requested to be scheduled and have not started yet. The problem
to be solved is then defined as

min
tstl ,tend

l

∑
l∈Λ

Cl(t
st
l , t

end
l )

s.t. tendl < tcur + 24h ∀l ∈ Λ

P tot(t) ≤ Pmax ∀t

(2.4)
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where the limit to the considered time span has been fixed to 24 hours after the
current time tcur, as defined by the first condition. The second condition ensures
that the power that the grid makes available is not exceeded by the simultaneous
usage of G1, G2 and G3 appliances.

The activation of an appliance occurs when the probability of the activity linked
to that appliance exceeds a certain threshold, which is evaluated during the training
phases of the system.

For further details about this appliance scheduling system, the reader is referred
to [66].

2.3 Reference Use Case

2.3.1 Dataset Description

The experiments and simulations conducted to understand the performance of the
proposed are implemented and tested using the Aruba real-world dataset from the
CASAS smart environment project of the Washington State University [15]. The
data were collected from one smart apartment provided with motion sensors, contact
sensors in the doors or cabinets and temperature sensors, with only one resident
living in the home.

Figure 2.2 shows the house plan of the apartment and the exact position of
every sensor in the rooms. The description provided by the CASAS project did
not give information about the specifics of the used sensor. Table 2.1 explains the
number of sensors per type placed in each room. The values provided by motion
and contact sensors are Boolean, whereas the ones provided by temperature sensors
are numbers. There are two more sensors not listed in this table, one motion sensor
and one contact sensor because they are not located in a specific room, but they are
linked to the entrance of the house.

The events decoded by these sensors are significant for recording elementary
actions that people are performing, for example, door sensors are easily associated
with opening and closing medical cabinets, food storage, or the entrance door, while
with motion sensors, it is possible to monitor the presence of the resident in one
room and the proximity with a specific object or piece of furniture. The aggregation
of these elementary actions defines one activity of interest. The gathered data are
presented with information about the date and time of every sensor event registered,
the id of the activated sensor with its value and the beginning or end of each activity
that is monitored. The dataset has the structure presented in Table 2.2.

In the dataset, 10 different activities performed by the resident are noted. Table
2.3 shows the details of the number of times each activity appears in the dataset,
as indicated by the user. The “Relax” activity is the one that the user has denoted
as the activity occurring while staying in the living room and it involves the set of
sensors arranged in that room, as shown in the house map (Figure 2.2). The “Work”
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Figure 2.2: House plant of the apartment for the Aruba dataset [15].

Motion Sensors Contact Sensors Temperature Sensors

Kitchen 5 1 1

Bathroom 1 2 1 -

Office 4 - 1

Dining 1 - 1

Bedroom 1 2 - -

Living 7 1 1

Bedroom 2 7 - 1

Bathroom 2 1 - -

Closet - - -

Table 2.1: Number of sensors per type in every room of the apartment.
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Date Time Sensor ID Sensor Value Activity

04/11/2010 09:56:22.785482 M018 ON

04/11/2010 09:56:23.801652 M017 ON

04/11/2010 09:56:26.467399 M019 ON

04/11/2010 09:56:27.334395 M018 OFF Meal Preparation
end

04/11/2010 09:56:34.362031 M018 ON

04/11/2010 09:56:37.729204 M020 ON

04/11/2010 09:56:38.776094 M018 OFF

04/11/2010 09:56:40.172391 M020 OFF

04/11/2010 09:56:41.831135 M014 ON Eating begin

04/11/2010 09:56:56.043362 M014 OFF

04/11/2010 09:57:15.209217 M014 ON

04/11/2010 09:56:16.412611 M014 OFF

Table 2.2: Data extracted from the Aruba dataset [15].

activity is the one performed in the office room and involves the specific group of
sensors placed in that area. Lastly, the “Housekeeping” activity involves a great
number of all the sensors of the house due to the intrinsic dynamism of this type of
activity. Sensors detect even the activities that are not registered, that correspond
to “Other activity” with no label in the dataset. Since they cannot be classified
accurately, this has been ignored in the proposed framework.

To evaluate the proposed system, in addition to the activities of the Aruba real-
world dataset, some other activities have been simulated as performed by the same
user inside this home scenario, using the same kind of sensors already installed in
the house. The simulated activities are the following three activities not reported
in the real dataset: using the washing machine, using the dishwasher and taking
a shower, which, along with the activity of washing dishes by hand, causes the
water heater to turn on. Taking a shower is supposed to be carried out by the user
in the bathroom, therefore involving the motion sensors already installed close to
this room and assuming that hot water is used, thus causing the water heater to
switch on. The use of the dishwasher is supposed to be performed in the kitchen,
involving the sensors in that area and simulating the presence of a specific cabinet
containing the appropriate detergent and with a magnetic sensor to understand its
opening or closing so that the activity of loading the dishwasher could be recognised
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Activity Number of Occurrences

Meal Preparation (MP) 1606

Relax (Rel) 2910

Eating (Eat) 257

Work 171

Sleeping (Sleep) 401

Wash Dishes (WD) 65

Bed to Toilet (BTT) 157

Enter Home (EH) 431

Leave Home (LH) 431

Housekeeping (HK) 33

Table 2.3: Activities and Statistics of the Aruba dataset.

concluded only when this cabinet had been closed. The same thing was done for the
activity of using the washing machine by setting up another specific cabinet with
its magnetic sensor, and placing it in a room of the house where there are no other
linked activities.

The system needs a correspondence between some of the activities and the use
of certain household appliances in order to predict energy consumption based on
the probability of the activities to occur. Table 2.4 shows the 9 activities that have
been considered during the different simulations along with their corresponding ap-
pliance owned by the user. Also, the characteristic parameters of these appliances
are presented. Furthermore, the last 4 rows indicate the characteristic of two appli-
ances/systems of group G1 that can be on regardless of the development of certain
activities and the characteristic of the two types of RES considered, that are pho-
tovoltaic (PV) and a micro-wind turbine system.

The time of execution of the activities related to appliances of group G1 is not
known a-priori, but the system evaluates the probability of the execution of the task
and its lasting considering the user’s habits and preferences, taking into account the
time of the day, the day of the week and also the previous activities that the user has
carried out till the current moment of evaluation. The appliances of group G2 have
a mean time of execution calculated taking into account typical values of the cycles
of use of the appliance itself. For G3 appliances the time of execution depends on
the expected temperature obtained at the end of the operating time. There are two
different target temperatures chosen as the preferred temperature for the user, one

1This is the maximum produced power. The power produced by RES varies during the day
according to a normal distribution around the values in Fig.2.3
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Activity Appliance Group Power [Wh] Mean texeci

[min]

1 HK Vacuum Cleaner G1 1200 -

2 MP Microwave Oven G1 1000 -

3 Rel TV G1 30 -

4 Work Laptop/Pc G1 50 -

5 Laundry Washing Machine G2 600 130

6 Machine-Dry Clothes Clothes Dryer G2 1300 90

7
Wash Dishes with
Dishwasher

Dishwasher G2 400 160

8 Taking Shower (TS) Water Heater G3 2000 Set
according
to (2.2)

9 WD Water Heater G3 2000 Set
according
to (2.2)

10 Always on Fridge/Freezer G1 70 -

11
Always on when user
is at home/not sleeping

Lighting G1 40 -

12 NA PV system G4 12501 -

13 NA Wind turbine G4 5001 -

Table 2.4: Correspondence between activities and home appliances and characteris-
tic parameters of appliances [66][28]

Figure 2.3: Daily power production for PV and wind turbine systems [28]
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is related to the activity of ”Taking a Shower”, while the other one is related to the
activity of ”Washing Dishes” . Also the characteristic parameters that describe the
dynamics of the water heater have been set with a normal distribution (with 20%
deviation) around typical mean values that are [66]:

P heat
i = 5kW

Ri = 120◦C/kW

Ci = 0.2kWh/◦C

(2.5)

The produced power of the RES has been varied according to a normal distribution
(20% deviation) around the values in Fig. 2.3, up to a higher value that is consistent
with those of commercial home systems [66]. In order to understand the level of
discomfort experienced by the user due to the interventions of the system, the annoy-
ance rate is used as defined in [66]; this level of annoyance is evaluated in relation to
a possible shifting of appliance starting time for the controllable appliance or, with
reference to the water heater, to a variation in the water temperature with respect
to the user preferred temperature of use. A value of 1 of annoyance indicates that
there is not any discomfort for the user in the change of time in which the appliance
was turned on, while a value of 5 indicates the highest level of annoyance for the
user. Annoyance levels are modelled as a normal distribution with 15% deviation.

2.3.2 Creation of User Profiles

To better understand how users’ habits can have an impact in the performance of the
system, three different situations are considered during the simulations. These three
situations differ according to the possible grade of predictability of the activities
usually performed by the user. The user’s profile is then realised based on how
recurring their activities are performed inside the datasets; different profiles are
obtained according to how much the user routine could be considered habitual and
therefore predictable. Three datasets have been used that correspond to three user’s
profiles:

• real-case profile: based on the real-world dataset Aruba;

• weekly habitual profile: based on a synthetic dataset created supposing that
the user always has the same routine during the whole week;

• daily habitual profile: based on a synthetic dataset created supposing that the
user always has the same routine every day.

To better understand the grade of predictability of the single dataset, the Leven-
shtein distance has been calculated between sequences of activities registered during
every week and during every day. In information theory, the Levenshtein distance
is a string metric for measuring the difference between two sequences. The kind of
operation considered for changing one word a into another word b are the following
three:
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1. insertion of a symbol;

2. deletion of a symbol;

3. substitution of a symbol;

and each operation has a unitary cost. The obtained values can be normalised
by dividing the sum of the costs by the maximum length between word a and b.
Therefore this value can be interpreted as the degree of similarity between two
sequences where 0 indicates the perfect equality while 1 is the highest inequality
value. The Levenshtein distance has been calculated between sequences of activities
registered during every week and during every day, hence different values of distance
are evaluated for each cross comparison between different days and between different
weeks. Calculating the average between all the obtained values and subtracting this
result from 1, three different grades of predictability are obtained:

• real-case profile grade = 0.47

• weekly habitual profile grade = 0.73

• daily habitual profile grade = 1

considering a scale from 0 to 1, where 0 indicates an unpredictable case while 1 is
the most predictable case.

Real-case Profile

For the real-case profile, the algorithm was tested using the Aruba real-word dataset
from the CASAS smart environment project of the Washington State University [15]
with the addition of some other activities simulated as they were performed inside
the house. The detailed description is in Section 2.3.1 and all the remarks made in
the Section just mentioned apply to this real-case profile. The activities considered
for this simulation are those listed in table 2.4.

Weekly Habitual Profile

The second profile is realised with a synthetic dataset obtained considering a user
whose habits have a higher degree of predictability. Accordingly, the dataset was
created considering the first week of activities performed by the real-case user and
then repeating this same week for over 6 weeks of training data. The sequences of
activities are different from day to day of the same week but are the same during
the same day of all the different weeks. The preferred temperatures and the level of
annoyance are evaluated in the same way as the real-case profile and as explained
in Section 2.3.1.
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Daily Habitual Profile

The last profile is the one associated with a user who has the exact same routine
for every day of the dataset. The dataset is created considering one day in which
the user performs all the possible activities, and that day is repeated for the en-
tire dataset’s length. This type of user profile is not particularly realistic, but it is
useful for evaluating the degree of reliability in the predictions made by the algo-
rithm explained in the 2.2.2 Section. Also for this case, preferred temperatures and
annoyance levels are considered as explained in Section 2.3.1.

2.4 Simulations Results

The performance of the overall proposed system has been evaluated considering
different possible scenarios applied to the three user profiles explained in Subsection
2.3.2. Therefore, the algorithm was tested taking into consideration the following
three situations:

• Scheduling Based on LSTM Network-SBLSTM: bases its scheduling evalua-
tions on the probability of using any of the appliances at time t, calculated
thanks to the LSTM network described in 2.2.2. The scheduling is programmed
trying to find the best trade-off between energy savings and user annoyance
due to the time change, according to the scheduling algorithm described in
Section 2.2.3; This solution avoids interactions between users and the system,
considering only the system’s previous knowledge about user habits.

• Scheduling Based on Perfect Time-SBPT: based on a perfect knowledge of
the time in which the user wants to use some of the appliances in the house.
This case coincides with the possible scenario in which the user instructs the
system about the exact moment they want the appliance to start and the
scheduling is programmed with respect to this preferred moment, but it has the
disadvantage of requiring continuous interactions between users and system;

• Without Scheduling Algorithm-WSA: describes the scenario where appliances
are normally used by the resident and the scheduling is never programmed.

The two cases based on the scheduling, namely SBLSTM and SBPT, are tested both
in the case the scheduling algorithm includes the user annoyance (Scheduling With
Annoyance in the results’ graphs) and in the case it does not (Scheduling Without
Annoyance in the results’ graphs).

The datasets were divided into two parts consisting of training data and test
data. The training data used to learn and understand the user’s behaviour consists
of 6 weeks of information about the activities usually performed by the user, while
the test data refers to one week. In this way, the percentage of data used for the
training phase corresponds to the 70% of the total of the dataset, while the test set
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Validation Accuracy
for Recognition Algorithm

Validation Accuracy
for Prediction Algorithm

80.3% 82.7%

Table 2.5: Validation Accuracy

is made up of the remaining 30% of data; this separation of the overall dataset is
the solution generally adopted in machine learning problems [96]. The training part
of the dataset has also been use for the time-series split cross-validation, starting
with a train duration of 3 weeks of data and raging 7 weeks, while the validation
is made on the data of the one week following the training set, each time. This
subdivision resulted in 5 validations. The mean values for the validation accuracy
of the recognition algorithm and the prediction algorithm are shown in Table 2.5.

Due to the fact that the shortest duration for the activities under examination
is around 15 minutes, while the longest activities can elapse for several hours, the
duration of the intervals (∆t) defined in Subsection 2.2.2, in which the algorithm
has to recognise the ongoing activity, has been chosen equal to 15 minutes.

Therefore the system makes the operations for recognise the latest activity, pre-
dict the future activities and evaluate the appliances scheduling every n(∆t), with
n varying between 1 and 96 during all the day due to the discretisation of the time
of a whole day in intervals of 15 minutes each.

2.4.1 Activity Prediction Algorithm Performance Evalua-
tion

As explained in Subsection 2.2.2, the predictions about the activities that are going
to be carried out by the user in the future are made using an LSTM Network.
For this purpose, a typical LSTM model has been built, counting two hidden LSTM
layers with a number of 120 units for each layer. Every layer is followed by a dropout
layer to prevent overfitting. The training epoch is set to 250, the loss function is set
to crossentropy, and the optimiser is Adam. The last two layers are a softmax layer
and a classification layer. The softmax function is indicated for multi-class problems
with mutually exclusive classes [38].

The approach here proposed monitors all the user activities in real-time. The
prediction of the next activity is made taking into account three kinds of information
as explained before in Subsection 2.2.2: the N = 4 activities previously performed
by the user and recognised by the activity recognition module; the current day of
the week Wd specified as a number from 1 to 7; the time of day T0 the system is
currently located, specified as a number from n = 1, which corresponds the midnight
of every day, to n = 96. These numbers n derive from the discretisation explained
in Section 2.4.

The choice of the number N = 4 of previous activities that are needed for the
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Figure 2.4: Confusion Matrix for the Prediction Algorithm for each Activity

prediction has been made considering the best results obtained according to the
highest prediction accuracy. Indeed, in table 2.6, it is possible to see the results, for
the real case profile, in terms of accuracy for different values of N previous activities
considered, and it shows that the best result is obtained for N = 4. The prediction
accuracy is established considering the number of times an activity is correctly pre-
dicted with respect to the number of times that this instance is incorrectly classified,
predicting a label corresponding to a different activity. Therefore the accuracy is
defined as:

Accuracy =
Tl

Tl + Fl

(2.6)

in which Tl indicate the numbers of true positives, i.e. the number of times the activ-
ity is correctly predicted, while Fl indicates the number of false positives, therefore
the number of times that the prediction is incorrectly classified. Fig, 2.4 represent
the confusion matrix with the accuracy percentages of the predictions for all the ac-
tivities considered during the simulations. Along the diagonal, the number of times
in which the activity is correctly predicted is reported; while the column on the
right shows the prediction accuracy for each class or activity. From this figure it is
possible to note that most of the errors concern the activity that are less frequently
performed.

The prediction of the following activities is also made for every n(∆t) interval
of duration equals to 15 minutes. More specifically, for every interval of time t0
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N=2 N=3 N=4 N=5 N=6

Prediction
Accuracy

0.851 0.854 0.864 0.859 0.857

Table 2.6: Activity Prediction Accuracy

during the testing week, the algorithm schedules appliances that are going to be
used every n∆t time intervals after t0, according to the predictions of the activities
that the Activity Prediction module has made for intervals t after t0 and up to 9
hours forward in the future. Every 15 minutes then, the scheduling algorithm has
to re-evaluate its scheduling consideration based on the new information about the
previously performed and recognised activities and the new prediction obtained from
the LSTM network, with always the aim of finding the best compromise between
energy savings and user’s comfort. In order to evaluate the performance of the
system in terms of the capability to predict the next activities correctly so that the
appliance scheduling can be made successfully, the first tests were run for the three
different profiles described in Section 2.3.2, considering only the SBLSTM case, i.e.
the case that makes use of the LSTM network. The results in terms of scheduling
errors due to errors in predictions are shown in table 2.7. Three types of error can
be considered:

• the number of missed schedules that is calculated considering the total number
of times each appliance i has been scheduled during the week Nweek

sched, and
counting the number of missed schedules, that is the times when the user
would have liked the appliance to be switched on but that did not happen
Nmiss

sched. The appliance is considered unscheduled when the wait to turn it on
reaches the maximum degree of annoyance for the user.

Therefore the error for appliance i is obtained using the following equation:

Emiss
i =

Nmiss
sched

Nweek
sched

(2.7)

• the number of additional schedules, calculated considering the total number
of times each appliance i has been scheduled during the week Nweek

sched, and then
counting the times when the algorithm has predicted that the user would have
liked the appliance to be switched on, but that was not true, and it is indicated
as Nadd

sched.

Therefore this error is calculated as:

Eadd
i =

Nadd
sched

Nweek
sched

(2.8)
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Weekly Habitual Profile Real Case Profile

Emiss
i Einterval

i Eadd
i Emiss

i Einterval
i Eadd

i

Dishwasher 0 0.01 0.20 0 0.01 0

Washing Machine 0 0.03 0 0 0.04 0.14

Water Heater 0 0.04 0.45 0 0.06 0.47

Table 2.7: Scheduling Errors due to Prediction Algorithm

• the difference in terms of time intervals between the one predicted as the user’s
preferred time for switching on the appliances and the ground truth value of
that time.

This error is considered taking into account the total amount of intervals I of
15 minutes inside the scheduling windows of 6 hours, that has been considered
during the test. The choice of this duration for the scheduling window has
been done taking into account the best compromise between computational
complexity and scheduling results. Indeed, to be sure that the time to correct
any prediction errors is enough,a fairly large window is needed. Therefore,
this error represents the times in which the algorithm correctly predicts that
the user would like to use one of the appliances i, but there is a miscalculation
on the exact time interval of activation. This difference in the time interval is
calculated by counting the number of n intervals that separate the true time
interval from the one predicted by the algorithm and then comparing it to I.

Therefore this error is calculated as:

Einterval
i =

n

I
(2.9)

The first two errors are reported in the first and in the third column for each
profile of Table 2.7; while the third error reported in the list is shown in the second
column for each profile.

The results in Table 2.7 and only those relating to two of the three profiles
described in subsection 2.3.2, specifically the results about the weekly habitual and
the real case profiles are reported. That is because in the situation of a user with
a daily habitual profile, the errors are always 0. Indeed, the predictions are always
right since the training data for the LSTM network and the test data are exactly
the same.

When considering the other two profiles, there are some errors in the additional
number of schedules, especially in the use of the water heater. This is due to the fact
that for this appliance the value of the threshold needed to establish its scheduling
has been chosen very low because, in relation to the user’s comfort, it is still better
to be sure that the appliance is switched on whenever it is needed, and even for
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Weekends, holidays and
everyday from 21:00 to 8:00

Everyday from 8:00 to 21:00

0.00089 €/kWh 0.0012 €/kWh

Table 2.8: Energy Pricing

the times that are predicted by mistake, then to have the water heater off when the
user really wants to use it. On the other hand, it is possible to see that, in any of
the considered profile scenarios, there are no cases in which the algorithm misses
the scheduling of the appliances, therefore making consistently accurate predictions
on the fact that the user would have carried out certain activities and that the
activation of the corresponding household appliance has occurred correctly. The
errors in terms of time intervals in which the appliance is scheduled are always very
low. Indeed, for the most part, the algorithm predicts the activities connected to the
appliances one interval of time before the right time. Anyway, as it will be presented
in the following set of results, this condition is further evaluated in how much this
difference from the preferred operating time annoyed the user.

2.4.2 Scheduling Algorithm Performance Evaluation

The proposed scheduling system has been then assessed in terms of energy savings
and user’s comfort, which represent the main objective of the system as a whole.
The evaluation of the energy costs during the test week has been made considering
the tariffs listed in Table 2.8, based on some typical Italian time-of-use tariffs set by
the company ENEL during the year 2021.

The results in Fig.2.5 show the cost savings obtained during the test week thanks
to the scheduling of the appliances. The graph shows the percentage savings ob-
tained in the scenarios in which the scheduling of household appliances takes place
compared to the case where no scheduling program is evaluated.

These results are obtained taking into account the fact that cost savings are
coming from a scheduling of switching controlled high loads to hours where the
energy has lower prices or to hours where there is a production of energy thanks to
the Renewable Energy Sources and considering that there is a reduction in energy
consumption due to a better optimisation in the usage of the water heater, which is
switched on only at times of interest for the user and not every time the temperature
drops below a certain value.

The two scenarios, in the Scheduling Without Annoyance case, base their eval-
uation scheduling only considering energy savings and not taking into account the
possible discomfort of the user due to the scheduling. This is reflected in an even
lower cost of energy at the end of the week as reported by the higher savings values
shown by the graph series Scheduling Without Annoyance compared to the graph se-
ries Scheduling With Annoyance in Fig.2.5. Even if the algorithm does not take into
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Figure 2.5: Energy Savings with respect to the WSA Scenario

consideration the annoyance of the user, the scheduling of the controlled appliances
is anyway programmed in a range of ±3 hours from the preferred time.

With respect to user annoyance, the system evaluates the user’s discomfort due
to the time shifts of the scheduling, considering a scale from 1 to 5. As explained
in Subsection 2.3.1, level 1 of annoyance indicates that the user did not feel any
discomfort in the time change, while a level of annoyance equal to 5 indicates that
the user had the highest discomfort due to this time alteration.

Fig. 2.6 shows the mean level of annoyance obtained for each appliance, consider-
ing the three profiles and the combination of the different scenarios that presuppose
the scheduling of the appliances. Each figures is referred to one of the three con-
trollable appliances in the house, i.e. the washing machine, the dishwasher and
the water heater; the comparisons concern the two scenarios SBPT and SBLSTM,
that are considered in the two cases of Scheduling With Annoyance or Scheduling
Without Annoyance.

In most cases where the annoyance of the user is considered before taking the
decision of the better time for the scheduling algorithm, the annoyance rate is lower
than value 3. There are some exceptions that can be explained both in the possible
errors while predicting the right preferred moment for the user to switch on the
appliances and sometimes in the randomness of certain user preferred moments
that are very distant from the hours of greatest energy saving. In every situation,
it is anyway possible to note how the annoyance rate for the user in the scenarios
concerning the Scheduling Without Annoyance is always higher than in the scenarios
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that take into account the user’s discomfort. Therefore, against a slight improvement
in energy savings over the week, there is a significant increase of the annoyance rates.
The only exception that seems to differ from the other results is referred to the use
of the water heater in Fig. 2.6(c). In this case, the annoyance rate is always very
low, even for the scenarios of Scheduling Without Annoyance. This is due to the
fact that in this case the discomfort is evaluated considering the water temperature
and not the hour in which the appliance is switched on, therefore if the temperature
is considered acceptable by the user regardless of the time, the annoyance rate does
not increase.

Then, the scheduling system here proposed, which considers both energy savings
and user annoyance, is capable of ensuring energy savings making better use of
appliances and resources while preserving the user’s preferences.

2.5 Conclusion and Future Works

This part of the thesis focuses on a solution for energy and comfort management
inside buildings, with the purpose of reducing energy waste thanks to a proper
control over appliances while at the same time ensuring the well-being of users. To
this aim, a BECM system is proposed that integrates a solution for two different
problems: the first one concerns the need for such a system to be able to know users’
behaviour and preferences and to predict usual activities; the second is about the
necessity to manage appliances with respect of that behaviours and preferences and
with respect of energy consumption.

The system has been tested in a real scenario, evaluating if the predictions were
correct and proposing a coherent scheduling that could guarantee energy savings.
The obtained results show that, as expected, the scheduling of the appliances can
guarante energy savings, reducing consumption over a week of at least 66.64% in
comparison with the classic use of energy and appliances. The prediction module
permitted a quite accurate scheduling based on probabilities, even if some of the ac-
tivities have given some problems because the statistical data about them were based
on a few instances. Furthermore, it was possible to guarantee that the annoyance
rate was never too high, thus respecting user comfort.

The main limitations of this work concern the fact that the system was tested
on a single dataset with a single inhabitant within the reference scenario. Some
activities are performed infrequently, so more data needs to be obtained. Further-
more, the data on the consumption of controllable household appliances are based
on presumed data and take into account the ”worst case” (in terms of cycle duration
and consumption). In contrast, a study on the usage habits of the specific appliance,
based on historical consumption, could improve the algorithm scheduling program.
Improving the algorithm for the recognition of the activities and their prediction,
integrating the system with other technologies (i.e. data from wearable, informa-
tion obtained from the analysis of Wi-Fi signals), would lead to a more accurate
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knowledge of the activities and make both recognition and prediction more reliable.
Hence, future works will investigate the proposed system’s adaptability to differ-

ent real-case scenarios, trying to improve the prediction module considering a larger
training phase and more instances of the activities and corresponding use of appli-
ances. Furthermore, it will be evaluated how different consumption cycles for the
use of the appliances can generate different predictions in the energy consumption
analysis and improve these predictions.
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Chapter 3

Energy Consumption Profiling of
Appliances inside Smart Buildings

3.1 Introduction

As discussed in the previous Section, it has been demonstrated that building oc-
cupants’ behaviour has a major impact on energy efficiency, not only considering
energy consumption per se but also on energy cost [40][16]. Indeed, energy efficiency
encompasses all the measures to either reduce the total energy consumption, e.g. by
reducing the appliance usage, or shift the consumption when it is more convenient,
e.g. off-peak hours of time-of-use rate plans or, in the case RES are installed, when
RES power is produced. To this aim, two of the main actions to reduce the impact
of buildings on greenhouse gas emissions are: raising awareness among building oc-
cupants about their energy consumption habits, and scheduling appliances to more
convenient times. Both actions require to have knowledge of the power consumption
profiles of the building appliances, which varies significantly over time, with peaks
and spikes that have very different values as compared to the nominal consumption
power.

Therefore, the main idea is to develop a system that identifies appliance profiles
based on power consumption data gathered by smart meters. The system contin-
uously monitors the power consumption of the appliances connected to the smart
meters to extract the features that best characterise their consumption profiles.
Such features are later used by a clustering algorithm to determine the clusters that
better represent the energy consumption profiles that can be associated with each
appliance. Accordingly, the parameters associated with each cluster can be used to
convey relevant information about occupants’ energy consumption habits, either to
the occupants themselves or to a Smart Building energy and comfort management
system.
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Figure 3.1: Scheme of the reference scenario and proposed system

3.2 System Overview

The reference scenario considered in this part of the thesis is that of a Smart Building
where appliances are connected to smart meters so that their energy consumption
can be monitored and profiled, as shown in Figure 3.1.

Each appliance i is connected to a smart meter si, which continuously monitors
its power consumption and sends its values Pi(t) to the energy consumption profiling
system. Such a system is made of two components: the feature extraction and the
consumption profiling blocks.

The feature extraction block collects all the Pi(t) values and analyses them.
More specifically, whenever appliance i starts consuming an amount of power enough
higher than 0, the feature extraction block associates the following Pi(t) values to a
specific consumption cycle j. Once the consumption cycle is considered finished, i.e.
when the measurements of the power reach a value lower than a threshold and this
value is maintained for quite a long time , the feature extraction block computes
the set of parameters that characterise the consumption cycle, i.e. its set of features
Fij.

The set of features is then sent to the consumption profiling block. Once a suffi-
cient number of sets of features is available for a specific appliance i, the consumption
profiling block starts the clustering process on all the sets of features associated with
appliance i. The output of this process is given by the set of clusters Ci = {Cmi}
identified by the clustering process for appliance i, each of which corresponding to
the set of consumption cycles that are grouped in the cluster. For each cluster {Cmi},
a reference consumption cycle P∗

mi is then computed.

3.3 Energy Consumption Profiling System

As described in the previous Section, every appliance in the Smart Building is as-
sociated with different energy consumption cycles that depend on the users’ habits
for that appliance. The data on the power absorbed by each load is recorded and
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then grouped according to different consumption cycles. This information is used
to recognise similar patterns automatically, thanks to clustering algorithms. The
approaches used to design the blocks that compose the energy consumption profil-
ing system outlined in the previous Section are described in detail in the following
Subsections.

3.3.1 Feature Extraction Block

The feature extraction block is the module of the system in charge of extrapolating
meaningful information from raw data in order to obtain a feature vector represen-
tative of the different appliance consumption cycles.

In order to separate the different cycles, first, the raw data have been manipulated
to eliminate some errors and noise. All the power values Pi(t) ⩽ 1W have been
considered measure errors of the smart meter and cleared. Then, the beginning
of each cycle is considered whenever there is a time t in which Pi(t) > 1W , while
the end of it is considered for time t when Pi(t) < 1W for at least 15 consecutive
minutes. This first processing only removes the major errors due to the smart
meter’s accuracy, but it is not sufficient to determine the duration of the consumption
cycle precisely. Therefore, the data are again manipulated to find more defined
consumption cycles. From the observation of the consumption cycles obtained, it
has been found that the consumption peaks convey interesting information about
the consumption cycle. Therefore, for each cycle obtained from the first division,
the first and the last peaks Pi(f), Pi(l) are taken into consideration. The important
information is the time in which these peaks occur and their values. The starting
operational time is then considered as the time t where Pi(t) ⩾ σf ·Pi(f), while the
ending time is the time t for which Pi(t) ⩽ σli(l). The values of σf and σl have been
set to 0.1. Indeed, the power values read from the smart meters tend to drop really
fast whenever they concern only fluctuations in the network and not real data about
the use of the appliance, so a value 10% lower than the peaks can be considered as
an error and discarded.

Once the cycle is obtained, it has to be described by different representative fea-
tures which take into account the information extrapolated from the raw data. For
each cycle, the feature extraction block computes the feature vector Fij based on the
information relating to consumption, power, duration and waveform characteristics.
More specifically, it has been observed that the most representative feature vector
consists of the following 8 features: the energy consumption at the end of the cycle;
the mean value of power; the max and min values of power; the duration from start
time to end time; the number of peaks and the average distance between them and
lastly the waveform shape factor.

Therefore, for each consumption cycle, a feature vector is created that describes
the different usage that the user can engage over the same appliance i, and that is
then compared and grouped with other similar feature vectors. The set of all the
vectors is then used as input for the consumption profiling block.
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3.3.2 Consumption Profiling Block

The consumption profiling block finds similar patterns between feature vectors in
order to obtain different consumption groups for each appliance. For that, a cluster-
ing algorithm is needed in the process to divide the data based on their attributes
and organise them into meaningful structures.

Given the numerical and statistical nature of the considered features, among
the different clustering algorithms and methods, the k-means algorithm has been
chosen in order to cluster the data into similar groups [12]. In fact, this algorithm
iteratively searches for the centroid that represents the cluster and at every step
each data point is assigned to its nearest centroid, based on the squared Euclidean
distance. The centroid is recomputed taking the mean of all data points assigned
to that centroid’s cluster.

In this case, the k-means algorithm is applied separately on each appliance fea-
tures dataset so that the obtained set of clusters Ci = {Cmi} is already differentiated
for every appliance i. Therefore, each of these clusters corresponds to one energy
consumption group.

Different consumption cycles j are associated with different energy consumption
groups as the algorithm clusters them; the purpose of the consumption profile block
is then to find the reference consumption cycle P∗

mi that is representative for the
entire cluster.

Therefore, the reference consumption cycle is computed taking into account the
mean power consumption, minute by minute, of all the consumption cycles j that
belong to the same cluster Cmi:

P∗
mi = meanj(Pij(t) : Pij(t) ∈ Cmi)

Since the cycles belonging to the same cluster have different duration of time, this
reference consumption cycle has the same duration as the most extended cycle in
the same group.

The information that can be extrapolated from it is used as representative of the
entire cluster.

3.4 Performance Evaluation

The performance evaluation of the proposed system is done using the DEDDIAG
dataset [92], which is a real-world domestic electricity demand dataset. The dataset
contains data from 15 different homes about power measurements of a total of 50
appliances that have been recorded at a frequency of 1Hz. The appliances that are
reported in the entire dataset are dishwashers, washing machines, dryers but also
refrigerators, coffee machines and TVs.

At this early stage, the main focus of the system is on monitoring and profiling
the consumption of high-consuming controllable appliances, therefore the only data
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Dishwasher Washing Machine Dryer

Cluster 1 38.5% 35.6% 7.8%

Cluster 2 7.3% 1.7% 18.6%

Cluster 3 1.2% 12.1% 24.5%

Cluster 4 27.8% 45.4% 1.0%

Cluster 5 25.2% 5.2% 48.1%

Table 3.1: Percentage Cluster Population

that are considered are those about the dishwasher, the washing machine and the
dryer. Furthermore, as a preliminary assessment of the system, the inspected data
entirely comes from one single house among the 15 reported in the dataset, i.e.
House number 12.

For this home, the monitoring over the appliances was performed for 320 days,
whit a rate of missing days of recording around 3%. The measurements are recorded
so that only value changes are stored; therefore, in order to be more easily processed,
the data have been padded to fill the gaps in the incomplete datetime series so that
a power consumption sample is available for every minute of the recording period
time.

From this data, the different consumption cycles are elaborated as explained in
Section 3.3.

The dishwasher’s data have produced 238 consumption cycles, while for the
washing machine and the dryer there are only 190 and 107 cycles, respectively. The
datasets composed of the feature vectors obtained by the feature extraction block
from the consumption cycles mentioned above are used to obtain the clusters for each
appliance that best represent the consumption cycle groups. In order to understand
the best k number of clusters, different tests have been performed, changing the
number of k from k = 2 to k = 15 and then evaluating the optimal cluster number
result. This evaluation has been made using Calinski-Harabasz criterion values [12].
The Calinski-Harabasz criterion gives the highest Calinski-Harabasz index value to
the solution that have a large between-cluster variance and a small within-cluster
variance with respect to the number k.

During this simulation, the optimal number of clusters obtained for all the three
considered appliances was k = 5. For each of these clusters, the reference consump-
tion cycle is obtained as explained in Section 3.3.2. In order to ensure that, within
the cluster, the number of outliers was not too high and that they could not nega-
tively influence the approximation of the reference cycle, some of these consumption
cycles j were dropped from the cluster. In particular, the cycles defined as outliers
were all the elements of Cmi with power values greater than three standard deviations
from the mean for every minute. In this way, the total number of cycles decreased
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Energy
Consumption

Mean
Power

Max
Power

Min
Power

Duration
Peaks
Nr

Peaks
Distance

Shape
Factor

Cluster 1 52777 463.0 1571.9 0.05 114 32 3.4 1.6

Cluster 2 4505 21.1 2230.3 3.8 214 62 4.0 2.5

Cluster 3 53619 646.0 1571.1 0.9 83 34 3.4 1.5

Cluster 4 60183 573.2 1570.3 0.1 105 26 3.2 1.4

Cluster 6 47449 481.9 1562.4 0.4 98.5 33 4.0 1.5

Table 3.2: Dishwasher Features for Each Reference Cycle

Energy
Consumption

Mean
Power

Max
Power

Min
Power

Duration
Peaks
Nr

Peaks
Distance

Shape
Factor

Cluster 1 27131 130.4 2150.1 0.2 208 69 3.6 4.1

Cluster 2 31767 392.2 1927 0.2 81 25 5.3 3.9

Cluster 3 58217 383.0 2039.1 0.1 152 43 3.3 1.9

Cluster 4 19690 180.6 2179.9 0.2 109 31 4.3 4.8

Cluster 5 45739 304.9 2183.2 0.9 150 48 3.3 3.0

Table 3.3: Washing Machine Features for Each Reference Cycle

to 234 for the dishwasher, to 174 for the washing machine and to 102 for the dryer.
Table 3.1 shows the percentage of elements that belong to each cluster for every
appliance.

Tables 3.2, 3.3 and 3.4 show the values for the 8 features of the reference con-
sumption cycles for each cluster of the dishwasher, the washing machine and the
dryer, respectively.

In order to understand how the consumption cycles of the same cluster could
differ from the reference one, every one of them has been considered based on their
distance from the cluster centroid. Therefore the one that is less similar to it is far
away from the centroid, while the one more similar to it is considered the one closer
to the centroid.

Energy
Consumption

Mean
Power

Max
Power

Min
Power

Duration
Peaks
Nr

Peaks
Distance

Shape
Factor

Cluster 1 91153 1688.9 2669.8 0.5 54 16 4 2.5

Cluster 2 411590 1470.0 2626.9 0.2 280 88 4.1 2.6

Cluster 3 79944 1211.3 2457.8 0.4 66 20 3.9 1.6

Cluster 4 71296 1584.4 2630.3 0.2 45 15 3.5 2.1

Cluster 5 128310 1379.7 2677.1 1.1 93 31 3.3 2.5

Table 3.4: Dryer Features for Each Reference Cycle
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Figure 3.2: Comparison between the most similar cycle (a) and the less similar cycle
(b) for Cluster 1 of the Dishwasher with respect to the reference consumption cycle.
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Figure 3.3: Comparison between the most similar cycle (a) and the less similar cycle
(b) for Cluster 4 of the Washing Machine with respect to the reference consumption
cycle.
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Figure 3.4: Comparison between the most similar cycle (a) and the less similar cycle
(b) for Cluster 5 of the Dryer with respect to the reference consumption cycle.



64CHAPTER 3. ENERGY CONSUMPTION PROFILING OF APPLIANCES INSIDE SMART BUILDINGS

Dishwasher Washing Machine Dryer

Estimated Percentage Estimated Percentage Estimated Percentage
Energy Error Energy Error Energy Error
Value Value Value

Cluster 1 52777 1.1 27131 4.7 91153 0.4

Cluster 2 4505 0.4 31767 0.2 411590 2.0

Cluster 3 53619 3.2 58217 0.9 79944 2.5

Cluster 4 60183 0.7 19690 9.4 71296 0

Cluster 5 47449 0.8 45739 0.4 128310 4.1

Table 3.5: Total Energy Consumption

As an example, fig. 3.2 shows the two graphs that compare the reference con-
sumption cycle of the dishwasher’s cluster 1 with the two extreme cycles selected
as explained above. Fig. 3.3 shows the same results for cluster number 4 of the
washing machine, while fig. 3.4 shows the graphs for cluster number 5 of the dryer.
The clusters chosen to be represented here are those that have the higher number
of elements in them, as shown in table 3.1.

From these images, it is possible to see that, especially for the most similar con-
sumption cycles, the reference one is a good approximation of the entire waveform,
also for the peaks of the signals. The main problems of the less similar consumption
cycles can be found in the different duration, as it is shown in the case of the washing
machine 3.3(b) and the dryer 3.4(b), or in the displacement of power peaks for the
dishwasher 3.2(b).

It has then been investigated how much the approximation of using the reference
consumption cycle in place of the real consumption cycle, e.g. if it was used to predict
the expected consumption of an appliance in an energy and comfort management
system, would affect the performance of the system. To this end, the results of
Tables 3.5 and 3.6 show the errors in the energy consumption obtained at the end of
the entire cycle operations and on the values of power measurements, time interval
by time interval, with respect to the average power value of the reference cycle.

The errors considering the overall energy consumption are shown in Table 3.5.
The table presents the errors regarding the percentage difference between the over-
all estimated energy value obtained from the reference consumption cycle and the
energy values of the other cycles of the same cluster, considering each cluster and
every appliance. The errors equal to 0 refer to clusters that had a single element
within them.

From the table rows, it is possible to see that, in general, the percentage error is
always less than the 10% in the total consumption of the cycle. The best results are
obtained for the dishwasher, for which the cycles generally have a trend with a lower
number of peaks and are, therefore, more efficiently represented by a reference cycle
which is the average of their values. For all the appliances, it is also possible to note
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Dishwasher Washing Machine Dryer

Mean Error Mean Error Mean Error
Power Interval Power Interval Power Interval

Cluster 1 463.0 ±79.0 130.4 ±25.2 1688.0 ±219.4

Cluster 2 21.1 ± 2.0 392.2 ±89.1 1470.0 ±277.2

Cluster 3 646.0 ±101.0 383.0 ±80.3 1211.3 ±249.3

Cluster 4 573.2 ±81.0 180.6 ±20.1 1584.4 ±0.0

Cluster 5 481.9 ±77.6 304.9 ±29.5 1379.7 ±253.2

Table 3.6: Minute-wise power errors in W ·min

that the errors are always very low even for the clusters that were less populated,
i.e. cluster 3 for the dishwasher, cluster 2 for the washing machine and cluster 1 for
the dryer, not considering in this last case the cluster number 4 that have only 1
element inside.

The other type of error considered is the difference in the values of power esti-
mated for each interval of time. In this case, the considered time is a one-minute
interval and therefore, the error is computed minute by minute until the end of the
reference consumption cycle. Table 3.6 shows, in column 1, the average power value
that occurs for each minute when considering the reference consumption cycle of
each cluster, while column 2 shows how much the individual cycle values can de-
viate from the average for each interval. In this case, it is possible to see that the
errors are quite low if compared to the mean value, and again the worst errors are
found for the clusters that have fewer data and are harder to define with a single
average representative cycle. Also for this table, the rows with 0 values refer to
clusters composed of only one element.

3.5 Conclusion and Future Works

This Chapter presents an energy consumption profiling system which, based on the
power consumption of appliances monitored by smart meters, infers the consumption
profiles that best describe their most common usage characteristics. The system first
detects the most relevant features that describe the consumption cycles of appliances.
Then, based on such features, it clusters the sets of consumption cycles associated
with each appliance using the k-means algorithm. Simulation results on a real-case
dataset show that it is possible to find different consumption profiles according to
users’ habits of appliance usage. From the clusters obtained it is possible to use
a single reference consumption cycle that can be used as the representative for all
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the cycles of the cluster with good approximation and acceptable errors, both in
the overall energy consideration and in the power instantaneous values referred to
specific intervals.

The significant limitations encountered in this work concern using a single dataset
referring to a single house, with data relating to some household appliances. The
presented approach is based on the average of the various cycles, while simulations
using other metrics, such as the barycenter, could give different insights for the refer-
ence cycle. Another interesting aspect is the study of additional features depending
on the appliance considered, while in this work, the same group of features is evalu-
ated for all devices. The reference profiles presented here take into account only the
total energy consumption of the cycle; by recognising particular features relating to
specific appliances, profiles can be defined considering other characteristics (time of
use, temperatures, days of the week).

Future works will be focused on analysing if different sets of features have dif-
ferent results depending on the appliance considered. Furthermore, diverse types of
appliances such as HVAC, microwave ovens and laptops will be investigated. Finally,
the system will be integrated into the energy and comfort management System pre-
sented in Chapter 2. In this way, the prediction about the activities linked to the
appliances will be accompanied by forecasts on energy consumption differentiated
by different usage profiles, making the system more complete and improving the
forecasts.



Chapter 4

Daily Activities Monitoring for
Well-Being and Stress Correlation

4.1 Introduction

The market of wearable devices is constantly growing and expanding, enabling sen-
sors, actuators and communication interfaces to be embedded into wrist-worn de-
vices, garments, and jewellery [31]. As such devices are becoming more and more
common, also the so-called techno-sceptics are starting to accept their everyday
use, not only for fitness tracking, but also to monitor their own health. Accordingly,
many systems have been developed to recognise simple repetitive body motions such
as running, walking, sleeping, sitting, getting up or going up and down the stairs
based on the data collected by accelerometers, gyroscopes, magnetic sensors, and
other wearable sensors [68][6]. A step ahead can be taken considering that these
data provide relevant information also about their owners’ health conditions and
quality of life [35] [10].

Indeed, it has been amply demonstrated that individuals’ habits, either positive
or negative, affect their psycho-physical health. The literature presents several stud-
ies that prove the correlation of lousy sleep and lack of physical activity with stress
and illness conditions [80]. Accordingly, by early recognising or even predicting the
triggers that cause bad health conditions, it can be possible to warn people in order
to discourage negative behaviours and correct their habits. On the other hand, by
understanding which activities correspond to an improvement in people’s health, it
is possible to encourage such behaviours, thus enhancing their quality of life.

The system proposed in this Chapter makes use of common commercial wrist-
wearable devices to collect data about users’ activities and habits, and find their
correlation with self-assessed stress and illness conditions. The objective is to take
a first step towards the development of the criteria and methodology that enable
automatic recognition of the parameters that affect users’ health conditions, so that
such conditions can be later predicted as soon as the first signals are detected by
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Figure 4.1: Overview of the proposed system

wearable devices. A first prototype has been realised to determine if the data about
sleep, fitness activities and walking habits, collected by the wearable devices of some
volunteers, have a correlation with their stress levels and illness conditions as self-
assessed by them. The results show that it is possible to find a correlation between
data about users’ activities and night sleep and the level of well-being perceived
by users themselves, while monitoring them with simple commercial smartbands
already owned by the users.

4.2 Proposed Methodology and Design of Prelim-

inary Prototype

The system proposed in this Section makes use of the data collected by common com-
mercial wrist-wearable devices to understand their correlation with low or high stress
levels and illness conditions. In the following Subsections, the proposed methodol-
ogy and its implementation in a preliminary prototype will be described in detail.
More precisely, how data are collected from wearable devices of different brands and
models and appropriately prepared to be later processed is described in Subsection
4.2.1. The questionnaire that has been given to volunteers so that they could self-
assess their stress levels and illness conditions is defined in Subsection 4.2.2, whereas
Subsection 4.2.3 describes the logic and metrics that have been considered to find
the correlation between the collected data and the questionnaires’ results. Figure
4.1 shows an overview of the proposed system and its main components.

4.2.1 Data Collection from Wearable Devices

In order to collect information on user habits and on the activities generally per-
formed by them, typical wearable devices such as smartwatches and smartbands are
used. In order to reduce the burden of designing specific interfaces to collect data
from devices of different brands and models, the Google Fit platform is used. Indeed,
Google Fit is an open ecosystem that allows the synchronisation of data collected
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with a multitude of different wearable devices. Such data are tied to the user’s
Google account and can be easily shared with other apps. Furthermore, specific
Android and Representational State Transfer (REST) Application Programming
Interfaces (APIs) are provided to help app developers collect and use fitness-related
sensor data in their applications. In particular, REST requests return structured
data, generally under the form of JavaScript Object Notation (JSONs) or eXtensible
Markup Language (XML), named resources.

Data collected by the Google Fit APIs are then appropriately saved by a Google
App Script in datasheets, to be later processed. The Google App Script is a cloud-
based JavaScript scripting language that allows to extend many of the features of
Google Apps and to create lightweight cloud-based applications. The app script
created to collect and store wearable data creates different buckets obtained daily
and divided according to the type of activity that was carried out. A bucket repre-
sents a set of data aggregated over a certain time interval and according to specific
requests. Buckets can be: time buckets, which collect all the required information
for specific hours, days or time intervals; session buckets, which describe sessions,
i.e. time spans in which specific metadata are recorded, such as precise training
sessions or continuous activities (e.g. sleep); activity type bucket, which contain all
the information associated with the type of activity carried out; activity segment
bucket, where a segment consists of a continuous sample of the same activity over
time. The most appropriate bucket type for the proposed solution is the activity
segment bucket, since it is more representative of real-time requests that could be
made any time of the day.

In the Google Fit storage, data are associated with the sensor that has collected
them, namely the data source. By using the POST method, the elements are created
by making requests for each of these data sources. Aggregate data is obtained from
each of them, in this case, according to each activity segment.

Access to user data is allowed only with prior authorisation from the user; in-
deed, Google APIs make use of the OAuth 2.0 authorisation and authentication
protocol. Therefore, in order to receive the user data, the application first needs to
obtain an access token that gives it permission to access the API. Requests made
by the application require an authentication step in which users log in with their
Google account. After logging in, they are asked if they want to grant one or more
permissions required by the application. This process is called user consent. The
requested authorisations provide the following permissions to Google Fit scopes:
read data about the carried out activities; read information about the user’s phys-
ical characteristics; receive sensor data about the user position; receive sensor data
about the heartbeat; read the data related to the sleep activity.

The script is automated to transcribe data day by day into Google spreadsheets.
Such data cannot be immediately used, but require further modification and process-
ing steps beforehand. To this end, a Python code based on the NumPy and Pandas
libraries was developed, along with Google Sheet APIs, which enable data manip-
ulation of Google spreadsheets. More specifically, reading/writing values from/to
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Google spreadsheets is enabled by the spreadsheets and the spreadsheet values col-
lections.

Once the data are retrieved and imported into the Python program, they are
appropriately processed. Each of the datasets obtained from the spreadsheets of the
users is linked to an anonymous ID known by the users. This ID is the same one that
identifies the users when they have to answer some questions about their well-being.
The data are then elaborated for every day, joining together the different segments
or sessions that belong to the same performed activity detected by the wearable
devices. For every activity there is then one single row every day that takes into
account the information about the number of steps, burned calories, covered distance
and how long that activity was performed.

4.2.2 Self-Evaluation of Well-being and Stress

The focus of this study is to assess the well-being of generic users which do not
present pathological conditions, and to measure a level of stress that is considered
as the normal daily stress correlated with minor life problems, such as work stress
and similar. For this reason, the WHO-5 Well-Being Index questionnaire described
in Section 1.6.2 has been selected among the possible ones due to its applicability to
general population and its briefness; in order to include the stress assessment, one
question from the Perceived Stress Scale (PSS) has been added to the questionnaire,
i.e.: ”how often have you felt nervous and stressed?”. In the survey there are also
three other questions selected from the General Health Questionnaire (GHQ) [37].
There are four different versions of the GHQ; in this case the GHQ-28 has been
considered, which provides four scores measuring physical symptoms, anxiety and
insomnia, social dysfunction, and severe depression. The selected questions are
related only to the physical items, which can be easily linked to a generic physical
state of health.

In order to answer the questions, the users had to complete a survey sent to
them by email. In the first question they had to indicate their anonymous ID so
that, later on, it was possible to link their score, obtained from the survey, to the
GoogleSheet containing the data of their performed activities, obtained from the
wearable.

There are two different surveys, one is related to users’ feelings after one entire
month of monitoring, and the other one is related to a single week. Other than
the questions extracted from WHO-5, PSS and GHQ-28 surveys, in the monthly
questionnaire there are two other questions that specifically investigate whether
users have had any general health problems (cough, allergies) or fever and for how
many days.

Therefore, the questions presented to users are the following: ”I have felt cheerful
in good spirits”, ”I have felt calm and relaxed”, ”I have felt active and vigorous”, ”I
woke up feeling fresh and rested”, ”How often have you felt nervous and stressed?”,
”Have you been feeling perfectly well and in good health?”, ”Have you been getting



4.2. PROPOSED METHODOLOGY AND DESIGN OF PRELIMINARY PROTOTYPE 71

any pains in your head?”, ”Have you had difficulty in staying asleep once you are
off?”, ”Have you been ill (cough, allergies, cold)?”, ”Have you had a fever?”.

The second questionnaire has the same questions as the previous one, with one
additional question that requires users to indicate the approximate hours spent out-
doors (”How many hours have you spent outdoors this week?”). This last question
has been inserted in order to try to understand if there is some kind of correlation
between the time generally spent outdoors and the sensation of well-being perceived
by users. These results can be used to decide if it could be helpful to monitor this
aspect directly through wearable devices during a second phase of experimentation.
The same question is not asked in the first survey because it is very unlike that users
can answer a specific question like that with accuracy for an entire month.

4.2.3 Metrics to Assess the Correlation Between Wearable-
Collected Data and Self-Evaluation Results

In order to understand how users’ typical behaviour in terms of daily activities and
daily sleep has an impact on their perceived well-being and stress, it is necessary to
measure the correlation between the data obtained through the monitoring, using
smartwatches and smartbands, and the survey scores.

There are different statistical methods that can be used to assess the correlation
between two or more variables. Pearson Correlation [35], Spearman Correlation [42],
t-test [10] are some typical formulas that allow establishing the level of correlation of
the features under consideration. For example, in [35] the authors make use of Pear-
son Correlation to understand what information taken from smartwatches sensors
about body sensing and environmental light are useful to determinate the mood state
of users (happiness and activation); in [13] features extracted from smartwatches are
used to find some correlation with respect to the stress condition reported by users,
through the Mutual Information evaluations, that is a measure of mutual depen-
dence between the two variables.

The aim of this study is to find a correlation between the information concerning
users’ daily activities and daily sleep, that are obtained from different types of
smartwatches or smart bands, and the scores about perceived well-being and level
of healthiness deduced from the survey reported in the above Section 4.2.2. For
this purpose, Spearman’s rank correlation coeffiecients among involved variables are
used.

Spearman’s correlation coefficients provide a measure of the strength and direc-
tion of association between two ranked variables and it is a measure of a monotone
association. Values of ±1 indicate a strong positive correlation or a strong nega-
tive correlation, so that as one variable increases, the other variable also tends to
increase (positive), or decrease (negative). A value equal to 0 indicates that the
association between the two ranks is not monotonic. Spearman rank correlation can
be calculated with the following formula:
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rsr =

∑
(Rix −Rx)(Riy −Ry)√∑

(Rix −Rx)2 ·
∑

(Riy −Ry)2
(4.1)

where Rix and Riy indicate the ranks of the i− th values of variables X and Y ;
Rx and Ry are the means of Rix and Riy values.

4.3 Preliminary Performance Evaluation

The objective of this first prototype was to assess the soundness of the proposed
methodology and have a first estimation of the correlation between the observed
parameters and users’ health. For this reason, even though the number of involved
volunteers is quite low, it is still enough to draw some preliminary conclusions. The
monitoring of users’ behaviour is done in-the-wild, therefore in uncontrolled real-life
environments, counting 4 people, 2 females and 2 males, aged between 28 and 36
years. The subjects were all informed about the type of data that the system was
going to collect and the purpose of their collaboration; they all used their personal
smart devices already possessed and were instructed to perform their activities how
they usually do and use the devices like they always have. Indeed, this is necessary
to be sure that the results are affected as least as possible by the so-called observer
effect, i.e. the disturbance caused by the awareness of being observed. The wearable
devices that have been used to collect data are: one Xiaomi Mi Band 3, two Xiaomi
Mi Band 5 and one Watch Amazfit GTR.

Data were collected for 2 months, recording information concerning the number
of steps, the distance travelled on foot, the number of calories burned and the average
heart rate. This information is linked to one precise activity recorded in Google Fit
and obtained from the wearable devices. The information of the starting and ending
time and the duration is also recorded for every detected activity.

The data are then aggregated by day, so that for every day it is possible to
consider the amount of time dedicated to moving/fitness activities and the total
sums for steps, calories and distances. For the monitoring of sleep activities, the
only data that are considered are the burned calories and the duration of the daily
night sleep.

The evaluation of the well-being and stress levels are done considering two differ-
ent time periods. Firstly, the subjects were asked to answer questions related to the
first month of the experiments. The questions of this survey are the ones from the
WHO-5, PSS and GHQ-28 that have been explained in 4.2.2. On the other hand,
during the second month, the subjects had to answer the same questions of the ones
in the first survey but related to one week at time, at the start of each of the three
weeks.

Therefore, for each user, 4 different scores from the survey can be considered.
The first one related to the whole first month, and the other three scores related
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Mean Mean Mean Mean Ill Survey
Daily Daily Daily Daily Days Fever Score
Steps Calories Distance Duration

Mean Daily Steps 1 0.738 1 0.643 -0.546 -0.094 0.856

Mean Daily Calories 0.738 1 0.738 0.929 -0.081 0.514 0.723

Mean Daily Distance 1 0.738 1 0.643 -0.546 -0.094 0.856

Mean Daily Duration 0.643 0.929 0.643 1 -0.081 0.514 0.724

Ill Days -0.546 -0.081 -0.546 -0.081 1 0.589 -0.193

Fever -0.094 0.514 -0.094 0.514 0.589 1 0.016

Survey Score 0.856 0.723 0.856 0.724 -0.193 0.016 1

Table 4.1: Spearman’s Rank Correlation Coefficients for Fitness Activities

each to one of the three weeks of the second month. Points are calculated so that
greater final score values are related to a greater level of well-being experienced by
users. For every question there are 5 possible answers useful to rate how well each
of the statements applies to the user; each of these answers can give a point between
0 to 5. Therefore, the maximum score for the surveys is 40 considering the first 8
questions. The remaining answers are evaluated as the amount number of ill days or
days with fever with respect to the total number of days considered in the referred
period.

The obtained scores are then related to the following features calculated from
the data of the wearable devices:

• the daily mean values of the duration of the activities (Mean Daily Duration)
and the total time spent performing the activities during the month or the
week; fitness activities are considered all together to obtain an estimation of
the time spent doing physical movement over the considered period,

• the mean daily steps number (Mean Daily Steps) and the total number of
steps counted during the month or the week,

• the mean daily burned calories (Mean Daily Calories) and the total calories
expended during the month or the week,

• the mean value of the travelled distances (Mean Daily Distance) per day and
the travelled distance of the month or the week.

Table 4.1 shows the results in terms of the Spearman correlation coefficients.
These results refer to the totality of the data and scores obtained in the two months
of experimentation. Only the most significant ones are shown, i.e., those that can
be significantly related to the survey scores. For example, there is obviously also a
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Mean Ill Fever Survey
Daily Days Score

Duration

Mean Daily Duration 1 -0.500 -0.866 -0.112

Ill Days -0.500 1 0.125 -1

Fever -0.866 0.125 1 0.022

Survey Score -0.112 -1 0.022 1

Table 4.2: Spearman’s Rank Correlation Coefficients for Sleep Activities

strong correlation between the total steps and the travelled distance, but it is not
useful information. High values of correlation can be considered those that have an
absolute value greater than 0.7.

Therefore, it is possible to notice that there is a strong correlation between the
mean values of the information related to the daily activities over the time period
and the correspondent well-being and stress evaluation reported with the scores of
the surveys. The correlation is positive, thus indicating that physical activities bring
a greater sense of well-being.

Table 4.2 shows the Spearman correlation coefficients referred to the daily sleep
of the users. From these results, it is possible to see a strong correlation between the
fact the the users had a fever during the reference period and the mean duration of
users’ night sleep; also, there is a strong correlation between the number of ill days
and the general score obtained from the survey. Both the correlations are negative,
thus indicating how not feeling in good health affects both the users’ night rest and
the users’ final results of the evaluation of their well-being and perceived stress.

Since the questions of the second survey, sent every week, have more details, the
correlations between data and scores are also evaluated week by week. The results
in table 4.3 show a similar trend to the general results already presented, with a
strong correlation between data about activities and the total score of the surveys.
The only exception can be found in the correlation between the mean time spent
performing the activities and the total score, where the values are always under 0.5.
This is due to the fact that the duration spent on physical activities by each user is
always very different from each other and thus is not very discriminating over one
week. Regarding the analysis considering each user alone for the overall period of
the experimentation, the results show similar significant correlation coefficients for
activity data and survey scores comparable to those in the table 4.1.

The additional question of the weekly questionnaire about the time spent out-
doors by users gave one suggestion of a strong negative correlation with the mean
duration of the activities. Indeed, the correlation coefficients are −0.811, −0.716
and −0.732 for each week. From this result it is possible to understand that the
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Week1
Survey Score

Week2
Survey Score

Week3
Survey Score

Mean Daily Steps 0.810 0.800 0.800

Mean Daily Calories 0.721 0.712 0.800

Mean Daily Distance 0.786 0.800 0.800

Mean Daily Duration 0.452 0.400 0.406

Table 4.3: Spearman’s Rank Correlation Coefficient by Week

users performed most of their activities inside their home. However, this result could
be influenced by the particular situation in which we find ourselves globally due to
COVID-19 restrictions, for which very often it is not allowed to spend a lot of time
outside one’s own homes. On the other hand, a strong positive correlation was also
found with the mean daily steps and the mean daily distance, as it is expected.

4.4 Conclusion and Future Works

This part of the thesis presents a first approach to the design of a methodology
to early recognise and predict stress and illness conditions, based on their correla-
tion with data collected through common commercial wearable devices. The first
prototype presented in this thesis assesses the correlation between some specific pa-
rameters describing sleep, fitness activities and walking habits, with stress levels
and well-being state as self-evaluated by the users of the wearable devices. Prelim-
inary results prove that there is a strong correlation between simple data collected
through smartbands and the well-being and state of the healthiness of the users
assessed using self-evaluation surveys.

The main limitation of this study is undoubtedly linked to the small number of
participants involved and the fact that it was possible to collect only averaged data
for the investment period. Furthermore, obtaining only some information relating
to user activities and parameters was possible. Moreover, there are more parameters
that, if investigated, could lead to more significant results. The study in question is
an initial evaluation of the methodology, while the essential part will be to establish
how to predict psycho-physical developments from previously collected data.

Therefore, future works will be focused on expanding and validating the pro-
posed methodology with more volunteers monitored for a longer period of time.
Furthermore, other parameters, such as heart rate variability, will be included. The
system will be later integrated with data gathered by ambient sensors inside users’
homes, when present, which will improve the context-awareness of the system by
incorporating other activities’ recognition. It may be interesting, for instance, to
evaluate if the time devoted to cooking or eating has a correlation with users’ weight.
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Chapter 5

Concluding Remarks and Future
Works

The main idea of this research work was to establish how people’s habits and be-
haviours can affect certain aspects of their lives. Indeed, it is known that some
actions lead to consequences that can be negative, both on the psycho-physical
health of the user and on the surrounding environment. Good habits, on the other
hand, when recognised as such, should be encouraged and highlighted. Therefore,
the thesis focused on developing systems that could help users in these terms, act-
ing to improve their quality of living from different points of view. In particular, an
analysis has been presented, within the Smart Home scenario, to improve the use of
energy and, at the same time, guarantee user comfort; on the other hand, it has also
been analysed how it is possible to investigate the way in which physical activity
and sleep quality can affect the psycho-physical health of the user.

In chapter 1, the problem of recognising and predicting activities carried out by
users is addressed. This Section starts with the study of the different works from
the literature and the presentation of different possible approaches depending on
the sought solution, with an insight about the approaches that were useful for the
discussion made in the next Sections. In particular, solutions using a network of
environmental and non-intrusive sensors arranged inside a Smart Home and solutions
based on wearable for health monitoring are considered.

chapter 2 addresses in detail the realisation of a BECM system that is focused
on monitoring and controlling key equipment inside smart buildings and under-
standing users’ behaviours, with the aim of providing users with tools that support
cost-effective solutions in appliance management. The main objective of this sys-
tem, described in Section 2.2, is to learn users’ daily behaviour and to be able to
predict their future activities based on statistical data about the activities they
usually perform. The system can then execute a scheduling algorithm of the ap-
pliances based on the expected energy consumption and user annoyance related to
shifting the appliance starting time from their preferred one. Experimental results
demonstrate that thanks to the scheduling algorithm, energy cost can be reduced
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by at least 66.64% depending on different users’ routine predictability profiles, just
by shifting the use of the appliance to time periods of non-peak hours. Schedul-
ing based on probability evaluation of the preferred time of usage of the appliances
allows obtaining evident energy savings, even considering some errors in predicted
activities.

In chapter 3, Section 3.3 proposes an appliance power profiling system that anal-
yses different consumption profiles that are associated with each appliance. Prelim-
inary simulation results show that each profile can be approximated with a single
reference consumption cycle representative for the entire cluster, with errors that
are always lower than 10%, considering both total energy consumption and power
values time interval by time interval.

Finally, the last chapter 4 focuses on a different research area that is about health
monitoring systems. In Section 4.2, a system that makes use of popular commercial
wrist-wearable devices to find the correlation between the monitored users’ activities
and their stress and well-being conditions, as subjectively self-assessed by them,
is proposed. This Section aims to present a methodology to automatically learn
which users’ activities can be associated with positive and negative health conditions
so that they can be later predicted as soon as the first signals are detected by
wearable devices. The implementation and preliminary results of a first prototype
of the proposed system, which monitors users’ sleep and activity and assesses the
correlation with stress levels and illness conditions, have been presented in Sections
4.2 and 4.3.

The major limitations of all the works presented concern the difficulty in finding
data and volunteers, which has led to being able to evaluate the proposed solutions
only in small groups (single houses, few users). It will therefore be necessary to
consider all the proposed solutions, even on a larger scale. Finally, at the moment,
the three systems are independent of one another. The final system will instead
be a single complex entity which, thanks to the combined use of sensors and other
non-intrusive systems to monitor the surrounding environment and to the use of
simple wearable devices, will have a complete understanding of all the habits and
activities typically performed by the users and will also monitor their vital param-
eters. Therefore, it will be able to act by giving targeted advice or modifying the
surrounding environment to make it more suitable considering users’ particular state
of mind based on prior knowledge of their habits and preferences.

Hence, future works will primarily focus on improving the appliances’ energy
consumption profiling system, analysing different sets of features for different ap-
pliances and adding new appliances into the simulations. Furthermore, this system
will be integrated into the BECM system of chapter 2. Indeed, the main purpose is
to be able to connect the prediction of the different appliance energy consumption
profiles to the prediction of certain activities associated with that particular house-
hold appliance. The other important aspect concerns the health monitoring system.
For this research activity, future efforts will involve expanding the proposed system,
including more users and analysing more parameters. Also in this case, the final
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purpose will be to integrate this type of monitoring based on commercial wearable
devices within the BECM system for a more accurate and complete knowledge of
the user’s habits.
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