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Abstract

In today’s world, energy efficiency in buildings has become a top priority
due to the significant energy waste caused by the operation of inefficient elec-
trical appliances or to the inefficient use of them. Conventional methods of
reducing energy waste cause discomfort for occupants inside a building. One
promising way to optimize energy consumption in buildings is to synchro-
nize appliance operation with the dynamic behavior of occupants in these
buildings. Internet of Things (IoT) technologies, which allow for widespread
data collection and execution of Machine Learning (ML) algorithms, enabled
the creation of so-called Cognitive Buildings (CBs). CBs can learn patterns
from these behaviors residing in and adjust electrical appliance operations
accordingly. Understanding these behaviors includes how the occupants use
the space, including if they are present, how many they are, and which ac-
tivity they are performing. By doing so, these CBs could reduce energy
waste, enhance resource efficiency, and consequently reduce CO9 gas emis-
sions. Furthermore, they could improve the overall comfort of the living
environment and help with sustainability initiatives.

On the one hand, this thesis contributes to predicting occupancy inside
a building, which is crucial for energy management inside CBs. We first pro-
pose an approach using federated learning (FL) and long-short-term memory
(LSTM) neural networks to predict binary occupancy across several rooms
inside the building. Furthermore, the proposed approach shows how FL
could aid in binary occupancy predictions for rooms without specific model
training. Through the use of our proposed approach, we attain an overall
accuracy of approximately 94.5% on the considered data. We extend binary
occupancy prediction to multi-occupancy prediction, forecasting the number
of occupants in a space using a traditional FL technique. We do a compar-
ison analysis by examining several FL configurations derived from different
combinations of high-level rounds (HLRs) and epochs. HLRs represent in-
stances of model aggregation at a high level, typically in the cloud, whereas
epochs pertain to training rounds involving clients at the network’s edge.
We employ a multi-layer hierarchical FL architecture, which can reduce the
total communication energy with respect to the traditional FL by adding
additional aggregation layers. The proposed approach also presents a design

template for developing real distributed systems in CBs. We validate our
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approach by implementing a preliminary prototype at ICAR-CNR, Rende,
Italy. Additionally, a performance study demonstrates an accuracy of 84.5%
in predicting a multi-occupancy environment.

On the other hand, this thesis also considers the recognition of occupants’
complex activities inside these CBs, which are crucial for the occupant’s
comfort as different activities demand, for example, different temperatures
and light intensities. We develop a novel hybrid deep learning model that
combines LSTM neural networks with one-dimensional convolutional neu-
ral networks (1D-CNN) and recognizes these complex occupants’ activities.
LSTM explores the comprehensive temporal dimension, thoroughly exam-
ining time-related data, whereas 1D-CNN focuses on the spatial dimension,
carefully handling deep features to reduce spatial characteristics. We de-
ploy a real-time case study by collecting data from 22 healthy participants
involved in 10 diverse activities through the use of Ultra Wideband (UWB)
radar technology at the headquarters of ICAR-CNR in the IoT Laboratory,
Italy. Moreover, we conduct a comprehensive benchmark of our approach
against various statistical techniques and other deep learning models re-
cently introduced in the literature. Results show that our proposed approach
outperforms conventional methods and achieves an impressive accuracy of

98.42% for complex activity recognition.






Contents

Contents vii
List of Figures xi
List of Labels xiii
List of Abbreviations XV
1 Introduction 1
1.1 Contributions to the research . . . . . . . ... ... ..... )
1.2 Organization of the thesis . . . . . . .. ... ... ... ... 6
2 Background 9
2.1 Occupants’ Behaviors in Buildings . . . . ... ... ..... 9

2.1.1  Occupancy detection, estimation and prediction in build-

INgS . . . . 9

2.1.2  Occupants Activity Recognition in Buildings . . . . . 10

2.2 Data Collection Technologies . . . .. ... .. ... ..... 11
2.2.1  Sensor used for Occupancy Prediction in Buildings . . 11

vii



CONTENTS

2.2.2  UWB Radar Technology for Activity Recognition in
Buildings . . . ... ... o

2.3 Machine Learning . . . . . . . . .. ... L.
2.3.1 Artificial Neural Network (ANN) . . .. ... .. ...
2.3.2  Convolutional Neural Network (CNN) . . ... .. ..
2.3.3 Recurrent Neural Network (RNN) . ... .. ... ..
2.3.4 Long Short-Term Memory (LSTM) . . . . .. .. ...

2.4 Edge Computing . . . .. .. ... ... ...

2.5 Federated Learning . . . . . . . .. ... ... ... ...

State of the Art on Occupancy Prediction and Activity Recognition

in Buildings

3.1 Occupancy Prediction in Buildings . . . . .. ... ... ...

3.1.1 Binary occupancy detection and prediction in buildings

3.1.2  Multi occupancy estimation and prediction in buildings

3.2 Activity Recognition in Buildings . . . . . .. ... ... ...

Novel Approaches for Occupancy Prediction in Cognitive Buildings
4.1 Binary occupancy prediction in buildings . . ... ... ...
4.1.1 Reference architecture for binary occupancy predic-

tion in buildings . . . . ... ... oL

4.1.2 Case study for binary occupancy prediction in buildings

4.2  Multi occupancy prediction in buildings with single-layer FL

4.2.1 Proposed architecture for multi-occupancy prediction
with single layer FL. . . . . . . . ... ... ......

4.2.2 Experiments for multi-occupancy prediction with sin-
glelayer FL. . . . . . .. . ... ... ... ... ...

4.3 Multi occupancy prediction in buildings with multi-layer FL .

19
19
19
23

26

31

31

31
34

36

37

38
44

viii



CONTENTS

4.3.1 The Reference architecture for multi occupancy pre-

diction with multi layer FL. . . . . .. ... ... ... 44
4.3.2 The Design Template . . . .. .. ... ... ..... 47
4.3.3 Case Study Implementation . . . . . ... .. ... .. 50
4.3.4 Experimental Evaluation . .. ... .. ... ..... 56

5 A Novel Approach for Activity Recognition in Cognitive Buildings 65

5.1 UWB Radar-based Activity Recognition in Buildings . . . . . 65
5.1.1 The Proposed Approach . . . . ... ... ... .... 66

5.1.2 Case study for activity recognition in buildings . . . . 70

5.1.3 Discussion and results for activity recognition . . . . . 76

6 Conclusion, Publications, and Future Work 87
6.1 Conclusion . . . ... .. ... 87
6.2 Publication Related to this Thesis . . . .. .. ... .. ... 88
6.2.1 Journal Publications . . . . . . .. .. ... ... ... 88

6.2.2 Book Chapter. . . . . ... ... ... ... ...... 90

6.2.3 Conferences . . . . . . .. ... oL 90

6.2.4 Invited talk at International Conference . . . . . . .. 91

6.3 Future Work . . . .. ... ..o 92
Bibliography 93

ix



CONTENTS




List of Figures

1.1

2.1

2.2

4.1

4.2

4.3

4.4

4.5

4.6

4.7

Visual Representation of Occupant Behaviour Inside CBs. . .

Ultra-wideband SLMX4 sensor. . . . . . . . . . . o . . . ..

Ultra-wideband scatter matrix. . . . . . . . . . . . ... ...

The reference architecture of the proposed approach for bi-

nary occupancy prediction. . . . . ... .. ... L. L.

The reference flowchart of the proposed approach for binary

occupancy prediction. . . . . ... ..o
Sensor data with actual and predicted binary occupancy. . . .

The reference architecture considered in the proposed ap-

proach for multi-occupancy prediction with single layer FL.

The devices involved in the implemented case study for multi-

occupancy prediction. . . . . ... ..o

Evaluation metrics curves computed against the test set on

increasing number of epochs. . . . . ... .00

Actual vs Predicted multi-occupancy for the considered case

xi

7

38



LIST OF FIGURES

4.8

4.9

4.10
4.11
4.12
4.13

4.14
4.15

5.1
5.2

5.3

5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12

5.13

The reference architecture proposed for multi-layer hierarchy

Federated Learning. . . . .. ... ... ... ... ......
The proposed Design Template. . . . ... ... ... ....
The main components implemented for the case study. . . . .
The touchscreen connected to the EDGE; Raspberry Pi. . . .
The realized Node-Red application. . . . . . . ... ... ...

Correlation matrix of the sensors deployed in the IoT Labo-

Actual vs Predicted occupancy for the considered case study.

HDL4AR model architecture. . . . . ... ... ... ....
The IoT laboratory in ICAR-CNR, Italy. In the foreground,
the used UWB radar is shown in its working position.
Graphical visualization of the Accuracy, Precision, Recall,
and F1 Score for the compared approaches. . . . ... .. ..
Confusion Matrix of UMAP-LSTM based Classification. . . .
Confusion Matrix of EDA-LSTM based Classification.
Confusion Matrix of AGRU-1D CNN based Classification. . .
Confusion Matrix of ALSTM-1D CNN based Classification
Confusion Matrix of Transformer-based Classification.
Confusion Matrix of our approach. . . . . .. ... ... ...
Accuracy graph of the training and validation sets. . . . . . .
Loss graph of the training and validation sets. . . . . . . . ..
3D scattering visualisation of each activity for our proposed

approach. . . . . . . ...

The IoT laboratory in ICAR-CNR with the new configuration.

45
49
o1
54
95

58
99
61

70

71

78
81
31
82
82
83
83
84
84

84
86

xii



List of Tables

4.1

4.2

4.3

4.4

4.5

4.6

5.1

5.2

5.3

Confusion Matrix of the test set. . . . . . . . .. . ... ...

Evaluation metrics computed for different configurations and
comparison with the fully centralized solution. All the met-
rics are calculated by using a Macro-Averaging scheme. Bold

values highlight the best configuration for a given measure.

List of the sensors exploited within the IoT layer for the pre-

sented case study. . . . . . . ... ...
Performance of the proposed model . . . ... .. .. ....
Evaluation matrix table for the considered case study

Evaluation metrics computed for the comparison analysis of
different methods. Bold values highlight the best method for

a GIVEN MEASUTE. . . « .« .« v v v v v e e e e

Engagement of all participants in the data acquisition process.

Evaluation metrics computed for different approaches and

comparison with our approach. . . . . .. .. ... ... ...

Accuracy’s score of each activity for all the compared classifiers.

xiii

42

53

62

63

63

78

80



LIST OF TABLES

5.4 Computational complexities are computed for different ap-

proaches and comparisons with our approach. . . . . . . . .. 85

xXiv



List of Abbreviations

1D-CNN
Al

ANN
CB

CL

CNN
CO
CO2
DL

DT
EC

EU

FL

HAR
HDL4AR
HLRs

HMM
HVAC

ICT
IoT
LDA
LSTM
ML

One-Dimensional convolutional Neural Networks

Artificial Intelligence

Artificial Neural Network
Cognitive Building
Centralized Learning
Convolutional Neural Network
Carbon Monoxide

Carbon Dioxide

Deep Learning

Decision Trees

Edge Computing

European Union

Federated Learning

Human Activity Recognition
Hybrid Deep Learning model for Activity Recognition
High-Level Rounds

Hidden Markov Model

Heating, Ventilation and Air conditioning
Information and Communication Technologies
Internet of Things

Linear Discriminant Analysis

Long Short-Term Memory

Machine Learning

XV



LIST OF ABBREVIATIONS

PCA

PIR
RF
RMSE

RNN
SVM

TS
UWB

Principal Component Analysis
Passive Infrared

Random Forest

Root Mean Square Error
Recurrent Neural Network
Support Vector Machine
Temporal-Sequential

Ultra Wideband

Xvi









Chapter

Introduction

Cognitive Buildings (CBs) represent a transformative evolution in built
environments, integrating sensors, actuators, and advanced technologies such
as ToT, artificial intelligence (AI), and machine learning to create spaces
that are not only responsive but also intelligent. These buildings go beyond
traditional automation by employing Al-driven algorithms to analyze vast
amounts of data from sensors and user interactions. This allows CBs to learn
from historical and real-time data, reason about optimal actions, and adapt
dynamically to changing conditions, enabling highly personalized and effi-
cient management of resources and spaces [1]. Unlike smart buildings, which
primarily rely on predefined rules and basic automation, CBs leverage the
full power of Al and cognitive computing to achieve adaptability, reasoning,
and continuous learning. A CB has to perform many complex tasks to im-
prove, among others, the efficiency and maintenance of the building itself
and the security and comfort of its inhabitants while assisting them in their
daily life activities [2]. Since it has been estimated that, currently, build-
ings’ energy consumption is, in the European Union, 40% of the total energy
consumption’, CBs have to take care of energy optimization issues [3]. Op-
timizing buildings’ energy utilization can significantly contribute to energy
conservation and sustainability [4].

The importance of energy optimization in buildings can be observed from
various perspectives [5, 6]. CBs can reduce the usage of important resources
and, in this case, reduce energy wastage, which in turn leads to lower energy
bills and cost savings. CBs can help reduce greenhouse gas emissions and
mitigate the effects of climate change. The building sector accounts for a
significant amount of carbon emissions, and reducing energy consumption in
buildings can help decrease the sector’s impact on the environment. CBs can
create a more sustainable and resilient built environment. These buildings,

In focus: Energy efficiency in buildings - European Commission - https://
commission.europa.eu/news/focus-energy-efficiency-buildings-2020-02-17_en



CHAPTER 1. INTRODUCTION

with the smartness they must demonstrate, can help generate more com-
fortable and healthy indoor environments for occupants. This is especially
important in global health crises, such as the COVID-19 pandemic, as CBs
can help ensure better indoor air quality and minimize the risk of infectious
disease transmission. CBs can help create green jobs and support the devel-
opment of a low-carbon economy. By investing in these buildings, building
owners and operators can create new job opportunities and contribute to
the growth of the green economy.

Numerous approaches for optimizing energy usage in buildings are avail-
able, each particularly designed to address a specific part of the build-
ing’s operation [7]. These approaches may include installing energy-efficient
lighting, upgrading intelligent Heating, Ventilation, and Air conditioning
(HVAC) systems, implementing high-performance insulation, employing dy-
namic control building equipment, and integrating renewable energy sources.
Implementing these approaches can be beneficial, but they require substan-
tial initial investments, resources, and time to upgrade them. Thanks to the
Internet of Things (IoT) technology, a cheap means of gathering data within
a space can be used to monitor the environmental parameters or occupancy
activity patterns in order to determine if the occupant is present, how many
occupants are present, and what activity they are performing in the build-
ings [8]. Utilizing IoT data to train Artificial Intelligence (AI) algorithms
can predict occupancy patterns, enabling the synchronization of electrical
appliances, including HVAC and lighting systems. This approach has sig-
nificant potential in reducing energy consumption and enhancing occupant
comfort [9].

Recent research has demonstrated that the utilization of occupancy data
for HVAC management may result in considerable energy savings, with sav-
ings ranging from 10-40% [10]. Similarly, lighting systems have the poten-
tial to produce significant energy reductions of up to 75% [11]. These re-
sults show that binary occupancy detection has achieved significant energy
savings. However, energy efficiency and occupant comfort can be further
optimized by obtaining detailed information about the exact number of oc-
cupants in a space. Let’s envision a scenario where we adjust space to a
comfortable 20°C temperature to accommodate five people. The heat from
their bodies will raise the ambient temperature when more people enter the
area. Nevertheless, the heating system continues to function under the as-
sumption that there are only five occupants, leading to a needless elevation
in temperature beyond the recommended degree of comfort. Thus, the sys-
tem may persist in providing heat, resulting in excessive temporary heat
and discomfort for the occupants. This not only undermines comfort but
also squanders electricity while the heating system functions needlessly. In
this situation, implementing a multi-occupancy detection (or better predic-
tion) system would enable the heating system to adaptively regulate the
HVAC power according to the real-time number of people present, maxi-




mizing comfort and energy efficiency. Multi-occupancy prediction systems
help set a desirable temperature and lighting intensity based on the num-
ber of occupants. However, recognize that individual activities have more
potential to optimize the temperature and light intensity, as different ac-
tivities have prioritized different environment settings. This can be further
compounded depending on the inhabitants’ priorities and comfort prefer-
ences. To address these challenges, a recent study in [12] proposed an ap-
proach for recognizing and classifying activities in smart buildings. These
projects (predicting binary/multi-occupancy and recognizing occupants’ ac-
tivities) hold great potential for optimizing energy and comfort optimization
in buildings. However, achieving these outcomes is challenging and can be
possible through the effective use of advanced digital technologies, such as
information and communication technologies (ICT) and Al algorithms.

CBs solutions depend on a variety of digital technologies of ICT), includ-
ing IoT devices, wireless sensor networks, and edge/cloud computing. IoT
is a discrete physical device network that communicates data using defined
communication protocols. ToT-based systems use several sensors, actuators,
radars, and smart objects in general to monitor numerous parameters of
a building’s interior. Then, the cloud or powerful computing entities re-
ceive these vast amounts of data, where analytical or Al approaches scour,
process, and act to extract valuable insights on user context and building
health, potentially informing CB management design. Previous studies have
mainly employed traditional techniques, i.e., signal processing or stochastic
approaches, to detect and predict occupant behaviors [13]. Though these
techniques show promising performances, they either make it complex or
difficult to implement in real time. Hence, such drawbacks identified in
previous solutions motivated the investigation of the adoption of machine
learning (ML), which has recently begun to be explored in the context of
detecting and forecasting occupants’ behaviors. ML techniques can provide
higher accuracy with minimum human interaction in comparison with tra-
ditional approaches. The popularity of data-driven approaches, including
ML and Deep Learning (DL) for detecting and predicting occupants’ behav-
iors, is growing due to their ease of implementation and ability to achieve
high accuracy. Both ML and DL algorithms typically process data collected
by IoT sensors/devices and/or cameras and send it to the cloud. Though
the data is collected by IoT devices, privacy concerns may still arise during
the processing of the collected data in the cloud. It is important to take
appropriate measures to ensure the security and privacy of the data.

All the mentioned technologies, including IoT, which provide a cost-
effective and efficient means of collecting environmental data, and the use
of AI techniques to analyze and uncover patterns in occupant behaviors [14]
facilitate the prediction of various aspects of occupancy, including binary
occupancy prediction (will be occupied or not), multi-occupancy scenarios
(the number of occupants), and even complex occupant activity recognition
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(what activities are performed in a building). By leveraging data such as
occupants’ behavior patterns, ML and DL models can uncover patterns and
insights that contribute to creating smarter, adaptive, and more efficient
cognitive building systems. Such knowledge can be leveraged to enhance
the operational efficiency of electrical appliances, ensuring they align with
the comfort and needs of occupants. For instance, appliances can be pro-
grammed to automatically switch on or off in anticipation of occupants’
arrival or departure, minimizing unnecessary energy use. Additionally, this
information enables real-time adjustments to key environmental factors such
as temperature and light intensity, tailoring them to the specific activities oc-
cupants are engaged in. This approach not only improves occupant comfort
but also contributes to significant energy savings by dynamically aligning
resource usage with actual requirements.

Statistical data in [15] show that occupants spend an average of 87%
of their time in enclosed buildings and around 6% in vehicles. These num-
bers highlight the urgent need to design indoor environments that should
be resource-efficient and where residents stay comfortable and friendly to
health. These buildings account for around 40% of worldwide energy use
and nearly 36% of greenhouse gas emissions [16]. These significant portions
of energy use and greenhouse emissions highlight the need to develop energy-
efficient and sustainable construction methods to address the challenges of
energy waste while considering the wellness and comfort of the occupants.

Different studies have recently focused on optimizing energy efficiency
using different ML techniques [17, 18, 19]. These studies aim to enhance
energy efficiency using advanced algorithms for detecting/predicting binary
occupancy detection/prediction. Though they are useful in predicting oc-
cupants’ behaviors, they are unable to explain the privacy of the data they
have used for ML algorithms. It is essential to prioritize the privacy and
security of resident data, especially when processing and storing it in the
cloud. Additionally, human presence significantly impacts indoor environ-
mental conditions, as our bodies generate heat and contribute to humidity
levels. Accurate multi-occupancy prediction is essential for maintaining con-
sistent indoor temperatures, ensuring comfort, and optimizing energy usage.
By dynamically adjusting HVAC systems based on the number of occupants,
CBs can respond effectively to fluctuations in heat and humidity, creating a
more sustainable and comfortable indoor environment. Finally, Human Ac-
tivity Recognition (HAR) plays a vital role in ensuring personalized comfort
within these CBs, as different activities require varying levels of tempera-
ture and light intensity. For example, activities like reading or working may
demand brighter lighting and moderate temperatures, while activities like
relaxing or sleeping benefit from dimmer lighting and cool environments.
By accurately identifying occupant activities, CBs can dynamically adjust
environmental parameters, providing tailored comfort while optimizing en-
ergy consumption. This capability enhances user satisfaction and promotes

4



1.1. CONTRIBUTIONS TO THE RESEARCH

energy-efficient building operations. This highlights the need for novel and
more accurate approaches to understanding and predicting human behaviors
in buildings, enabling the creation of smarter, more adaptive, and energy-
efficient environments.

The contributions of this research are elaborated in detail in the following
subsection.

1.1 Contributions to the research

The primary contribution of this research is to investigate the impact of
occupant behaviour on indoor environments within CBs. Specifically, our
study focuses on several aspects of occupants’ behaviors, including whether
the space is occupied by any occupant, their exact number, and the activities
they are performing. Figure 1.1 illustrates a visual representation of occu-
pants’ behaviors in a comprehensive 3D framework, highlighting these key
dimensions. More specifically, the figure illustrates the progression from an
unoccupied building environment to one occupied by a single individual or
multiple people and further to an environment where occupants are engaged
in specific activities.

In this research, we have developed a novel approach for binary oc-
cupancy prediction, emphasizing data collected by IoT devices and using
LSTM for model training at the Edge [20, 21]. Recent studies employed cen-
tralized learning techniques, in which they train models on central servers,
leading to privacy concerns. To resolve this, we have implemented a novel
decentralized method for occupancy prediction based on FL to train the
model on the edge and send just model parameters to higher computing
layers (e.g., servers, cloud). In this case, instead of sharing our original data
with the cloud, we only share the model’s parameters (in our case, model
weights). Upon the reception of the model parameters from the edge de-
vices, the cloud aggregates them and sends the global updated model to the
edge devices. By applying our approach, we reached an impressive overall
accuracy of about 94.5% on the considered data and also solve the issue of
privacy. We collected data using IoT devices installed in our laboratory,
leveraging their ability to capture detailed time-series information about oc-
cupants behaviours. Given the temporal nature of the data, we employed an
LSTM model for training, as it is well-suited for handling sequential data.
Additionally, we experimented with various other models, but the LSTM
consistently delivered the best performance. Binary occupancy prediction is
crucial for the dynamic control of electrical appliances such as HVAC and
lighting. However, relying only on the binary occupancy prediction impedes
the efficient management of increasingly complex building systems.

We extended binary occupancy prediction to multi-occupancy prediction
by introducing a novel approach based on the LSTM model trained on tradi-
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tional and multi-layer hierarchical FL [22, 23]. We have also developed and
validated our model through a real-time case study by collecting data for
multi-occupancy prediction at the ICAR-CNR headquarters in Rende, Italy,
to provide practical insights into occupancy patterns in multi-occupant set-
tings. Following the data collection from IoT devices in real-time, ML, edge
computing, and FL techniques have been used to forecast multi-occupancy in
buildings. We performed a comprehensive comparative investigation of sev-
eral FL configurations through changing combinations of High-Level Rounds
(HLRs) and epochs. HLRs represent instances where locally trained mod-
els are aggregated at a higher level, often in the cloud, while epochs refer
to training iterations performed on edge devices (clients). These variables
are very important for the training of the LSTM model because they iden-
tify how many times a model is merged (calculated) at low, and high levels.
These variables also define the number of communications that the algorithm
will do at the Edge and towards the Cloud. Furthermore, we implemented a
multi-layer hierarchical FL. methodology that aims to reduce communication
energy between the cloud and the edge nodes. The main aim of adding an-
other layer to the traditional FL is to reduce the repeated communications
between the edge nodes and the cloud. Our approach also introduces a ver-
satile design template for developing real distributed systems for occupancy
prediction. We evaluated the proposed approach against conventional feder-
ated and centralized learning models, demonstrating enhanced performance.
In this case, the proposed approach achieved a global accuracy of 84.5% in
forecasting ten minutes-ahead room multi-occupancy while preserving data
privacy.

We have also developed an innovative hybrid deep-learning model for
the occupants’ activity recognition for CBs [24]. More specifically, our pro-
posed model combines Long Short-Term Memory (LSTM) networks with
one-dimensional convolutional neural networks (1D-CNN). The LSTM ef-
fectively captures long-term temporal dependencies in occupant behavior,
whereas the 1D-CNN adeptly handles spatial aspects. We conducted a real-
time case study at the ICAR-CNR IoT Laboratory, where 22 healthy in-
dividuals participated in 10 complex activities to validate this model. We
evaluated the hybrid model against conventional statistical methods and
contemporary deep learning models, showcasing its efficacy. Our results
show that our proposed approach outperformed conventional methods and
achieved an impressive accuracy of 98.42%.

1.2 Organization of the thesis
This thesis is organized as follows: Chapter 2 provides the in-depth foun-

dational knowledge required to understand the technical background of this
research. More specifically, we explore occupant behavior in indoor environ-
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Figure 1.1: Visual Representation of Occupant Behaviour Inside CBs.

ments in more detail, focusing on occupancy prediction and activity recog-
nition. We have also focused on the technologies essential to collect the data
from the indoor environment and which machine-learning techniques can be
used to make decisions for occupancy prediction and activity recognition. Fi-
nally, we have highlighted the importance of recently developed techniques
such as EC and FL and how they help to use them. Chapter 3 explores the
recently developed relevant literature, providing an overview of recent re-
search, more particularly in binary occupancy prediction, multi-occupation
forecasting, and activity recognition in CB environments. It highlights the
current state of the art in occupants’ behaviors and also outlines the gaps our
research aims to address. Chapter 4 will explain in detail the proposed ap-
proaches we developed for occupancy prediction. Additionally, we have sub-
divided the occupancy prediction into binary occupancy prediction, multi-
occupancy prediction with single-layer FL, and multi-occupancy prediction
with multi-layer hierarchical FL. This chapter also examines the case studies
we have developed in real-time and the simulation results we have achieved.
Chapter 5 will explain in detail the proposed approach we developed for ac-
tivity recognition in CBs. It also examines the case studies developed at the
headquarters of our 1oT laboratory at the ICAR-CNR, Rende, Italy, and the
simulation results we have achieved for complex activity recognition. Addi-
tionally, we have benchmarked our proposed approaches with the recently
developed approach and shown their effectiveness and superiority through
a detailed evaluation matrix comparison. Finally, Chapter 6 will present
the thesis as a whole summary. Additionally, we have also listed the list of
publications we have published during the Ph.D. period and explained the
possible future direction that has the potential to improve this research.
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Chapter

Background

This chapter provides a comprehensive explanation of the foundational
knowledge necessary to understand this thesis. It begins with an introduc-
tion to occupant behavior, a core concept in this research. Next, it reviews
the key technologies commonly used in the literature for data collection in
this field. The chapter then explores the role of Al algorithms in analyzing
the collected data, extracting meaningful insights, and improving predic-
tion accuracy. Finally, it highlights recent advancements, such as EC and
FL, which have significantly enhanced data processing at the edge while
addressing privacy concerns in occupant behavior modeling.

2.1 Occupants’ Behaviors in Buildings

Occupants’ behavior in buildings refers to the residents’ habits, prefer-
ences, social interaction, and their relationship with buildings [25]. These
behaviors encompass knowing about the occupancy status of space if the
status is occupied, the number of individuals, and which activity they are
performing. Understanding and evaluating these behaviours are critical for
efficient building administration, optimizing energy use, increasing occupant
satisfaction, and enhancing overall building efficiency [26]. The following are
significant aspects of residents’ behavior that are the scope of this thesis:

2.1.1 Occupancy detection, estimation and prediction in buildings

Occupancy detection is the process of determining whether a space,
room, or building is occupied. The main objective of occupancy detection
is to activate or deactivate electrical appliance operations, such as switch-
ing on/off lighting, HVAC systems, or other building services, depending on
the occupancy state, to optimize occupant comfort and energy consump-
tion. Occupancy estimation measures the number of people present in a
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particular area or building at a given time. The objective of an occupancy
estimate is to provide more intricate data on occupancy levels, enabling more
accurate regulation of building systems and the allocation of resources. Oc-
cupancy prediction is the process of predicting the future status or number
of occupants in a building or place by analyzing past data, patterns, or
other pertinent criteria. Predicting occupancy proved useful for optimizing
building management methods, such as scheduling HVAC operations using
scheduling algorithms [27], controlling lighting, or planning space utilization
to match projected occupancy levels.

Understanding occupancy status and determining the exact number of
occupants can be useful for automating tasks such as activating or deactivat-
ing electrical appliances and adjusting temperature and lighting to optimal
levels. However, this approach is limited in scope, as it does not account
for recognizing or responding to the specific activities being performed by
the occupants. It is important to recognize these activities since occupants’
needs for temperature and lighting are different for each activity. This can
be further compounded depending on the inhabitants’ priorities and comfort
preferences. To address these challenges, a recent study in [12] proposed an
approach for recognizing and classifying activities in smart buildings.

2.1.2 Occupants Activity Recognition in Buildings

Occupant activity recognition refers to the process of identifying and
comprehending the activities that inhabitants are performing in a space.
It is crucial for energy management systems in buildings since occupants
need, for example, different temperatures and light intensities for different
activities [28]. Building systems can optimize energy efficiency and occupant
comfort by correctly identifying occupant activities.

Research has demonstrated the utilization of various technologies for
monitoring human activities in indoor environments to enhance building
comfort, security, and energy efficiency [29]. These technologies include sen-
sor fusion approaches that combine data from many sources, including PIR,
temperature, light, and COq sensors [30, 31]. Another technology often used
to recognize human activities in the literature relies on closed-circuit tele-
vision system cameras to monitor an environment [32]. Some studies have
used cellphone accelerometers and gyroscopes to recognize and monitor the
activities of humans carrying such devices inside a building [33]. Though
they are effective, these technologies carry some limitations. Ambient sen-
sors may deliver unreliable outcomes, and while cameras can produce good
outcomes, people frequently decline their use due to privacy concerns. Con-
versely, wearable devices and mobile phones necessitate frequent recharging
and maintenance, and not everyone feels comfortable carrying them con-
stantly. Furthermore, misplacing or forgetting these devices can lead to
gaps in data collection and potentially produce inaccurate results. As we
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understand the basic concept of occupants’ behaviors, we will now focus on
which data collection technologies can be used to monitor the surrounding
environment of CBs.

2.2 Data Collection Technologies

This section will present the technologies used in this thesis to gather
data involving occupancy prediction and activity recognition. Various sen-
sors and radars were used to collect data for occupancy prediction and ac-
tivity recognition. Such sensors and radar are introduced in the following.

2.2.1 Sensor used for Occupancy Prediction in Buildings

Recently, current literature has focused on the combination of a variety
of sensors to gather data for occupancy prediction; the most popular ones
used are COq, PIR, light, temperature, CO, and humidity sensors [34].

The subsequent subsections will provide a detailed explanation of these
Sensors.

CO; Sensor

The presence of people inside a building has a significant impact on the
concentration of COg, and a COg sensor can precisely measure this. As
people exhale COs, the concentration of carbon dioxide in a room increases
with the number of individuals present. By analyzing the CO, levels in the
air, a COs3 sensor can be employed to estimate occupants and their numbers
in a building/room.

PIR sensor

A PIR sensor can identify human body heat within its field of view by
detecting changes in infrared radiation emitted by objects within its range.
CBs can use PIR sensors to estimate room occupancy [35]. Placing PIR
sensors in different locations within a room or a building allows for detecting
changes in the motion of people present or when people enter or leave an area.
A central control system receives sensor data to infer occupancy patterns.
To increase accuracy and reduce false positives, this system can be combined
with other types of sensors, such as CO» or light sensors.

Light Sensor

A light sensor, often referred to as a lux sensor, measures the intensity
of light within its environment. These sensors are commonly used in occu-
pancy detection systems to estimate the presence of occupants by monitoring
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fluctuations in natural or artificial light levels. For example, when an indi-
vidual enters or exits a room, changes in light intensity caused by movement
or shadowing can be detected. Light sensors, in combination with other
sensors like PIR or CO4 sensors, can enhance the accuracy of occupancy
predictions, reducing false detections and improving energy management in
smart buildings.

2.2.2 UWB Radar Technology for Activity Recognition in Buildings

UWB radar is an advanced technology that can offer cutting-edge ser-
vices (such as precise positioning, real-time location measurement, or move-
ment detection) thanks to its high-time resolution and short pulses. UWB
can coexist with other wireless technologies, operates at low power, and is
secure due to its low power density [36]. UWB radar consists of two an-
tennas: a transmitter and a receiver. The transmitter antenna transmits
the pulse, and after it is transmitted, it turns off, and the receiver antenna
listens for the reflection. It operates at frequencies between 3.1 and 10.6
GHz [36]. Antenna beamwidth (©) determines the angular coverage of the
radar beam and can be calculated for a given antenna as:

2

O
D

(2.1)
Where D is the effective aperture or diameter of the antenna and A is the
wavelength of the transmitted signal. The time of flight is defined as the
time it takes for a signal emitted from an antenna to travel to an object and
reflect back. Using the formula below, we can calculate the time of flight
(t):

2
e

t (2.2)

where d represents the distance traveled, and c is the speed of light, which
is approximately 3 x 10® m/s. The above formula allows us to calculate the
distance between an object and the radar. Using the following mathematical
notion, we can determine the distance:

c- At

d:2

(2.3)

In our experiments, we have used UWB radar, namely the SLMX4! UWB
radar, which is developed by Novelda and shown in Fig. 2.1. It operates at
a central frequency of 7.29 GHz.

Our radar is connected to a Personal Computer (PC) through a USB
port to facilitate data transmission. To get data from the radar, we used

'SLMX4 - UWB Radar Module https://github.com/SensorLogicInc/modules?tab=
readme-ov-file. last seen: 25/07/2024

12



2.2. DATA COLLECTION TECHNOLOGIES

(@)

EPAM-X4-0.2

Figure 2.1: Ultra-wideband SLMX4 sensor.

MATLAB with the radar’s software interface. This radar generates data in
a matrix format, which consists of rows and columns. The rows represent
a specific time point or event at which the radar data is collected. Each
row corresponds to the radar signal at a particular instant, recording the
variations in the signal over consecutive readings. The columns in the radar
data indicate distinct characteristics or data points recorded at each specific
time interval. These features may include several attributes of the radar
signal, such as distance bins obtained from the radar reflections. A UWB
radar frame contains 184 bins, each corresponding to a distance of 5.14 cm
[37]. The columns collect data from these bins to quantify the target distance
at each time interval. Here is how to calculate the maximum distance the
UWRB radar can cover within one frame:

Distance (d) = Number of Bins x Distance per Bin (2.4)
That, in our case, means:

d = 184 bins x 5.14 ¢cm/bin = 946.96 cm (=~ 9.47m) (2.5)

For example, the 50" bin encapsulates information about objects or
human movements occurring within a range of approximately 2.55 to 2.60
meters.

Figure 2.2 depicts the data obtained from the UWB radar in graphical
form. The term "fast time” refers to the short duration of time that a radar
pulse generates, which measures the rapid variation in the radar signal as
it bounces off the objects. Data analysis visualizes this time horizontally,
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Figure 2.2: Ultra-wideband scatter matrix.

providing instant information about object distances and their character-
istics, with each data point corresponding to a specific distance bin [38].
On the other hand, the term "slow time” refers to the longer duration over
multiple radar pulses. It records the gradual changes in the radar signal
over a period of time, enabling an analysis of patterns of movement. The
data processing displays this time vertically, aiding in the identification of
slower variations. The combination of these dimensions enables the radar to
construct a comprehensive representation of both the spatial configuration
and temporal fluctuations in the perceived surroundings.

Scattering Matrix

As already introduced, a UWB radar emits signals when used, and such
signals return to the radar itself, which represents the received signals as
scattering matrices, characterized by rows and columns. This scatter matrix
can be written as X,4, in mathematical notation.

T = Xpaw € RV*S for j=1,2,... N,i=1,2,...,8

Since our raw data is presented in matrix format, each column represents a
feature, and each row represents a timestamp.

e zj; indicates the amplitude value related to bin j in frame 3.
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e N represents the total population of frames; while S denotes the total
number of features in a dataset.

The subsequent section will give an explanation of which ML algorithms
can be used to learn and extract useful information from the data collected
by these data collection technologies.

2.3 Machine Learning

With the advancement of technology, the integration of IoT devices is
becoming increasingly prevalent in our daily routines, allowing us to mon-
itor and track our surroundings. This has led to the accumulation of vast
amounts of data that can be exploited in several application domains. One
very relevant usage of IoT data is for the realization of smart building man-
agement systems. Building managers can gather lots of real-time data on
occupant behaviors through IoT sensors. However, manually examining such
large volumes of data is not only time-consuming but also prone to errors.
As a result, ML is being increasingly utilized to analyze this data and pro-
vide accurate information for building management [39]. By employing ML
algorithms, the massive amounts of data collected from sensors, radars, and
other devices can be analyzed and used to gain a deeper understanding of
building health and user context [40]. This includes identifying patterns in
building usage, predicting occupancy levels, and analyzing energy consump-
tion patterns.

One of the most significant applications of ML in CBs management is
the understanding of occupant behaviors, including their status, the number
of occupants, and their activities [41]. ML models can accurately predict the
status of individuals, whether the space is occupied or not, and the number
of occupants in a building or a specific building area and their activities by
analyzing data collected from various sensors (e.g., passive infrared, COq,
temperature, humidity, sound, camera) or radar. This information can be
used to optimize energy consumption and improve occupant comfort by ad-
justing temperature, lighting, and other building systems. The subsequent
subsections will provide a detailed explanation of popular ML or DL tech-
niques that can be used for the above-mentioned tasks.

2.3.1 Artificial Neural Network (ANN)

ANN is a field of ML that deals with algorithms and is motivated by the
structure and function of the brain. An ANN typically consists of one input
layer, numerous hidden layers, and one output layer. Each layer is made
up of several neurons. ANNs present some hyper-parameters, including the
number of hidden layers and the number of neurons in each hidden layer.
Each neuron in one layer communicates with neurons in neighboring layers
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according to weights and biases that can be set through a training process
[42, 43]. In the following, some hints will be given about some common
types of ANN.

2.3.2 Convolutional Neural Network (CNN)

CNN is a type of ANN that outperforms as compared to the other con-
ventional neural networks when dealing with pictures, speech, or audio signal
inputs [44]. CNN is formed by three types of layers (or building blocks): con-
volution, pooling, and fully connected layers. The first two (convolution and
pooling) extract features, while the third is fully linked and transforms the
extracted features into final outputs. By augmenting the layers of a CNN,
its complexity grows along with its capacity to recognize objects. The first
layers emphasize simple elements like colors and edges. As the image data
progresses through the CNN layers, the neural network detects various as-
pects or shapes of the image until it eventually recognizes the desired objects.

2.3.3 Recurrent Neural Network (RNN)

RNN can build a chain of neurons that can link to another neuron. Neu-
rons in this kind of network may form loops and/or connect to neurons
from a previous level [45]. Most recurrent networks consist of links that
point backward or to the same level. Recurrence inherently includes net-
work memory; therefore, this property makes this branch of neural networks
particularly interesting. An RNN faces the problem of vanishing gradients.
The parameter updates become negligible when gradients are too small. As
a result, learning large sequences of data is difficult. The LSTM neural
networks (described below) were developed to address such an issue.

2.3.4 Long Short-Term Memory (LSTM)

LSTM is indeed the machine learning algorithm belonging to the ANN
(or, more precisely, RNN) family capable of learning and remembering long-
term dependencies by default [46]. It is beneficial for addressing sequence
classification issues and forecasting time series. The basic unit of the LSTM
system is the cell, which provides long-term memory. The internal state of
an LSTM cell can be broadly represented with two vectors: one defines the
short-term state, while another describes the long-term state. An LSTM cell
consists of three gates, each adding or removing information from or to the
cell state and computing the output value. These gates are the input gate,
the forget gate, and the output gate. The input gate decides which infor-
mation from the current input state should be kept and which information
should be discarded to calculate the current state. The forget gate deter-
mines which information from the previous state should be kept and which
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information should be discarded, and the last gate determines both the out-
put value and the current state. After collecting the data from the sounding
environment of occupants’ behaviors, some recently developed techniques,
including EC and FL, helped us to process our data close to the IoT devices
and care for the privacy of our data, which can be explained in the following
section.

2.4 Edge Computing

Edge Computing (EC) uses distributed computing to bring comput-
ing power closer to end devices [47, 48, 49]. This technology uses a dis-
tributed computing paradigm that can be exploited for various applications
like the ones regarding data processing, caching/storage, IoT management,
security, and privacy. These applications can execute tasks on edge net-
works efficiently and effectively to achieve high bandwidth and low latency.
This paradigm simplifies the management of end-to-end connections and
resources. With an edge-based architecture, data can be produced and
consumed closer to the edge itself, reducing the need to transfer data to
the center of the network (e.g., Cloud) to augment security, reliability, and
privacy. Combining Artificial Intelligence algorithms with EC allows it to
reduce latency and network load in the network core [50].

For example, the EC paradigm can be utilized to estimate room oc-
cupancy by strategically deploying sensors and cameras to collect data on
human movement and activity levels within a given space [51]. The col-
lected data can then be processed and analyzed locally on edge devices,
reducing the need for centralized data centers and decreasing the amount
of time and resources required to estimate occupancy. For example, the
study in [52] introduces a cost-effective edge-based platform for improving
energy efficiency in buildings, capable of sensing, processing, and analyzing
energy data within residential buildings. The paper describes how the EC
approach has been employed to reduce delay and cost. Similarly, authors in
[53] employed Edge Computing as an intermediary layer between the IoT
layer and the cloud aggregation layer: the models used were trained on the
edge devices themselves, ensuring an enhancement of the data security. Fol-
lowing the local training of models on the edge devices, the cloud aggregator
analyzes all the trained models and selects the best one. The integration
of edge computing with Al has recently gained momentum in industry and
academia. Such integration gave rise to the paradigm known as Edge In-
telligence, which leverages the incorporation of machine learning techniques
in edge devices. This paradigm is capable of unleashing the real potential
of the big data produced by sensor-instrumented environments. One of the
techniques that takes advantage of the processing power available at the
edge is federated learning.
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2.5 Federated Learning

ML can be effective in understanding the pattern inside data, but it
requires a substantial amount of training data. Data can be collected, for
example, from various IoT devices in a building and transmitted to the Cloud
to train ML models. Collecting data from different IoT devices and training
ML models on a cloud-based server is known as the centralized learning ap-
proach. Although a centralized learning approach can provide high accuracy
for ML algorithms, it raises privacy concerns when transferring data from
IoT devices to the central server. FL is a viable alternative that permits
ML models to be trained on decentralized data without transmitting it to a
central server [54, 55]. The model’s training is done locally on every device,
and the updated models are then sent to a central server for aggregation,
ensuring data privacy and security.

In Centralized Learning (CL), client data is transmitted to a central
server for training, which may raise privacy concerns. In contrast, FL ensures
data privacy by storing data locally on clients’ devices and training models
there. Edge devices are selected to train their models on local data, and
their model weights are then sent to the server for aggregation into a global
model. Clients use their private datasets to optimize the global model in
each training round, and their updated models are sent back to the server.
The server merges the updates following specific rules to create a new global
model for the next round of training.

An FL algorithm typically follows the steps below.

e Step 1: The server delivers his global model (i.e., weights) to edge
devices, instructing them to train their local model accordingly;

e Step 2: The edge devices receive the global model from the server and
use their local data to train the models;

e Step 3: Edge devices send back an updated model (i.e., weights) based
on the local training.

e Step 4: Upon the reception of the models from the edge devices, the
server aggregates them and updates the global model towards the edge
devices.

Such steps are usually repeated for several rounds or until the model con-
verges.

18



Chapter

State of the Art on Occupancy
Prediction and Activity Recognition
in Buildings

This chapter provides a comprehensive review of recent literature on oc-
cupant behavior in smart buildings, with a particular focus on occupancy
prediction and activity recognition. Understanding these behaviors is cru-
cial for optimizing the control of electrical appliances, leading to improved
energy efficiency, occupant comfort, and overall well-being within these en-
vironments. The following subsections will explore these topics in greater
depth, focusing on recent advancements in occupancy prediction and activity
recognition.

3.1 Occupancy Prediction in Buildings

The indoor environment is significantly influenced by occupancy pre-
diction, which we have categorized into two subtopics: binary occupancy
prediction and multi-occupancy prediction. The following subsections pro-
vide a detailed analysis of the recent developments in the literature in both
areas.

3.1.1 Binary occupancy detection and prediction in buildings

Binary occupancy prediction is a basic concept for controlling the ap-
pliances the operation of electrical appliances. Vafeiadis et al. [56] demon-
strated occupancy prediction (occupied / unoccupied) in a domestic environ-
ment. To forecast occupancy status, the authors employed Decision Trees
(DT), SVM, back-propagation networks, and RF, as well as the AdaBoost
method. The data for these ML models came from water and electricity
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use. In terms of accuracy, it was discovered that RF and DT outperformed
other approaches. In [57], the authors present a system for season-based
occupancy prediction in residential buildings in which they also compare
different ML models. The study in [58] also compared three occupancy pre-
diction systems based on three popular ML algorithms, namely k-nearest
neighbors, support vector machines, and artificial neural networks. In [59]
a data-driven model is proposed for the prediction of occupancy using a
long-short-term memory neural network. From experiments, such a solution
results are effective for the prediction of future occupancy states. The pa-
per in [60] introduces a weakly supervised occupancy prediction framework
based on office sensor readings and occupancy estimations derived from an
interactive learning approach. The results reveal that the proposed Light-
GBM, a machine learning model, is a better fit for short-term predictions
than other recursive neural networks known in the literature. The authors
of [61] present an occupancy prediction model in smart buildings using en-
vironmental sensor data based on LSTM. They also introduce a transfer
learning approach to enhance the occupancy prediction accuracy when the
amounts of historical training data are limited.

Jin et al. [62] present a novel approach for accurately forecasting building
occupancy. More specifically, the proposed approach combines temporal-
sequential (TS) analysis and machine learning techniques to forecast oc-
cupancy. The researchers leverage hourly occupant data from 16 different
buildings to demonstrate the effectiveness of their approach. The TS analysis
takes into account the temporal and sequential nature of building occupancy,
including seasonal patterns, by incorporating a one-week seasonal period.
Additionally, an artificial neural network structure is employed (referred to
as TS-week-ANN) to improve predictive performance. Through their ex-
periments, the authors compare the proposed T'S-week-ANN approach with
other baseline methods. The results reveal that the TS-week-ANN method
outperforms the baselines in terms of accuracy and predictive performance.
Ryu et al. in [63] develop models driven by indoor environmental data, effec-
tively detecting and predicting occupancy states. The researchers conducted
experiments in the Building Integrated Control Test-bed at Dankook Uni-
versity, where they gathered accurate occupancy profiles, as well as data on
indoor and outdoor COs concentrations and electricity consumption from
lighting systems and appliances. The findings indicate that the proposed
models, employing decision tree and Hidden Markov Model (HMM) algo-
rithms and driven by indoor environmental data, exhibit effectiveness in
detecting current occupancy states and predicting future occupancy states,
respectively. Peng et al. [64] explore energy efficiency by considering occu-
pants’ behavior, utilizing machine learning to optimize HVAC settings and
achieve significant energy savings. The study focuses on stochastic behavior
patterns of occupants in an office building and proposes a demand-driven
control strategy that adjusts HVAC settings in real time. The learned oc-
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cupancy information is then used to optimize temperature setpoints for the
cooling system, resulting in significant energy savings. The proposed strat-
egy was tested in various office spaces, demonstrating energy savings rang-
ing from 7% to 52% compared to conventional cooling systems. By reducing
the need for human intervention, this approach has the potential to enhance
HVAC system efficiency and reduce energy consumption. Similarly, Wang
et al. [65] compare machine learning algorithms highlighting the enhanced
robustness of occupancy prediction with fused data. They compare three
popular machine learning algorithms (k-nearest neighbors, support vector
machine, and artificial neural network) and three data sources (environ-
mental data, Wi-Fi data, and fused data) to optimize occupancy prediction
models in various scenarios. Evaluation metrics such as mean average error,
mean average percentage error, and root mean squared error are used to
assess model accuracy. Through an on-site experiment, it was found that
the artificial neural network model with fused data performs best, while the
support vector machine model is suitable for Wi-Fi data. The study also
reveals that the fused data set enhances robustness in occupancy predic-
tion, even though it may not significantly improve accuracy compared to
independent data sources.

In the study at [66], the authors have designed and tested various ML
techniques, such as SVM and a mix of classification and regression algo-
rithms, to predict classroom occupancy. They utilized a dense wireless net-
work to collect data from a sizeable university campus and achieved satis-
factory results. Similarly, the article in [67] focused on precise forecasting
on three distinct topics: identifying indoor occupancy, predicting occupancy
density, and determining the exact headcount, utilizing the gathered data
and applying different ML algorithms, among which the SVM. The study
examined how to identify the best feature set for indoor context by properly
integrating static and dynamic context with Indoor Air Quality, resulting
in satisfactory outcomes for both Occupancy detection and prediction. Ak-
bar et al. [68] used pattern recognition to detect occupancy state without
involving intrusive methods. To illustrate the importance of selecting the
right kernel function, that study compared the performance of SVM with
three different kernel functions (linear, polynomial, and radial basis func-
tions). The accuracy of the results was between 55.37% and 79.12%, based
on electricity data collected in a research center. Alternatively, Kleiminger
et al. [69, 70] investigated SVM and electricity consumption data to esti-
mate household occupancy. It was demonstrated in these works that the
selection of characteristics used in learning processes is important. Authors
validated their models using the public ECO datasetl [71] and found an oc-
cupancy detection accuracy ranging from 68 to 94 percent. The research in
[72] comprehensively evaluated five distinct ML techniques for occupancy de-
tection, utilizing data from five sensor streams that were highly correlated
with building occupancy. A model prototype was created and subjected
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to training and testing to evaluate its performance. The results showed
that the model performed well in predicting occupancy and showed satisfac-
tory results. The authors introduce a novel, cost-effective, and eco-friendly
method for detecting occupants in enclosed spaces using passive cognitive
radio [73]. The proposed solution utilizes a reconfigurable software-defined
radio system and adaptive spectrum sensing technology. Experimental re-
sults demonstrate that the CRhodora system can effectively and accurately
detect human occupancy in indoor spaces. Though the ML algorithm has
performed well for occupancy prediction, the DL algoritham has more po-
tential for predicting occupancy inside CBs.

The paper in [74] presents a new deep-learning method called CNN-
XGBoost for occupancy prediction based on indoor climate data. The study
compares the new method with various supervised and unsupervised ma-
chine learning and artificial neural network algorithms. Indoor climate data
collected from a residential building in Copenhagen over 13 days in Decem-
ber 2021, including CO9, relative humidity, and temperature, are used in the
study. The CNN-XGBoost method comprises a CNN and a scalable end-
to-end tree-boosting classifier. The study evaluates the algorithms using
mean absolute error, confusion matrix, and F1 score. The results show that
CNN-XGBoost outperforms other algorithms in predicting occupancy levels
in all rooms of the test building. The study in [75] introduces a method
for predicting occupancy in smart homes, which relies on environmental fac-
tors like COq levels, noise, and temperature, and employs a ML method
and a forecasting strategy. The proposed algorithms aim to improve the
energy management system by optimizing the use of the electric heating
system. The study utilizes the LSTM neural network. Moreover, The au-
thors demonstrate that FL can be utilized to improve occupancy predictions
when training a specific model is not feasible. The study highlights how this
approach can be applied to rooms where the occupancy patterns are un-
known, and therefore, a custom model cannot be trained. Using the concept
of occupancy detection without covering the whole room with sensors was
proposed by Husnain and Choe in [76]. A decision module predicts Human
presence patterns using LSTM for the sensor’s off-range region. It reduces
the installation costs for occupancy detection systems. On the same tan-
gent, Pesi¢ et al. [77] propose a technique for detecting occupancy utilizing
a fusion of WiFi and Bluetooth data and a set of data analytics functions to
examine occupancy data across logical and physical boundaries. An LSTM
neural network was studied for occupancy forecasting, and the same data
analytic features were used to present and predict occupancy statistics. For
workdays, they achieved 75.45% similarity on real (EDR) signals. Chang et
al. in [78] used six forecasting models to analyze the same dataset: gaussian
process regression, regression by least squares, regression by backpropaga-
tion, regression by general regression, and regression by LSTM. The numer-
ical results demonstrate that LSTM networks are superior to other models
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in estimating hotel accuracy rates across three data repositories. Regard-
ing root mean square error (RMSE), the model reached a value of 13.31%.
Hitimana et al. in [79] use multivariate time series to predict occupancy
patterns in regression forecasting. An empirical evaluation showed that the
designed solution effectively collected, processed, and stored environmental
data. LSTM was used to model the acquired data and then compared to var-
ious ML techniques to show good performance. In [80], the authors propose
a solution for occupancy prediction in a large exhibition hall. The authors
propose dividing the hall into sections and using a RNN with LSTM units to
make accurate occupancy predictions. The effectiveness of the RNN model
is evaluated by predicting short-term and long-term occupancy based on his-
torical patterns of occupancy changes in different zones of the hall. Another
paper in [79] introduces an IoT framework for capturing indoor environ-
mental parameters to collect occupancy multivariate time-series data. The
focus is on utilizing the LSTM network to detect the presence of individuals
based on the collected data. An experiment is conducted in an office room to
demonstrate the successful implementation of the system for acquiring, pro-
cessing, and storing environmental information. The obtained data is then
compared with other machine learning algorithms such as Support Vector
Machine, Naive Bayes Network, and Multilayer Perceptron Feed-Forward
Network. The results indicate that LSTM outperforms the other algorithms
in the proposed application based on parametric calibrations. in [20], the au-
thors propose a unique method for predicting occupancy in multiple rooms
of a smart building that combines FL. and LSTM neural networks. The
study highlights the importance of FL in predicting occupancy for rooms
where training a specific model is not feasible. Through simulations on an
existing dataset, the results demonstrate the promising performance of the
proposed approach, achieving an accuracy of approximately 0.945.

3.1.2 Multi occupancy estimation and prediction in buildings

Though many studies have used binary occupancy prediction for energy
and comfort management in CB. However, its application is limited to just
activating or deactivating electrical appliances. Multi-occupancy estima-
tion and prediction have more potential for energy and comfort optimisa-
tion inside these buildings. Yang et al. [81] utilize Convolutional Neural
Network-based density estimation methods to extract occupancy informa-
tion, improving accuracy in building energy simulation. Starting from this
information, the study uses four Al algorithms, i.e., K-nearest neighbor,
support vector machine, random forest, and artificial neural network for
occupancy prediction, and conducts a case study in educational buildings
to assess performance. The results indicate high accuracy and low error
rates in occupancy prediction. The study successfully reduces the deviation
between predicted and actual occupancy schedules, leading to improved ac-
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curacy in building energy simulation. Arief et al. [82] propose a domain
adaptation model for Carbon Dioxide - Human Occupancy Counter Double
Plus to accurately predict the number of people in a room without adequate
labeled data. The proposed semi-supervised domain adaptation method
is compared with two baseline methods: Support Vector Regression and
Seasonal Decomposition for Human Occupancy Counting. Domain adapta-
tion is useful when historical data is unavailable, and the previous working
model can be adapted to the new environment. The proposed method is
evaluated using a real-world dataset and is compared with state-of-the-art
techniques. Zou et al. [83] estimate the number of occupants. An evaluation
of domain-invariant kernels was conducted using transfer kernel learning. In
experiments, Wikree achieved an accuracy of 92.8 percent when counting
occupancy. The study in [84] involved comparing multiple methods for pre-
dicting the number of indoor users, with and without using SB state vari-
ables. The experiment collected data on indoor temperature and COg, as
well as devices’ log data, in a SB. The study evaluated the effectiveness of five
ML techniques, including KNN, GP, RF, BR, and MLP. The study in [85]
aimed to compare two prominent time series prediction methods, LSTM and
ARIMA models, for forecasting the number of occupants in smart building
environments using Wi-Fi networks. The results showed that the combined
LSTM approach outperformed individual models at different time scales,
reducing the required number of neurons by 67.13% - 74.48%. Furthermore,
LSTM forecasts exhibited higher accuracy compared to traditional ARIMA
models, with an RMSE reduction of 80.9% - 93.4%. In a recent study [23],
the authors proposed an approach for predicting multi-occupancy in CBs
through the use of IoT technology. The proposed approach used a variety
of sensors, including light, COs, and PIR sensors, to collect extensive data
on occupancy. In addition, a study also considered a virtual sensor that
utilizes a Raspberry Pi-based touch screen to enable precise data labelling
for counting occupancy. The authors use a multi-layer federated learning
technique to ensure decentralized model training, protecting the occupants’
privacy. The study produced encouraging outcomes, with an accuracy of
84.5% in predicting the number of multiple occupants in CBs. Chen et
al. [86] introduces a novel, non-intrusive environmental sensor and a cost-
effective approach for estimating building occupancy. A conventional deep
bi-directional long-short-term memory network was employed that can learn
and memorize long-term relationships among the features and can learn au-
tonomously from the data. The proposed approach accurately finds occupied
spaces by combining convolutional networks with deep structures. This cap-
tures temporal dependencies in the data and considers both the past and
future. According to the experimental evaluation, the proposed method
is better than other methods at telling the difference between occupancy
ranges (zero, low, medium, and high). Chidural et al. [87] examine three
thermal imaging sensors that differ in resolution. The study focuses on char-
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acterizing the sensors, evaluating the occupancy estimation algorithms, and
comparing their performance. The study presents a pipeline of unified pro-
cessing algorithms for occupancy estimation, along with algorithms for data
pre-processing, feature extraction, and fine-tuning. The results show that
occupancy estimation is feasible for smart building applications because of
its high accuracy rate of approximately 99%. Longo et al. [88] explore esti-
mating occupancy in buildings. This method leverages management frames
transmitted by users’ devices over Bluetooth, WiFi, and Bluetooth Low En-
ergy. Choosing to depart from traditional methods, the suggested system
offers a cost-effective and accurate solution implemented on minimally ex-
pensive hardware. By employing a supervised learning model, the system
demonstrates the ability to adjust to different environments and provides
estimated occupancy data to a web-based interface. Experimental findings
obtained in uncontrolled outdoor and indoor environments substantiate the
efficacy and dependability of the suggested solution. Through precise pre-
diction of future occupancy levels, HVAC and illumination systems possess
the capability to adapt dynamically to satisfy the requirements of occupants
in real-time. Dino et al. [89] utilizes a camera to estimate room occupancy
using a deep vision-based technique. This research has two objectives: first,
to assess the effectiveness of deep vision-based occupancy counting, and sec-
ond, to implement a deep vision-based occupant-centric control strategy in
real-world settings [90]. The study evaluates the performance of the oc-
cupancy counting method in six offices and implements a deep vision-based
energy recovery ventilator control strategy in a small office. The performance
of this strategy is then compared with traditional control methods, consid-
ering indoor air quality and energy consumption. The study in [91] pro-
poses a new population-based approach (PopAp), inspired by agent-based
transportation models, to model occupants’ forcasting. Comparing PopAp
with traditional deterministic and stochastic methods, the study findings re-
veal notable differences in maximum occupant numbers and hourly energy
demands, especially in education buildings. These results underscore the
importance of detailed occupant modeling for accurate energy system plan-
ning, particularly at the hourly scale, to effectively predict peak demand
and size technologies. Dutta et al. in [67] focused on precise forecasting on
three distinct topics: identifying indoor occupancy, predicting occupancy
density, and determining the exact headcount, utilizing the gathered data
and applying different ML algorithms, among which the SVM. The study
examined how to identify the best feature set for indoor context by properly
integrating static and dynamic context with Indoor Air Quality, resulting in
satisfactory outcomes for both Occupancy detection and prediction.
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3.2 Activity Recognition in Buildings

Recognizing complex occupants’ activities inside CB is a modern de-
mand, as different activities need different levels of temperature and light
intensities. Fauzi et al. [92] introduce the Group Activity Recognition tech-
nique for buildings. This system utilizes multi-image analysis from cameras
to identify and track people based on their seating postures and facial fea-
tures. The technique underwent testing in several circumstances, including
meetings, seminars, and classroom settings. The proposed approach used
a neural network algorithm that demonstrated a learning phase accuracy
of 93.33% and a testing phase accuracy of 63%, with an error rate of 37%.
Ranieri et al. [93] focus on the identification of everyday activities in residen-
tial settings by using data from movies, wearable devices, and environmental
sensors. The Heriot-Watt University /University of Sao Paulo (HWU-USP)
activities dataset serves as the presented dataset. The datasets are available
online!. It contains periodic and long-term activity patterns recorded using
a humanoid robot’s camera and wearable and smart home sensors. Fur-
thermore, the study employed a deep learning architecture that identifies
activities through various modes of input. The HWU-USP and University
of Texas at Dallas Multimodal Human Activities Dataset (UTD-MHAD)
datasets have tested the framework, revealing that the inclusion of ambient
sensor data significantly enhances identification accuracy. Ganesh et al. [94]
introduces a technique for capturing and examining gym exercises, including
push-ups, squats, planks, forward lunges, and sit-ups, using an RGB camera.
The films’ features were categorized using support vector machines, decision
trees, K-nearest neighbours, and random forest classifiers. The models were
assessed using metrics such as accuracy, balanced accuracy, precision, re-
call, and F1 score. The Random Forest classifier had the greatest level of
accuracy, reaching 98.98%. All of this research produced very high accu-
racies by using vision-based techniques and deploying cameras for video or
image-processing-based activity recognition. However, they encounter sub-
stantial privacy apprehensions since people are more concerned about the
confidentiality of their data in the contemporary digital era.

Prasad et al. [95] utilized cell-phone accelerometers to recognize differ-
ent human activities and employed a convolutional neural network. The
proposed approach divides the data into nodes and then separates it into
three primary CNN layers before the result is predicted in the output layer.
The research assesses the performance of the two-dimensional CNN model in
the training and testing stages, resulting in an average accuracy of 89.67%.
The study emphasizes the promise of constructing efficient models using
smartphone-generated information while highlighting this field’s current hur-
dles. Peppas et al. [96] utilized a deep neural network model for real-time

'Data Sets available at - https://doi.org/10.5061/dryad.véwwpzgsj
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human activity identification utilizing tri-axial accelerometer data from mo-
bile devices. It has two-layer convolutional neural networks and 40 statistical
features that feed into a fully connected layer. The model combines feature
extraction with convolutional layers. It achieves 94.18% accuracy on the
WISDM dataset? and 79.12% on the Actitracker dataset, consuming 5-8
times less storage space and providing more than twice the throughput of
existing state-of-the-art approaches. While cell-phone-based activity recog-
nition provides privacy benefits, it has drawbacks. One key difficulty is
sometimes forgetting to bring phone, or the old people don’t often use their
phone. Furthermore, cell phones’ limited sensor coverage and background
noise sensitivity might reduce activity identification algorithms’ accuracy.
These issues, together with concerns about battery depletion and computing
power restrictions. Bouchard et al. [12] investigate the use of ultra-wideband
(UWB) radar to recognize activities of daily living (ADLSs) in smart homes,
addressing the aforementioned problems. A dataset of 15 distinct activities
was performed by 10 people in a 40-square-meter flat. With an F1-Score,
the Random Forest algorithm achieved 80% accuracy. Using UWB tech-
nology for activity recognition is still in its early stages and needs further
research and development. Its ability to correctly identify human activities
for energy optimization and occupant comfort in buildings is promising.

A vision-based deep learning approach is employed by Tien et al. [97] for
detecting and recognizing human activities in an office environment. The
proposed approach used a convolutional neural network that classified occu-
pancy activities in real-time with an average detection accuracy of 98.65%.
Such an approach optimizes HVAC based on dynamic occupancy changes,
reducing errors in estimating heating gains. Integrating with HVAC controls,
thermostat set points can be adjusted to suit building space requirements,
enhancing comfort and reducing energy consumption. Similarly, a video-
based analysis has been introduced in [98] for recognizing daily activities
in ambient assisted living. With the help of an affordable camera, the sys-
tem was able to predict when a subject would act and move, enabling the
detection of abnormal activities. The proposed approach uses a discrimina-
tive HMM to recognize action sequences. For training and evaluating the
HMM, the study introduces the RADial. dataset, which contains RGB-D
images and 3D person positions. The proposed research aims to contribute
to monitoring health and providing elder care services. While camera-based
HAR has demonstrated significant accuracy and efficacy in many environ-
ments, it presents challenges like privacy issues. Due to these challenges,
researchers are investigating alternate approaches to tackle these concerns
while maintaining the same level of accuracy and effectiveness in HAR.

In recent decades, smartphone-based HAR has captivated interest across
academics and industries, promising huge improvements in how we interact

*Data Sets available at - https://www.cis.fordham.edu/wisdm/dataset . php
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with our devices and the environment. Shi et al. [99] explored smartphone
technology to propose a lightweight HAR system. The proposed approach
involved a deep-learning algorithm to enhance HAR. Furthermore, the study
introduced a novel pre-classification strategy based on clustering centers to
reduce the frequency with which deep learning models are used. Cheng et
al. [100] combine cellphone technology with wearable devices for HAR so to
take advantage of both technologies. This paper proposes a computationally
efficient CNN using conditionally parametrized convolutions for real-time
HAR on mobile and wearable devices. The proposed approach was bench-
marked on different public datasets, including the WISDM, the PAMAP2,
the UNIMIB-SHAR, and the OPPORUNITY datasets. Authors demon-
strate that, compared to the single cell phone-based technology for HAR,
their study has achieved better results. The cellphones and wearables-based
prototypes for HAR perform very well, but anyway, they have some limita-
tions. More in particular, these technologies are subject to user compliance
and require individuals to always carry their phones or wear these devices,
which can sometimes make them uncomfortable. In addition, the accuracy
of phone-based sensors may vary depending on the phone’s positioning and
the user’s behavior, resulting in possible data inconsistencies.

Cook et al. [101] introduced the concept of unsupervised learning for
HAR based on the CASAS dataset, which is composed of a series of sensors’
acquisitions that can trigger specific activities in an environment (e.g., if
some appliances are used in the kitchen, people are cooking). This method-
ology does not rely on established classes but rather analyzes data without
predefined labels. By modeling and tracking the recurrence of these identi-
fied patterns in conjunction with predetermined actions, the approach im-
proves the accuracy of detecting these predetermined activities. The study
outlines methodologies for HAR, discovering new activities, and integrat-
ing discovery-based boosting to enhance activity identification. The au-
thors evaluate the proposed approach by analyzing sensor data from three
smart apartments where people perform their regular activities. Gomez et
al. [102] developed a real-time HAR system for older people who are living
alone. The authors employed unsupervised learning that can distinguish
sixteen different activities. The proposed approach used the public dataset
SDHAR-HOME, which collects data from non-intrusive sensors and Blue-
tooth beacons to monitor and observe HAR. The system utilizes a fusion of
two concealed Markov models to determine the whereabouts and actions of
the inhabitants accurately. The proposed approach demonstrated accuracy
rates of 86.78%.

The aforementioned works utilize sensors to monitor interactions with
devices to understand activities. While this approach is highly effective for
activities involving specific devices, it has significant limitations for activi-
ties that do not involve furniture or appliances. For example, it would be
very difficult to understand people making gymnasts in a room or cleaning
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around with a mop. Maitre et al. [103] use three UWB radars for recog-
nizing fifteen different activities in an SB environment. The authors employ
different deep learning models, including CNN and LSTM, to distinguish
each activity from the others. The proposed approach achieved an accuracy
of 90% for the classification of 15 different activities. Hamalainen et al.
[104] explore the use of UWB radar technology to monitor predetermined
movement patterns in a residential area of a building. The authors have em-
ployed fault tolerance and reliability analysis, significantly contributing to
the study. The study utilized various machine learning algorithms, including
KNN, to classify diverse activities. Beaulieu et al. [105] used three UWB
radars to investigate a deep learning model that uses transfer learning, data
fusion, and minimal pre-processing to recognize activities and movements. It
combines LSTM with an improved EfficientNet model. For activity recog-
nition, studies with 15 activities made by 10 participants in a furnished
apartment revealed a Top-1 accuracy gain of 18.63% over earlier work, with
Leave-One-Subject-Out cross-validation obtaining 65.59%. A single subject
executed four unique arm motions, resulting in a Top-1 accuracy of 73%.
The model correctly identified large and fine-grained motions but struggled
with medium-sized movements due to insufficient variance.

Noori et al. [106] used UWB radar on a mobile robot to track subjects
within a range of 1.5-2.0m, and train an LSTM model for HAR based on
data from five activities. The proposed approach encompasses a discrimi-
nant analysis that combines PCA and LDA, which achieved 99.6% accuracy
and demonstrated superior performance compared to conventional machine
learning techniques. The technique’s robustness was demonstrated through
cross-validation and public dataset testing, highlighting its potential appli-
cation in human-robot interaction, such as in eldercare. The study found
that UWB-enabled systems accurately identified daily activities and opti-
mized healthcare services for the elderly. Imbeault et al. [107] use three
UWRB radars to detect activities in a prototype apartment. The SelectKbest
algorithm was used to reduce the dimension of the data from the radar.
The proposed approach employed a Random Forest to recognize and clas-
sify each activity. The proposed approach has been compared with the
author’s previous work and found to have 13% higher accuracy. Bouchard
et al. [12] investigate the feasibility of using UWB Doppler radars to iden-
tify activities. A small set of UWB radars recognized activities in a realistic
40-square-meter apartment environment using a simple configuration and
classical feature engineering. A Random Forest algorithm classifies 15 dif-
ferent activities performed by 10 individuals with an accuracy of 80%, an
Fl-score of 79%, and a Kappa coefficient of 77%. These results demon-
strate that UWB radars have potential applications in home automation for
detecting human activities. Li et al. [108] introduce a novel approach to
monitoring vital signs and detecting falls of elderly individuals using UWB
radar technology. The system provides tailored telehealth services using edge
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computing and cloud infrastructure. Attention-based 2D-CNN and LSTM
were used to train the model and extract features from the raw data. The
proposed study accurately identifies three types of falls: standing-to-fall,
bowing-to-fall, and squatting-to-fall, and recognizes people’s sitting-down
status in an environment. The study in [109] explored machine learning and
deep learning models for detecting indoor human activities using the UWB
radar. The study proposes a self-attention-based CNN that enhances activ-
ity monitoring performance by efficiently extracting information from mul-
tiple orientations. The experimental findings indicate that the Concat self-
attention CNN attained 94% accuracy across two datasets, Parallel Spatial
Attention Ensemble and Cascade. The study claims their proposed model
has fewer parameters than others, making it more suitable for real-time
applications. The study in [110] presents the Squeeze-and-Excitation Resid-
ual Concatenate Network (SE-RCNet), a fall behavior recognition network
that improves recognition performance by including residual connections and
Squeeze-and-Excitation modules. The SE-RCNet achieved average F1 scores
of 94.0%, 94.3%, and 95.4% when it examined three types of radar maps,
outperforming other deep learning models. The study developed an adap-
tive weighted fusion method that changes component weights based on the
quality of each radar map. This makes recognition more accurate and goes
beyond the limits of traditional decision-fusion methods. Using SE-RCNet
and the adaptive weighted fusion method to improve an F1 score on a cus-
tom dataset helped the study reduce false positives and false negatives in
fall recognition. The paper in [111] proposes Fusion Map-MobileNetV3 and
ShuffleNetV2 -Neural Networks(FuM-MS-Net), a radar-based HAR method.
This method integrates multiple data representations into a fusion map, in-
cluding a time-doppler map, time-range map, and cadence velocity diagram.
The approach achieves a recognition accuracy of 96.88% on a public dataset
by efficiently extracting features using lightweight networks, MobileNetV3
and ShuffleNetV2. By utilizing data and feature-level fusion, this approach
enhances performance over traditional methods, demonstrating the system’s
efficacy in privacy-sensitive and low-light conditions.

Even though the works for HAR in the state of the art are promising,
they still present some limitations. Most of the studies, including the one in
[108]) have just considered three to five activities for activity recognition.

30



Chapter

Novel Approaches for Occupancy
Prediction in Cognitive Buildings

This chapter provides a brief overview of the proposed approaches we
developed for occupancy prediction, along with the real-time case studies we
conducted for them. Furthermore, we detail the experimental configuration
and give the simulation outcomes derived from these initiatives. We will
explain the broad topic of occupant behavior, which in this case includes
occupancy prediction such as binary and multi-occupancy.

4.1 Binary occupancy prediction in buildings

This subsection briefly explains the use of our proposed architecture for
binary occupancy prediction, which employs FL and LSTM neural networks
to predict occupancy in various rooms inside a building. Moreover, the
proposed approach showed how FL could help in the occupancy predictions
for those rooms where the training of a specific model cannot be performed.
Simulations made on the dataset show that the approach is promising and
can be effectively used to train a preliminary occupancy model for all the
building rooms. In particular, we reached an accuracy of about 94.5% on
the considered data by applying our approach. The following subsections
present a comprehensive analysis of our proposed approach.

4.1.1 Reference architecture for binary occupancy prediction in build-
ings

The reference architecture of our approach is depicted in Fig. 4.1, where
three layers are highlighted. Such layers comprehend:

e a Cloud/Edge Aggregator Layer where an Aggregator Node (AN) is
hosted. Such AN can be deployed in the cloud or at the edge and has

31



CHAPTER 4. NOVEL APPROACHES FOR OCCUPANCY
PREDICTION IN COGNITIVE BUILDINGS

Cloud/Edge Cloud/Edge
Aggregator Aggregator
Layer Node

Env K

Edge Layer Env 1

E, - Edge
. Edge Computing Computin|
Computing Node 2 N ‘:i K ;
Node 1 o

Figure 4.1: The reference architecture of the proposed approach for binary
occupancy prediction.

the aim to merge all the models from the underlying layer and send
the aggregated model to the nodes in the layer below;

e an Fdge Layer in which some Edge Computing Nodes (ECNs) are

hosted. These nodes are deployed at the edge to control their envi-
ronment (Env), close to the sensors from which they have to collect
data to calculate their model. It is essential to have these nodes on
edge so to (i) limit the communications towards the cloud or a higher
edge layer, (ii) decrease the energy consumption in the communication
itself, (iii) increase the privacy of the acquired IoT data by keeping it
as close as possible to the data producers, and (iv) tolerate disconnec-
tions from the Internet or higher-level networks.
ECNSs also run the local calculated model which, during the execution
of the federated learning algorithm, is updated according to the new
data it gathers and the global model is given by the AN. Some ECNs
can be incapable to train their own model due to, e.g., missing com-
puting resources or lack of sensors for measuring the real occupancy
of a space. In this case, these ECNs will only receive and exploit an
already trained model from the AN;

e an loT Layer hosting sensors scattered in an environment and collect-
ing useful data for both the training and the execution of the model
to be computed.

The proposed approach is formalized in Algorithm 1 which represents
the traditional FL approach with the extension related to our proposed case,
namely the dissemination of the computed LSTM model to ECNs (e.g., the
Edge Computing Node K in Fig. 4.1) that do not compute their models
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because they cannot count on historical data from their specific room or
cannot gather the ground truth about the occupancy status of their rooms.
This approach, purposely designed for our case, can be extended to exploit
any neural network model. More in detail, in Algorithm 1, an initial model
is sent from the AN to all the ECNs. Among such nodes, those that are
able to make the training phase collect IoT data from the underlying layer
and update their internal models (these two operations can be repeated per
epoch times, in the case in which the ECNs want to repeat their training
on some other collected data). All of this can be repeated for Rounds times
together with the migration of the models computed on the ECNs towards
the AN, their merge, and the final dissemination of such a merged model to
all the ECNs. It is worth noting that in this way, an ECN, for example, the
ECN K in Fig. 4.1, can benefit from an LSTM (or any other model) that
has been already trained. Fig. 4.2 shows a flow chart that illustrates how,
in the proposed approach, all the layers presented above work in parallel.
In particular, it highlights how the IoT layer gathers data through sensors
and passes them to the edge layer. The edge layer stores data and updates
the local model as soon as the training is performed. Additionally, the
cloud aggregator sends/receives updated parameters to/from the edge layer
to aggregate all the models. It’s worth noting that all of this is made by all
the environments collaborating in the presented training phase.

Algorithm 1 The Proposed Approach based on the Federated Learning Al-
gorithm

1: procedure LSTM_FL(Rounds)

2: currR =10
3: sendM odel(aggregator Layer, edge Layer) > the initial model is sent
to the edge

4: while currR < Rounds do
: collectloT Data(edgeLayer_training) > data is collected from
the IoT Layer

6: updateInternal M odel(edge Layer_training) > the current
internal model is updated based on the data collected

7 sendM odel(edge Layer_training, aggregator Layer) > the
updated model is sent to the aggregator layer

8: aggregate Model(aggregator Layer) > the updated models are
aggregated in the aggregator layer

9: sendM odel(aggregator Layer, edge Layer) > the aggregated
model is sent again to the edge

10: currR + +

11: end while

12: end procedure
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Figure 4.2: The reference flowchart of the proposed approach for binary
occupancy prediction.

4.1.2 Case study for binary occupancy prediction in buildings

The approach introduced in subsection Reference Architecture has been
executed in a simulation case study that will be described in the following.
In particular, subsection Setup will present the setup of the system, and
subsection Results will show some simulation results.

Setup

In this project, we conducted the experiments by using Google Colab'.
Such experiments are coded in Python? (Release 3.7.0) and rely on Tensor-
Flow® (version 2.8.2), TensorFlow Federated* (version 0.16.1), and pandas
(version 1.3.5)% libraries. The code uses the dataset that is analyzed and
explained here [112] and that can be found on GitHub®. In particular, such
a dataset comprehends sensor data about temperature, humidity, CO2, and
Light for a room in a building. Moreover, it shows the actual occupancy
value.

To execute our simulations, we assume that we can have a building with
eleven rooms (with their ECNs) that are used approximately in the same
way. Ten of them have an IoT layer underneath collecting data for training,

!Google Colaboratory. https://research.google.com/colaboratory/
2Python 3.7.0. https://www.python.org/downloads/release/python-370/
3TensorFlow Homepage. https://www.tensorflow.org/

4TensorFlow Federated. https://www.tensorflow.org/federated

Spandas - Python Data Analysis Library. https://pandas.pydata.org/
Shttps://github.com/LuisM78/Occupancy-detection-data
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while the last one cannot do training as it misses the IoT sensors required for
assessing the truth occupancy value. By applying the FL algorithm reported
in subsection Reference Architecture, models are calculated in parallel in all
the rooms, merged, and then disseminated to all the eleven ECNs. According
to this, we divided the dataset into 12 parts: 10 parts (of about 1600 elements
each) represent the data from the ten different rooms and are used as the
training set for the models calculated at the edge of the rooms themselves;
one part (of about 1800 elements) is used as a validation set, and one part
is used as the test set of the merged model. This last test set is simulated
as executed in the eleventh room. All the results shown in the following are
related to this last room.

The ANN used for the occupancy prediction comprehends one LSTM
layer of 32 units, a Dropout layer, one LSTM layer of 16 units, one Dropout
layer, and, finally, a Dense layer with just one output. On each edge node
we executed, for the training, five epochs and the learning processes were
repeated per 25 rounds. The occupancy prediction is trained considering as
input the previous 60 minutes of the real data and as output the occupancy
state at the next minute.
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Figure 4.3: Sensor data with actual and predicted binary occupancy.
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Table 4.1: Confusion Matrix of the test set.
Results

This section highlights the simulation results that we got. In particular,
Fig. 4.3 shows the values of temperature, humidity, CO2, Light, and actual
occupancy taken from the test set we used, which in our example corresponds
to the data of the eleventh room, as introduced above. Moreover, Fig. 4.3
also depicts the occupancy predicted with our simulations. As can be seen,
the accuracy of the trained prediction model is very high. In this specific
test, we have above 94.5% accuracy. Table 4.1 shows the confusion matrix
for the test set considered. Starting from this table, we also calculate the
precision, recall and F1 scores [59] that reached the values of 0.925, 0.915,
and 0.920, respectively.

4.2 Multi occupancy prediction in buildings with single-
layer FL

This subsection will introduce a data-driven approach combining Inter-
net of Things sensors, Machine Learning, Edge computing, and Federated
Learning to predict multi-occupancy in buildings. We will explain how our
proposed approach is used in real-time data collection from the ICAR-CNR
TIoT Laboratory to extract insights into occupancy patterns within a multi-
occupant environment. Such data are gathered through a purposely devel-
oped IoT-based network. Moreover, we conduct a comparative study by
analyzing several FL configurations, which are obtained by varying different
combinations of High-Level Rounds (HLRs) and epochs. HLRs denote the
instances when a model is aggregated at a high level, often in the Cloud,
while epochs refer training rounds involving clients at the network’s edge.
The following subsections present an in-depth analysis of our proposed ap-
proach.
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4.2.1 Proposed architecture for multi-occupancy prediction with sin-
gle layer FL

This paper aims to build upon the approach introduced in [53] by ex-
tending its capabilities with a more sophisticated FL solution. Specifically,
the added enhancement allows the possibility to explore different configura-
tions in the pair High-Level-Rounds/epochs (HLRs/epochs). Moreover, the
approach is designed for considering multi-occupancy forecasting, combin-
ing FL with LSTM networks, and is based on a three-layer architecture, as
illustrated in Figure 4.4, where:

e the JoT Layer comprises intelligent IoT devices such as sensors, actua-
tors, and smart objects distributed across specific rooms in a building.
These devices play a crucial role in collecting valuable data necessary
for training and executing the LSTM model;

e the Edge Layer is the intermediate layer and hosts Edge Computing
Nodes (ECNs), e.g., users’ notebooks, mobiles, or cheap single-board
computers. These nodes are strategically deployed close to the sen-
sors at the edge to collect data and calculate their respective mod-
els efficiently. This positioning at the edge brings several significant
advantages, including limiting communications towards higher edge
layers or the Cloud, reducing energy consumption during communi-
cation, enhancing data privacy by keeping it close to data producers
and ensuring resilience to potential disconnections from the Internet
or higher-level networks. Additionally, the ECNs autonomously run
their local calculated models, which are updated during the FL process
based on newly gathered data. It is important to note that some ECNs
may not be capable of training their own models due to various con-
straints, such as limited computing resources or the absence of sensors
to measure real occupancy. In such cases, these ECNs can receive and
utilize pre-trained models from the Cloud/Edge Aggregator Layer;

e the Cloud/Edge Aggregator Layer: is the upper layer of our architec-
ture and can be deployed both in the Cloud and at the edge, in a node
capable of interacting with all the other edge nodes and with sufficient
processing capabilities. This layer hosts a Cloud/Edge Aggregator
(CEA) which receives models from the Edge Layer, aggregates them,
and distributes the merged model to the underlying nodes.

The literature offers several algorithms for merging the models in FL.
FedAvg [113] is the first and mostly used algorithm, which merges locally
trained models at each HLR. Among the others, FedProx [114] enhances
FedAvg with a proximal term and FedNova [115] ensures objective consis-
tency and rapid error convergence through normalized averaging. This paper
adopts a weighted strategy based on the most popular FedAvg algorithm.
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Cloud/Edge
Aggregator Layer

Figure 4.4: The reference architecture considered in the proposed approach
for multi-occupancy prediction with single layer FL.

To better describe the approach and its capabilities to accommodate
various configurations (HLRs/epochs) for FL, we introduce Algorithm 2. In
particular, such an algorithm initiates by sending an initial model from the
CEA to all the ECNs. Among the ECNs, those capable of participating in
the training phase, since they have sufficient data from the IoT Layer and
availability of computation resources, actively collect data from IoT devices
and update their internal models. This process is repeated for Epochs times,
allowing ECNs to refine their models. Then, ECNs send their computed
models to the CEA, which merges them and shares the result with the
ECNs whenever the newly merged model’s F1 score (macro) is greater than
the last one’s F1 score (macro). All the steps, apart from the initial model
sharing phase, are repeated for HLRs times so as to make several iterations
in the local model training and high-level merge.

This collaborative training approach ensures that all the ECNs, including
nodes that can’t calculate their own model, can benefit from LSTM (or
other) models that have already been trained in other nodes.

4.2.2 Experiments for multi-occupancy prediction with single layer
FL

The approach presented in subsection Proposed Architecture has been
tested in a real case study, which will be discussed in the following subsec-
tions. In more detail, subsection Case Study Setup provides an overview of
our case study and details the deployment used and the setup of the sys-
tem, while Subsection Numerical Results showcases the obtained simulation
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Algorithm 2 The FL Approach used with variable HLRs and Epoch param-

eters.

1: procedure LEARN_FL_MODEL(H LRs, Epochs)

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

currH =0, currE =0
sendModel(CEA, ECNs)

> the initial model is sent to the ECN nodes at the edge

while currH < HLRs do

while currE < Epochs do
gatherIoT Data(ECN's)
> the ECNs gather data from the IoT devices
update Edge M odel(EC'Ns)
> the ECNs update their internal model
currE 4+ +
end while
sendModel(ECNs,CEA)
> ECNs send their updated models to the CEA
mergeModel(CEA)
> CEA merges the updated models from the ECNs
if mergedModel(CEA).F1Score > lastmodel
then
sendModel(CEA, ECNs)
> CEA sends the merged model to the ECNs only if the
> F1 Score of the new Model is greater than the last one
end if
currH + +

end while

25: end procedure
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Figure 4.5: The devices involved in the implemented case study for multi-
occupancy prediction.

results.

Case Study Setup

The case study focused on creating an occupancy prediction system for
the ICAR-CNR Institute building located in Rende, Italy. In such a building,
we deployed several sensors in all the rooms so to understand occupancy
and forecast it for all the users. Anyway, in this case study, we will focus
only on the real data collected in the Internet of Things Laboratory, where
we developed a system comprehending sensors and actuators of different
technologies and several Raspberry Pi 4s, acting as ECNs and responsible
for collecting and processing data. In particular, for our case study, we used
a ZigBee light sensor (Xiaomi Mijia Smart Light Sensor), a ZigBee passive
infrared (PIR) sensor (Philips Hue Motion Sensor), and a WiFi CO2 sensor
(in the Gases Sensor Board Pro of the Waspmote WiFi Pro”). In order to
complement the devices required for the experiments, we also implemented
a Virtual Sensor, using a touchscreen connected to one of the ECNs, to
obtain accurate data on occupancy. During the data collection periods,
occupants in the laboratory used this touchscreen to indicate their presence.
This touchscreen was also used to visualize the most recent data in the
laboratory through a Node-Red application. All the devices used for this
case study are shown in Figure 4.5.

Starting from this system, two datasets were created with data from

"Waspmote Gases Sensor Board Pro. https://development.libelium.com/gases_
pro_sensor_guide/gases-pro-sensor-board-calibrated
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light, CO4, PIR, and virtual touchscreen sensors: the first one comprehends
17 days gathered in the month of November 2022, and the second one con-
tains 5 days taken in October 2022. Both datasets present data collected
during working hours with a timestep of one minute between two tuples, and
the data collected is limited to represent zero, one, or two people. It is worth
noting that the approach proposed is general and would also be applied to
data showing more occupants in the considered environment. In order to use
the approach reported in subsection Proposed Architecture, we emulated to
have, in the first dataset, data from ten different rooms with similar patterns
of use. So, this dataset has been divided into eleven segments. Among these,
ten segments are used for training models at distinct emulated ECNs. The
remaining segment is utilized as a validation set encompassing all ECNs.
It is worth noting that, prior to using the data for forecasting, some data
preprocessing (e.g., handling missing values, data normalization, and data
transformation to 3D structure) is done to prepare the raw data stored in
the datasets, making it suitable for the LSTM network training.

We have implemented the approach using Google Colaboratory®, Python®
(Release 3.7.0) and libraries like TensorFlow!® (version 2.8.2), TensorFlow
Federated'! (version 0.16.1), and Pandas'? (version 1.3.5). The proposed
model incorporates specialized LSTM with one layer having 32 units and
another having 16 units. These LSTM layers effectively capture temporal de-
pendencies, enabling the model to learn long-term patterns. To prevent over-
fitting, two dropout layers with a 0.10 dropout rate are utilized, encouraging
robust learning. The final dense layer generates continuous numerical pre-
dictions. The activation function used for LSTM is the hyperbolic tangent
(tanh), facilitating efficient information flow and preventing issues like ex-
ploding gradients. The model has been trained to predict the occupancy 10
timesteps ahead (occupancy at the tenth minute in the future) using the pre-
vious 60 observations (sixty minutes in the past) as input in each case. The
(HLRs/epochs) couples compared in the following, and hereafter represented
as "FL-Model (HLRs, epochs),” are: FL-Model (50, 2), FL-Model(20, 5),
FL-Model (10, 10), FL-Model(5, 20), and FL-Model(2, 50). Moreover,
all the cases above will be compared with a centralized case, in which there
is no training at the ECNs in the edge, but all the data for training the
only centralized model will always be sent to a centralized node. It is worth
noting that the initial centralized model consists of the LSTM introduced
above.

8Google Colaboratory, https://research.google.com/colaboratory/
9Python 3.7.0. https://www.python.org/downloads/release/python-370/
10TensorFlow. https://www.tensorflow.org/
" TensorFlow Federated. https://www.tensorflow.org/federated
!2Pandas. https://pandas.pydata.org/
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Numerical Results

This section is devoted to illustrating the quantitative results achieved
in terms of the evaluation measures used to demonstrate the quality of the
proposed approach. Specifically, the predictive performances of the models
were assessed using the following well-known metrics: Accuracy, Precision,
Recall, AUC (Area Under the ROC Curve), F1 Score (a harmonic mean
of Precision and Recall), the Mean Absolute Error (MAE), Precision, and
the Recall. Except for Accuracy and MAE, all metrics were computed using
a Macro-Averaging scheme, furnishing a per-class average for each measure.

Table 4.2 reports the results obtained by varying configurations of the
FL-Model, particularly by considering different values of HLR and epochs.
Additionally, we present the performance of the model trained in a cen-
tralized way against the complete dataset. This serves as a benchmark,
representing an ideal yet unrealistically centralized scenario where all data
are available in a single node for analysis. While FL-Model(20,5) strikes
an optimal balance between precision and recall, FL-Model (10,10) deliv-
ers competitive results while demanding reduced communication with the
coordinator node. Notably, at each HLR iteration of the FL process, the
performances of the current model are compared with the ones of the model
trained in the previous iteration. If the new model exhibits a higher F1-
Score on the validation set, then the current model is updated. The learning
algorithm proceeds without any model updates if the new model doesn’t im-
prove. This behavior influences the results on the test set; specifically, when
the model is not updated, its accuracy remains constant over the epochs.

Table 4.2: Evaluation metrics computed for different configurations and
comparison with the fully centralized solution. All the metrics are calcu-
lated by using a Macro-Averaging scheme. Bold values highlight the best
configuration for a given measure.

Configuration MAE Accuracy Macro Precision Macro Recall Macro F1 Macro AUC
FL-Model(50,2) 0.160 0.850 0.860 0.820 0.840 0.850
FL-Model(20,5) 0.174 0.836 0.860 0.791 0.816 0.854
FL-Model(10,10) 0.176 0.831 0.865 0.786 0.814 0.854
FL-Model(5,20) 0.201 0.813 0.809 0.763 0.781 0.818
FL-Model(2,50) 0.192 0.819 0.831 0.766 0.789 0.829
Centralized Model 0.173 0.850 0.845 0.820 0.842 0.854

Moreover, we illustrate how the values of these metrics change as the
number of epochs increases, as depicted in Figures 4.6, where we print a
point per merge in the CEA (per each HLR). As expected, the number of
epochs plays a key role; indeed, with the increasing number of iterations, we
also observe an improvement in the predictive performances of each model.

Finally, in Figure 4.7, we show in detail the real occupancy as in the
testset and compare it with the predicted ones according to all the cases
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Figure 4.7: Actual vs Predicted multi-occupancy for the considered case
study.

4.3 Multi occupancy prediction in buildings with multi-
layer FL

This project proposes an innovative approach for multi-occupancy pre-
diction in Cognitive Buildings, incorporating a multi-layer hierarchy for Fed-
erated Learning, utilizing IoT devices at the Edge, implementing long short-
term memory neural network models, and exploiting Edge Computing. We
also introduce a versatile design template for developing real distributed sys-
tems for occupancy prediction. The proposed approach uses a distributed
paradigm to safeguard data privacy so that the collected data is used to train
separate local deep learning models, which are then merged into the Cloud.
The paper validates the approach by providing a preliminary prototype re-
alized at ICAR-CNR, Rende, Italy, and presents a performance analysis,
which shows that the occupancy is predicted with an 84.5% accuracy. The
following subsections will describe the proposed approach.

4.3.1 The Reference architecture for multi occupancy prediction
with multi layer FL

The reference architecture of the proposal is shown in Figure 4.8. It
is simplified through a tree-shaped network in which the IoT devices are
located in the bottom layer, the Edge devices are in the intermediate layer,
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Figure 4.8: The reference architecture proposed for multi-layer hierarchy
Federated Learning.

the Cloud is the top layer, and the links among them are the communication
channels. More specifically, the three layers are:

e The IoT layer. It hosts IoT devices including sensors/actuators/smart
objects. These devices are scattered throughout their own environ-
ments (Env), which are specific rooms of a building, and collect useful
data for training and executing the LSTM model. They send the data,
possibly after a pre-elaboration, to the Edge Layer.

e The Edge Layer. It is divided into two sub-layers, namely, the Low-
Level Edge Layer and the High-Level Edge Layer.

The Low-Level Edge Layer hosts the Edge Computing Nodes (ECNs)
deployed at the network’s Edge to control the building’s rooms. Usu-
ally, they are installed as close as possible, or inside, the specific room
that they manage. ECNs accomplish the following tasks: (i) they col-
lect and store data gathered from the IoT Layer; (ii) they calculate
and periodically update their LSTM model based on the data collected
from the ToT devices to which they are connected; (iii) they execute
the model to forecast the presence of people in the room they control;
(iv) they send the computed model to the higher levels; and (v) they
update their models according to the models received from the upper
layers. It is worth noting that some ECNs may be unable to train their
models due to missing computing resources or a lack of data regarding
real occupancy. In this case, the ECNs will only exploit the trained
models received from the High-Level Edge Layer.

45



CHAPTER 4. NOVEL APPROACHES FOR OCCUPANCY
PREDICTION IN COGNITIVE BUILDINGS

The High-Level Edge Layer hosts some Edge Aggregator Nodes (EANSs).
These nodes are also deployed at the network’s Edge but they usually
have higher capacities in terms of computation with respect to the
ECNs. According to our architecture, in each building, one EAN is
required to be capable of gathering all the models from the ECNs in
its building. The work of the EAN is to: (i) aggregate such models
and send the merged one to the ECNs below and (ii) send the merged
model to the Cloud and wait for a Cloud-aggregated model to be still
forwarded to the ECNs. In some situations, an EAN can also be rep-
resented by an ECN capable of aggregating all the models from the
other EANs and communicating with the Cloud layer.

The presence of both ECNs and EANs in the Edge layer is very im-
portant to: (i) prevent too many communications towards the Cloud,
(ii) reduce energy consumption during the communication process, (iii)
ensure privacy for the acquired IoT data by keeping it close to the data
producers, and (iv) tolerate disconnections from the Internet. Regard-
ing the latter point, it is worth noting that, in the case of Internet
connection loss, ECNs and EANs continue to operate and interact
thanks to local networks (e.g., WiFi or Ethernet), so allowing the data
collection from the IoT Layer and the model exploitation. The only
effect of temporary Internet disconnections is a delay in the process of
model aggregation.

e The Cloud Layer. It hosts the Cloud Aggregator (CA), which has the
objective of receiving all the models from the Edge Layer, aggregating
them, and distributing the aggregated model to the Edge Aggregator
nodes.

The introduced Federated Learning architecture is based on a multi-layer
Hierarchical Federated Learning (HFL) model [116]. Specifically, the multi-
layer HFL conceptualizes an Edge part including several layers to make
aggregations of trained models at different levels, thus reducing the commu-
nications towards the Cloud and preserving the privacy of the data collected
from the IoT devices.

Our work is based on the algorithm 3, reported below, which takes three
variables as inputs, namely, LowLevelRounds, MidLevelRounds, and High-
LevelRounds. These variables are very important for the training of the
LSTM model because they identify how many times a model is merged
(calculated) at low, mid, and high levels. These variables also define the
number of communications that the algorithm will do at the Edge and to-
wards the Cloud. In particular, the algorithm first sends the initial model
from the CA to the EANs and then from the EANs to the ECNs. Once
the ECNs have the initial model, they start to collect data from the IoT
devices below them and update their model according to this data. When
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the low-level rounds, also referred to “epochs” in the literature, end (i.e.,
currLLR = LowLevel Rounds), the models trained in the ECNs are sent to
the related EANSs, in which they are aggregated and then sent back to the
ECNs. These operations are repeated for MidLevelRounds times. Succes-
sively, the resulting model is sent to the CA, which aggregates the models
from all the EANs and sends the merged one back to the EANs and, con-
sequently, to the ECNs. All the operations described here are repeated for
HighLevelRounds times.
Some interesting considerations can be made. In particular:

e the explained approach, which has been thought specifically for LSTMs,
can also be used with any kind of neural network model;

e the dissemination of the computed LSTM model to the ECNs at the
Edge level can also be very useful for the ECNs that do not com-
pute their specific models, either because they cannot count on histor-
ical data from their specific rooms or because they cannot gather the
ground truth about the occupancy of their rooms.

e as anticipated, the algorithm also considers that, at each layer, there
is the possibility to execute several rounds before sending the merged
LSTM model to the upper layers. These rounds can be useful to re-
duce the communications towards the Cloud further and, consequently,
reduce the energy needed for communications [117]. Although very in-
teresting, the evaluation of this specific aspect is postponed to future
works.

4.3.2 The Design Template

The diagram in Figure 4.9 depicts a design template for the development
of an Edge-Based distributed system that applies Machine Learning and
Federated Learning for multi-occupancy prediction. It is worth noting that
this design template could also be very useful for implementing many kinds
of distributed ML applications, and that each component of the model can
be placed in a different node.

The template provides some basic items that require to be specialized to
develop any specific application. The goal of the proposed design template is
to promote separation of concerns and allow the designers to focus on recur-
rent cross-cutting problems independently. In the following, its composing
items are explained in detail.

e IoT Sensors and Actuators. They are the real devices of the IoT
Layer that can sense the environment around them and act based on
commands received from the controlled environment. These devices
are fundamental for the specific system to be implemented.
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Algorithm 3 The Proposed Algorithm based on the Multi-Layer Hierarchical
Federated Learning.

1:

10:

12:

13:

14:

15:
16:
17:
18:
19:

20:
21:
22:
23:
24:

procedure LSTM_ML_HFL(LowLevelRounds, MidLevel Rounds,
HighLevel Rounds)
currLLR =0, currMLR =0, currHLR =0
sendModel(CA, EANs) b the initial model is sent from the Cloud to
all the EANs
sendModel(EANs, ECNs) 1 the initial model is sent from the EANs to
all the ECNs
while currHLR < HighLevel Rounds do
while currM LR < MidLevel Rounds do
while currLLR < LowLevel Rounds do
collectIoT Data(ECNs) > data is collected by the ECNs
updateInternal Model(ECNs) > the models are updated in the
ECNs based on the data collected
currLLR + +
end while
sendModel(ECNs, EANs) © the updated models are sent to the
respective EANs
aggregateModel(EANs) > EANs merge the updated models from
the related ECNs
sendModel(EANs, ECNs) > ECNs receive the merged models
from the related EANs

currM LR + +
end while
sendModel(EANs, CA) > EANs send the aggregated model to the CA
aggregateModel (C A) > CA merge the models from all the EANs

sendModel(CA,EANs) 1 at each high-level round, all the nodes are
updated with the last merged model
sendModel(EANs, ECNs)
currLLR =0, currM LR =0
currHLR + +
end while
end procedure
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Figure 4.9: The proposed Design Template.

e Virtual Sensors and Actuators. These virtual devices can produce
simulated, historical, and user-inserted data or information taken from
external sources (e.g., weather forecasting services). This item can be
used for modeling auxiliary entities purposely suited to add further
information to the data from real sensors to favor important activi-
ties like user data labeling. These entities can also be used to emulate
specific sensors that are not physically deployed in the considered envi-
ronment. It is worth noting that the labeling activity can be essential
for supervised ML-learning tasks.

e Data Visualization / User Interaction. This item models the entity
that provides an interaction with the users, including data visualiza-
tion, which helps the user be aware of the system’s state.

e Abstraction and Adapter Layer. This component abstracts the IoT
Devices’ details in order to adapt the produced data to the specific sys-
tem needs. This abstraction enables the replaceability of IoT Sensors
and Actuators without affecting the upper layers.

e Reactive Processing. This item involves simple data processing ac-
tivities, allowing basic elaborations on the data flowing at the Edge.
Such processing can include data filtering, aggregation, and threshold
management for reactive actuation.

e Data Gathering/Dispatching. This is the entity that takes care of the
data flow at the Edge: it takes information from all the Edge com-
ponents and, when needed, forwards it to the needed ones. Different
types of dispatching policies can be transparently applied, such as pub-
lish /subscribe or broadcast. The main goal of this item is to decouple
data producers from data consumers.
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e Data Anonymizer. This item has the purpose of properly anonymizing
data from the IoT Layer in order to preserve privacy without affecting
the elaboration of the data itself. For instance, this item can be used
to hide faces in photos or video streams.

e Data Storage. The Data Storage takes care of saving all the required
data on persistent storage like databases or specific files. It is also very
useful to provide historical data to the ML Components or, through
the Data Gathering/Dispatching component, to a visualizer.

e ML Components. This item comprehends three sub-items, namely
“Data Preprocessing,” “ML Model Training,” and “Model Exploita-
tion,” that realize the multi-occupancy prediction task. In particular,
these items oversee the activities of data preprocessing, model train-
ing, and exploitation. It is important to note that the “ML Model
Training” sub-item directly interacts with the Near FEdge “Model Ag-
gregator” so as to share its own model that has been trained at the
Edge and receive the new aggregated one.

e Model Aggregator. The Model Aggregator receives several ML models
from the Far Edge rooms of a building and aggregates them, according
to specific aggregation algorithms, with the goal of providing enhanced
models to the Far Edge computing nodes. This component also inter-
acts with the “Cloud Aggregator”, which is the highest-level model
aggregator, to achieve further improved models.

e Cloud Aggregator. This aggregator produces the highest-level ML
model, which takes into account all the buildings of the developed
system.

It is worth noting that, with the exception of the “Data Gathering/
Dispatching” component, all the Edge components can be considered as
optional once a system based on this design template is developed.

4.3.3 Case Study Implementation

This section presents the design and implementation of a case study for
the forecasting of multi-occupancy, exploiting the approach presented in the
paper. The case study has been implemented in the ICAR-CNR Institute
in Rende, Italy, where ten rooms (five on the ground floor and five on the
first floor) have been equipped with several sensors (the full set of them is
described below) and Edge nodes, i.e., Raspberry Pi. In this section, we
present the implemented components and show the deployment of the room
equipped with the widest variety of sensors, namely, the IoT Laboratory.
Each floor of the ICAR-CNR institute has its own Edge Aggregator node
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(see Section The Reference Architecture), so it could be logically considered
to belong to a different building.

The collection and exchange of data inherently give rise to privacy is-
sues, which were addressed carefully. On the one hand, the Multi-Layer
Hierarchical Federated Learning approach ensures that most data is pro-
cessed and transmitted locally, while only high-level models are exchanged
with the Cloud. On the other hand, before deploying the system, we signed
an agreement with all the involved people stating that the data must be
anonymized and can be used only for scientific purposes, in accordance with
EU General Data Protection Regulation (GDPR) rules [118].

Figure 4.10 shows the main components implemented in each room and
building and the information flows among the components, according to the
design model introduced in the previous section.

Building (Near Edge)
Room (Far Edge)

Edge Computing Node (ECN)

Data Storage

Data
Preprocessing

LSTM Model Model ( Cloud \
MQTT Broker Training "~ Aggregator © . Aggregator

ZigBee N Predicti
e e

@ 10T Layer @ Low-Level Edge Layer [ High-Level Edge Layer [ cloud Layer

Figure 4.10: The main components implemented for the case study.

In order to implement our case study, we developed a set of compo-
nents for integrating and historicizing information gathered from sensors
connected with different protocols. Moreover, in order to collect ground
true data about occupancy, we also implemented a virtual sensor relying on
a touchscreen, which can be used by the people in the rooms to notify their
presence. All the components are briefly introduced in the following.

e ZigBee Coordinator and Sensors. The ZigBee Coordinator acts as
an Abstraction and Adapter Layer item and is the primary control
center or “hub” for a group of ZigBee IoT Sensors deployed in the
room. The coordinator is in charge of transmitting data to the MQTT
broker (corresponding to the Data Gathering / Dispatching item) and
controlling communications among the ZigBee devices.

e WIFI Sensors. We employed WiFi-enabled Waspmote IoT Sensors'?

13Waspmote: https://development.libelium.com/waspmote-technical-guide/
waspmote-kit
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to gather environmental data and transmit it to an MQTT broker.

Touchscreen. We developed a Node-Red-based application that uses
a touchscreen video as Virtual Sensor and Data Visualization item to
(i) capture human-inserted information about the number of people in
a room and (ii) visualize data from all the sensors in the environment.

Data Filtering. It is a Reactive Processing item used to filter not valid
data coming from the IoT Layer (e.g., null values or values outside a
given interval).

MQTT broker. We used an MQTT broker as a Data Gathering / Dis-
patching item to enable communication among the different compo-
nents of the system. The broker uses the publish/subscribe paradigm
to collect and deliver messages to the intended destinations.

Data Storage and DB. We implemented a Data Storage item to give
persistence to the data coming from the MQTT broker. It receives the
sensors’ data, transforms it into a database-friendly format, and stores
it in the database using a database connector. Once stored, the data
can be queried, retrieved, and analyzed by different items and services
that can interface with the Data Storage.

Data Preprocessing. This component has been implemented to take
the raw data stored in the database and preprocess it to make it ready
for the LSTM Model Training.

LSTM Model Training. Once the data has been preprocessed by the
Data Preprocessing item, it is used by this component to train the
LSTM model. Once the model is trained, it is passed to the Pre-
diction component. The LSTM Model Training also takes care of (i)
sending the trained model to the Model Aggregator after executing
LowLevelRounds and (ii) receiving the updated model from the Edge
Aggregator node and from the Cloud.

Prediction. This component, which acts as a Model Exploitation sub-
item, makes predictions based on a trained LSTM model received from
the LSTM Model Training component. This model can be either a
model computed on the Edge Computing Node or a model coming
from outside the node.

Model Aggregator. The Model Aggregator, implemented at the Build-
ing level, is the item taking care of receiving and aggregating the mod-
els from all the rooms of a building. It also takes care of sending,
every MidLevelRound times, the merged model to the Cloud Aggre-
gator component, receiving the updated model from the Cloud, and
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Table 4.3: List of the sensors exploited within the IoT layer for the presented
case study.

Device Technology Power | Measurements Note
. P . Temperature [°C range: from -20° to 60 °C.
Heiman HSIHT-E Zigbee 3 HA battery Relative hum}ditlf [%] range: from 0 to 100%.
Philips Hue Motion Sensor Zigbee 3 HA battery | Movement [boolean] detection range <5m, angle 100°.
Xiaomi Mijia Smart Light Sensor | Zigbee 3 HA battery | Light [lux] range: from 0 to 83000 lux.
Waspmote WiFi Pro WiFi main Carbon Monoxide (CO) [ppm] | range: from 0 to 25 ppm.
with Gases Sensor Board Pro ) Carbon Dioxide (CO2) [ppm] | range: from 0 to 5000 ppm.
Virtual Sensor,
measurement available
. . through touchscreen interface
Occupancy Counter Virtual Sensor | main Number of occupants

and NodeRed application.
See description in
Section 4.3.3.

disseminating it to the LSTM Model Training components in all the
rooms.

e Cloud Aggregator. The Cloud Aggregator takes care of receiving and
aggregating the models from all the Buildings involved in the system.
Once the models, calculated at the Building level, are merged, the
Cloud Aggregator sends the models back to all the Model Aggregators.
In accordance with the algorithm explained, the Cloud Aggregator
repeats its actions HighLevelRound times.

It is worth noting that, at each room, all the components in the Low-
Level Edge Layer are hosted by a Raspberry Pi 4 mod B with 8GB of RAM.
The Model Aggregation component runs, at each floor of the ICAR-CNR
institute, on a Desktop computer, and the Cloud Aggregator is implemented
as a Virtual Machine in the ICAR-CNR cluster.

Some of the components introduced above are further detailed in the
following subsections.

ZigBee Coordinator As we mentioned earlier, the ZigBee coordinator serves
as a central hub that receives data from multiple sensors that are deployed
to monitor the environment. The coordinator is responsible for managing
the communication between the sensors and the MQTT broker and ensuring
that the data is transmitted reliably and efficiently. We have incorporated
several ZigBee sensors to monitor the environmental parameters within the
rooms. The Zigbee sensors’ specifications are summarized in Table 4.3.

The ZigBee coordinator is responsible for obtaining data from all these
sensors and delivering it to the MQTT broker, which in turn sends it to the
database.

Wifi Sensors In our case study, we used the Waspmote WiFi Pro node
equipped with the Waspmote Gases Sensor Board PRO™. The board is

“Waspmote Gases Sensor Board PRO. https://development.libelium.com/gases_
pro_sensor_guide/gases-pro-sensor-board-calibrated
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Figure 4.11: The touchscreen connected to the EDGE; Raspberry Pi.

customized with a Carbon Dioxide (CO2) and a Carbon Monoxide (CO)
gas sensor (see Table 4.3). As soon as the Waspmote node has new data
from its sensors, it sends them to the MQTT broker, which forwards them
to the components that request them, i.e., the Data Storage component.

Virtual Sensor and Data Visualization The ECN is connected to a small
7-inches touchscreen that is used to count the number of people in a room.
Specifically, when someone enters/leaves the room and presses the “GET_IN”
or “GET_OUT” button on the touchscreen, the count increases/decreases
by one, and an MQTT message is sent to the MQTT Broker accordingly.
The counting is displayed on the touchscreen in real-time, as shown in Fig-
ure 4.11. The touchscreen also displays real-time data coming from different
sensors, including COs, temperature, humidity, and CO sensors. All this
data is gathered by subscribing to the specific MQTT topic.

All the functions provided by the touchscreen are implemented through a
Node-red program, whose diagram is shown in Figure 4.12. This figure illus-
trates three distinct flows. The one at the top of the figure is responsible for
displaying the current date and time on the touchscreen. The middle one
displays the two “GET_IN”/“GET_OUT” buttons mentioned before. The
data regarding the number of people is sent to the MQTT broker and sub-
sequently displayed on the screen. The third and final flow receives data
from the MQTT broker, via an MQTT receiver, about sensors such as COq
concentration, temperature, humidity, light intensity, and CO level, which
are then displayed on the screen.

Data Preprocessing The data stored in the database are in a raw format
and are not directly suitable for model training. Moreover, in our case study,
different types of devices were used, including ZigBee, WiFi, and virtual sen-
sors: the collection of heterogeneous data may pose several challenges, such
as uncertainty, redundancy, and missing values, making it difficult for the
model to provide accurate forecasts. For these reasons, the data, before
being used for training the LSTM model, must go through a preprocessing
stage to be cleaned and normalized. Hence, the Data Preprocessing com-
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Figure 4.12: The realized Node-Red application.

ponent takes as input the raw data of the database and outputs a dataset
that can be used for the model training. In our case study, the Data Pre-
processing component has been purposely designed to deal with missing
values, execute data normalization, and make data transformation. These
operations are detailed in the following.

Missing values The data retrieved from the database can have missing val-
ues, which can have a significant impact on the accuracy of the model, since
they can lead to biased or incomplete results during data analysis. Several
techniques are available to deal with missing values, such as imputation,
deletion, or modeling-based methods. In our case, the Last Observation Car-
ried Forward (LOCF) technique [119] was implemented, which is a statistical
method in which a missing value is replaced by the previously observed one.

Data Normalization Standardization is needed to enable consistent com-
parison among different data sources. In particular, data normalization
techniques need to be used. Indeed, training an LSTM model with a nor-
malized dataset leads to better results in terms of accuracy. In our case, the
Standard Scalar Normalization [120] is the chosen technique, as it guarantees
data consistency and enhances model accuracy. Standard scalar normaliza-
tion scales the dataset’s features to have zero mean and unit variance.

Data Transformation Since we are dealing with a multivariate time series
problem, visualizing the data can be challenging, particularly when there
are numerous variables. To address this issue, this component transforms
our dataset into a 3D structure [samples, observations, features| where:

e A sample is a row of data of the 3D structure;

e for each sample, there is a number of observations in the past, which
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are used to forecast the target variable; the time interval between two
consecutive observations is hereafter named as Time_Step.

e an observation consists of a number of features, which are the values
measured by the sensors at the specific observation, according to the
pre-processed data.

Now, the preprocessed dataset is ready for use and can be used to train
the model. To perform forecasting for room occupancy estimation we ex-
ploited the LSTM model, which was specifically designed to work with time-
series data.

LSTM Model Training and Occupancy Prediction The proposed approach
involves the use of multivariate time series to evaluate the current occupancy
number in a room and predict such occupancy for the future time steps. To
train the LSTM model, sensor data was used as input, while the target
output of the model is the occupancy counter N-observations-ahead, where,
in this specific case, N has been chosen as 10. The LSTM Model Training
component is trained to predict three classes, namely, no presence, presence
of one person, and presence of more than one person. More details about
the adopted LSTM model are provided in the next section.

The Occupancy Prediction component takes care of making occupancy
predictions by using the previously trained LSTM model. In particular,
occupancy prediction involves forecasting the number of people who are
likely to be present in a given space in the future.

Model Aggregator This component, implemented at the Building level, is
devoted to the aggregation of different trained LSTM models according to
the FedAvg [113] algorithm. We chose FedAvg, rather than other algorithms
for the merging of LSTM models, such as FedProx [121] and FedPso [122],
since it is the most common in literature. The comparison among these
algorithms is out of the scope of this paper, and we postpone it to future
works. It is worth noting that also the Cloud Aggregator component uses
the FedAvg algorithm for the model merging.

4.3.4 Experimental Evaluation

After the proposal of our approach in subsection The Reference Archi-
tecture and the introduction of our case study in subsection Case Study
Implementation, this section shows some experimental results. Since the
rooms are equipped with different sets of sensors, the first step of the ex-
perimentation aimed at understanding which is the best set of sensors to
perform presence forecasting. To this purpose, we calculated the correla-
tion matrix, reported in Figure 4.13, which involves all the sensors deployed
in the IoT Laboratory, i.e., the room equipped with the largest variety of
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sensors. A correlation matrix shows how strongly the pairs of variables are
related in a dataset. If we have a set of variables X7, Xo,...,X,,, the cor-
relation matrix R is an n X n matrix where each entry r;; is the correlation
coefficient between X; and X; and is given by the following formula:

_ cov(X;, Xj)
Vvar(X;) - var(X;)

Tij (41)
Here, cov(X;, X;) represents the covariance between X; and X, and var(X;)

and var(X;) are the variances of X; and X respectively. The general form
of the correlation matrix R is:

1 rie T1in
ro1 1 ... Ton
R=1|. . . . (4.2)
1l Tn2 1

Each r;; in the matrix represents the correlation coefficient between X; and
X, with —1 < rj; < 1. The diagonal elements (r;;) are always 1 because a
variable is perfectly correlated with itself. When looking at the correlation
matrix (Figure 4.13), it is clear that the most useful sensors to infer and
predict the value of occupancy, set manually through the virtual sensor of
Figure 4.10, and represented by the Occupancy Counter field in Figure 4.13,
are the light (illuminance), the CO3, and the PIR (passive infrared) sensors.
Part of the collected dataset is available at https://sobigdata.d4science.
org/catalogue-sobigdata?path=/dataset/multi-sensor_dataset_of_environmental_
conditions_in_smart_office. For this reason, in the following, without los-
ing the generality of the approach and for a faster development of a prototype
of the proposed system, we will consider only the data coming from the IoT
Laboratory, which is the only room containing all the needed sensors. Such
data will be divided as to represent data coming from different rooms.

In the following subsections, we will show (i) the setup of the system
realized for testing purposes, (ii) the evaluation metrics used, and (iii) a set
of results for assessing the effectiveness of our approach.

Setup

The Multi-Layer Hierarchical FL training and prediction tasks have been
realized by using Python'® (Release 3.7.0) and a set of libraries, among which
TensorFlow!® (version 2.8.2), TensorFlow Federated'” (version 0.16.1), and
Pandas (version 1.3.5)18. As explained above, the considered part of the

5Python 3.7.0. https://www.python.org/downloads/release/python-370/
16 TensorFlow Homepage. https://www.tensorflow.org/

" TensorFlow Federated. https://www.tensorflow.org/federated
!8pandas - Python Data Analysis Library. https://pandas.pydata.org/

o7



CHAPTER 4. NOVEL APPROACHES FOR OCCUPANCY
PREDICTION IN COGNITIVE BUILDINGS

1.0
0.52 0.5 0.24 -0.087
0.8

llluminance

Co- 0.1 . 0.13 0.1 -0.091 0.22
-0.6
COo2- 0.4 0.0094 0.24 _0.4
PIR- 0.52 0.13 0.17 -0.05 -0.2
-0.0
Occupancy Counter- 0.5 0.1 0.5 0.16
--0.2

Temperature - 0.24 -0.091 0.0094

Humidity - -0.087 0.22  0.24

Illuminance -
CO -
Temperature

Occupancy Counter -

Figure 4.13: Correlation matrix of the sensors deployed in the IoT Labora-
tory.

dataset consists of the data coming from the light, the CO2, and the PIR
sensors of the IoT Laboratory.

In particular, we collected two datasets: the first has been obtained by
gathering data from November 1st to November 10th and from November
21st to November 27th; the second one has been collected between October
1st and October 14th. These datasets present data collected only during the
working hours and one row (observation) per minute, and thus the Time_step
is set to sixty seconds. Hereafter, the second dataset will be used as the
testset. Such a testset, together with information on the room’s actual
occupancy (Occupancy Counter), is drawn in Figure 4.14.

Regarding the first dataset, it has been divided into 11 parts: 10 parts
are used to represent data coming from ten different rooms (each one with
its own ECN) of the considered building, supposed to be located as five
rooms per floor, and are used as the training set for the models calculated
at each ECN. The eleventh part is used in all the ECNs as validation set.

We separated each dataset into two parts: features and targets. For
features, we chose COs, occupancy and illuminance data since, as explained
before, they exhibit the highest correlation with our target variable, which
is the occupancy number. Successively, we performed standard scalar nor-
malization, which is a useful preprocessing technique that can enhance the
performance and stability of models, and make their interpretation easier.
Our LSTM model was trained using such normalized features. The model
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Figure 4.14: The Testset used in the implemented scenario.

consisted of an input LSTM layer of 32 units, one Dropout layer, another
LSTM layer of 16 units, one more Dropout layer, and a final Dense layer
with a single output. In defining the LSTM model, we used the tangent
hyperbolic (tanh) function [123] as the activation function for the LSTM
memory cell, as well as for the output gate and the candidate state. This
helps to ensure that the output of the model is within a bounded range and
that the model can learn to distinguish between positive and negative inputs.
Additionally, we have used the Root Mean Square Propagation (RMSprop)
optimizer [124], which calculates an exponentially weighted moving average
of the square of the gradients. This moving average is used to normalize
the gradient during training, which helps to prevent the learning rate from
oscillating too much and provides a smoother convergence towards the op-
timal solution. Regarding the Multi-Layer Hierarchical Federated Learning
parameters, we used the following values: the number of LowLevelRounds
(or epochs) was set to 10, the number of MidLevelRounds was set to 1, and
the number of HighLevelRounds was also set to 10.

The model was trained to give as output the occupancy prediction 10
Time_steps ahead (i.e., 10 minutes ahead) by using the previous 60 obser-
vations of data as input (i.e., 60 minutes in the past). Since the output of
our LSTM model is a real value, to furnish the final occupancy prediction
values we used two thresholds, set to 0.5 and 1.5, and divided the predictions
into three sub-classes: occupancy equal to zero, to one, and values greater
than one, named respectively as occupancy class 0, occupancy class 1, and
multi-occupancy-class.

Through the execution of the algorithm introduced in subsection The
Reference Architecture, at each room, the ECN calculates the LSTM model
for the room, and each EAN, one per floor, aggregates the models computed
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in the rooms of its floor. Finally, the Cloud Aggregator (CA) merges the
global model that will be disseminated to all the nodes of both building
floors. In this way, even though a room cannot perform the training, as it
misses the touchscreen required for assessing the true occupancy value, also
this room will receive a model to run.

Evaluation Metrics

The proposed approach has been assessed by exploiting both quantitative
and categorical metrics. In particular, to evaluate the error of predicting the
exact number of people occupying a room, this study uses the Mean Square
Error (MSE) and the Mean Absolute Error (MAE). The study also evaluates
the approach in predicting the previously defined three classes of occupancy,
namely occupancy class 0, occupancy class 1, and multi-occupancy-class, by
exploiting the well-known Precision, Recall, F1 score, and accuracy met-
rics. These metrics measure the degree of deviation between the predicted
values and the actual data, providing an overview of the model’s overall
performance. In the following, we define them mathematically:

n

1
MSE == (x; — )’ (4.3)
L
1 n
MAE = =" |z; — il (4.4)
e
TP
Precision = ———— 4.
recision TPLFP (4.5)
TP
ll= ——— 4.
Reca TP L EN (4.6)

2 Precision * Recall

Fl= 4.
Precision + Recall (4.7)

TP +TN
A - 4.
Y = TPy TN+ FP+ FN (4.8)

where x; and y; represent the actual and predicted values at time i, re-
spectively, and n denotes the total number of time steps. The acronyms TP,
TN, FP, and FN stand for True Positive, True Negative, False Positive,
and False Negative, respectively. Smaller MSE and MAFE values indicate a
smaller deviation between the predicted and actual values, indicating a more
accurate prediction. Precision, Recall, Accuracy, and F1 score parameters
closer to 1 indicate fewer errors and a more precise prediction. Finally, the
study also considers Macro Precision, Macro Recall, and Macro F1-score,
which are computed by averaging the Precision, Recall, and F1-score on the
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Figure 4.15: Actual vs Predicted occupancy for the considered case study.

prediction classes.

Results

In this section, we provide a discussion of the results gathered from the
described data. In particular, the aim is twofold: (i) assessing the effec-
tiveness of the proposed Multi-Layer Hierarchical FL approach in predicting
occupancy in the considered use case; and (ii) comparing the performance of
the proposed approach against a classical centralized approach and a stan-
dard, single layer, federated learning approach.

In Figure 4.15, the blue and the yellow lines represent, respectively, the
actual occupancy data in the testset and the predicted value of occupancy
obtained by our trained model. After applying the thresholds described
above to the LSTM output (yellow line), we obtain the black line in Figure
4.15 that represents our model’s occupancy prediction, which includes all
three categories - Occupancy class 0, Occupancy class 1, and multi-occupancy
class - and closely matches the actual occupancy represented by the blue
line.

As anticipated above, we evaluated the performance of the model using
the Mean Square Error and the Mean Absolute Error. Our code was exe-
cuted for 10 HighLevelRounds, and, for each HighLevelRounds, we executed
10 LowLevelRounds. We observed improvements on the results at each High-
LevelRound iteration, as displayed in Table 4.4. Further iterations beyond

61



CHAPTER 4. NOVEL APPROACHES FOR OCCUPANCY
PREDICTION IN COGNITIVE BUILDINGS

Table 4.4: Performance of the proposed model

HighLevelRound
1 2 3 4 5 6 7 8 9 10
Mean Square Error | 0.2413 | 0.2208 | 0.2179 | 0.2115 | 0.2031 | 0.1997 | 0.1978 | 0.1983 | 0.1970 | 0.1956
Mean Absolute Error | 0.3460 | 0.3206 | 0.3135 | 0.3056 | 0.2981 | 0.2973 | 0.2935 | 0.2930 | 0.2895 | 0.2903

10 HighLevelRounds did not lead to significant additional improvements.

Our experimental results show that the proposed model achieves an over-
all accuracy score of 84.5% on our testset. To evaluate the performance of
the final model on individual classes, we also computed the F1 score, to-
gether with precision and recall, as shown in Table 4.5. The F1 score for
the occupancy class 0, the occupancy class 1, and the multi-occupancy classes
reached the values 0.88 and 0.82 and 0.81, respectively. These values confirm
that the model performed well for all three classes. In terms of precision,
the model achieved a score of 0.88 for the occupancy class 0, 0.79 for the
occupancy class 1, and 0.89 for the multi-occupancy class. The recall score
for the occupancy class 0 was 0.87, for the occupancy class 1 was 0.84, and
for the multi-occupancy class was 0.73. Finally, the last row of Table 4.5
shows the whole macro average values of the metrics introduced so far.

A comparative analysis was also performed considering other two method-
ologies, namely Discretized Predicted Occupancy - Standard FL (DPO -
Standard FL) and Discretized Predicted Occupancy - Centralized Learning
(DPO - Centralized Learning), which evaluate all the three classes of oc-
cupancy: occupancy class 0, occupancy class 1, and multi-occupancy class.
DP0 - Standard FL uses a single-layer approach to train the model across
various clients, followed by aggregation to determine the optimal weights.
In the DPO - Centralized Learning approach, the whole training set is
available in the Cloud, where also the model training takes place. The
results of these two approaches are shown in Figure 4.15 with green and
red lines. The related evaluation metrics, including Accuracy, Macro Pre-
cision, Macro Recall, and Macro F1-score, are reported in Table 4.6. DPO
- Centralized Learning achieved the highest accuracy of 0.850, followed
by DPO - Multi-Layer FL 0.845, and finally, DPO - Standard FL 0.831.
Macro Precision analysis favored DPO - Standard FL. Macro Recall mea-
surement showed equal performances for DPO - Multi-Layer FL and DPO -
Centralized Learning. Additionally, the Macro F1-score assessment indi-
cates superior performance for DPO - Multi-Layer FL, followed by DPO -
Centralized Learning and DPO - Standard FL.
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Table 4.5: Evaluation matrix table for the considered case study

Occupancy classes F1-score | Precision | Recall | Accuracy
Occupancy class 0 0.88 0.88 0.87 0.88
Occupancy class 1 0.82 0.79 0.84 0.83
Multi-occupancy class | 0.81 0.89 0.73 0.81
Macro avg 0.845 0.850 0.820 0.845

Table 4.6: Evaluation metrics computed for the comparison analysis of dif-
ferent methods. Bold values highlight the best method for a given measure.

Methods Accuracy Macro Precision Macro Recall Macro F1 Score
DPO - Centralized Learning 0.850 0.845 0.820 0.842
DP0 - Standard FL 0.831 0.865 0.786 0.816
DPO - Multi-Layer FL 0.845 0.850 0.820 0.845
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Chapter

A Novel Approach for Activity
Recognition in Cognitive Buildings

This chapter presents a detailed overview of the novel proposed approach
for activity recognition, emphasizing preprocessing and novel methodology
to recognize and classify occupant complex activities accurately. It also
highlights the case studies conducted for validation, details the experimen-
tal setup, and summarizes the simulation outcomes that demonstrate the
effectiveness of this approach.

5.1 UWB Radar-based Activity Recognition in Build-
ings

UWRB radar technology is capable of monitoring, observing, and recog-
nizing occupants’ activities/movements even when they are not within direct
line of sight or even on the other side of the wall. However, there are still
challenges associated with this technology, i.e., it generates a vast quan-
tity of raw data. This data may increase the complexity of data processing
and present challenges in extracting and learning critical features for model
training. Recent research has tried to address this problem by reducing the
dimensionality of data using statistical techniques such as principal com-
ponent analysis (PCA), linear discriminant analysis (LDA), and uniform
manifold approximation and projection (UMAP) [106]. However, these sta-
tistical methods could not work effectively or might ignore some crucial
features when it comes to complex activity recognition, especially when the
activities involve movement or share a common space. Also, many stud-
ies in the literature process images generated from UWB radar data rather
than directly using the raw data. This technique adds complexity to the
data processing and leads to models concentrating on specific image areas,

65



CHAPTER 5. A NOVEL APPROACH FOR ACTIVITY
RECOGNITION IN COGNITIVE BUILDINGS

ignoring crucial temporal and spatial patterns in the radar data.

To overcome the limitations mentioned above and advance the current
literature, we proposes a novel approach based on UWB radar that uses a
Hybrid Deep Learning model for Activity Recognition (HDL4AR) in CBs
environments. Our proposed approach combines LSTM with 1D-CNN, in
which LSTM delves into the global temporal dimension while 1D-CNN con-
centrates on the spatial dimension, adeptly managing deep features to di-
minish spatial characteristics. This approach was conceived to improve the
accuracy and reduce the computational complexity of the model with re-
spect to the others in the literature. Specifically, the proposed approach can
be summarized as follows:

5.1.1 The Proposed Approach

This section provides an overview of the proposed approach. Specifically,
we will delve into (i) the way to preprocess the data and (ii) the proposed
hybrid deep learning model, which includes deep feature extraction from
raw data and time-related feature exploration. The proposed approach is
explained in detail in the following subsections.

Data Preprocessing

Data preprocessing aims to prepare and clean raw data to make it suit-
able for analysis and modeling in machine learning applications. This crucial
step in the data analysis pipeline helps improve data quality, addresses miss-
ing or inconsistent information, and enhances the performance and inter-
pretability of the models. We have labeled each activity with the respective
names and merged all individual activities into one CSV file.

Normalization After this, we have employed a two-step approach to nor-
malize our dataset, which consists of two main steps aimed at scaling and
standardizing the features of our dataset [12]. To normalize each value within
a dataset’s column, we divide each value by the maximum absolute value
for that specific column. In the following, a mathematical representation of
this step is reported:
/ Ty . .
Ty =——— forj=1,2...,N; i=12,...,85; (5.1)
max |zj ;|
This normalization scales the values in each column to [—1,1]. The
second step involves further refinement of the dataset using a standard scalar
normalization. It ensures that the distribution of our data is aligned with a
standard normal distribution with a standard deviation of 1 and a mean of
0. Following is a mathematical representation of this step:
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/
xjfi:w, forj=1,2,...,N; i=1,2,...,5; (5.2)
(2
where p; represents the mean and o; represents the standard deviation of
the i*" column after the first normalization step, respectively. After applying
the two-step normalization process, the dataset is transformed into a new
normalized form, X,orm, where each original data point x;; in X,y has been
replaced with its normalized counterpart xJ” ;- The normalized dataset can
be represented as:
Xoorm € RVS with 2}, j =1,2,...,N; i=1,2,...,5; (5.3)
Data augmentation We use a two-step data augmentation approach to
bring variability and diversity to our input data and enhance the model’s
robustness [125]. For this, we introduced a Gaussian noise, also known as
jittering, to our data. This noise originates from a normal distribution with
a mean of zero and a specified standard deviation. After jittering, we ap-
plied a random time shift to our data, allowing for minor delays or shifts in
recording, thereby ensuring the model’s ability to accommodate misaligned
input sequences. We shift the time series by a random number within a
specified range, thereby maintaining the temporal structure.

The proposed model for activity recognition

When an individual participates in an activity, the radar consistently
generates a signal that interacts with the surroundings and the people nearby.
If the radar detects no movement, the signal remains constant and does not
change. When individuals or objects are in motion, the radar signals that
bounce back experience changes, leading to noticeable changes in the radar
bins depending on the distance between the radar and the target. Typically,
as objects approach the radar, the beginning bins show a higher amplitude of
change; however, as they move further away, the bin’s amplitude decreases.
It is crucial to observe these particular variations in radar bins since they
hold significant information. Minor bin variations may result from environ-
mental noise, but these are frequently negligible. A fundamental challenge
while utilizing this technology is the identification and extraction of the sig-
nificantly changed bins that carry crucial information. To accomplish this,
our proposed HDL4AR approach combines LSTM networks with a 1D-CNN.
This approach can extract deep features from the dataset using its hybrid
learning model, facilitating a comprehensive examination of individual ac-
tivity recognition.

Temporal Analysis of Data Given an augmented data input sequence X,,g €
RN*S where N is the number of sequences (batch size) and S is the sequence
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length, the LSTM processes this data, updating its cell states and generat-
ing the output. The steps that our data passes through to get to the result
are shown below.

Forget Gate A forget gate can be represented by f;, which tells us what
information has to be discarded from the previous cell state Cy_1. It applies
a sigmoid function to the weighted sum of the previous hidden state h;_1
and the current input data x;. The forget gate is computed as follows:

ft == O'(Wf . [htfl, .fL't] + bf) (54)

Input Gate and Candidate Cell State The input gate determines what
information should be stored in the cell and can be represented by #;. In
this process, a sigmoid layer determines what values should be updated, and
a hyperbolic tangent layer determines what new values should be added to
the state. The following formulas are used to calculate them:

i = O‘(Wi . [htfl,l‘t] =+ bz) (5.5)

gt = tanh(WC . [ht—la a:t] + bt) (56)

Update Cell State In the LSTM, the update cell state C; represents
the memory. It is updated by using the forget gate output f; and the input
gate output i;, which determine what to discard and what to add from the
candidate values. Using the following formula, we can compute the updated
cell’s state:

Cr=fi xCi_1+1it X g4 (5.7)

Output Gate The output gate o; decides what information from the
cell state C; should be exposed as the hidden state h;. It is computed using
a sigmoid function over the weighted sum of the previous hidden state h;_1
and the current input data z;. It is calculated as follows:

o = U(WO . [ht—h .le't] + bo) (58)

H = ht =0 X tanh(Ct) (59)

The variables fy, i¢, and g; represent the values of the forget gate, input
gate, and candidate cell state at a specific time ¢ in the input data sequence.
The parameters Wy, W;, and W, are the weight matrices associated with the
forget gate, input gate, and candidate cell state, respectively. Similarly, the
parameters by, b;, and b, are the bias terms corresponding to the forget gate,
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input gate, and candidate cell state. The function o represents the sigmoid
activation function, and tanh represents the hyperbolic tangent activation
function.

Spatial Analysis of Data The output of the LSTM layer is then forwarded
to a 1D-CNN layer, which applies convolutional filters across the sequence
of data, capturing local patterns within the high-level features produced by
the LSTM.

For a given filter k£ in the 1D-CNN, the convolution operation at a posi-
tion ¢ in the sequence is:

K-1
of = f (Z Wili] - Xy + bk) (5.10)
i=0
Where:
e ¢} is the feature produced by filter k at position ¢.
e f is a nonlinear activation function, and here it is ReLLU.
e Wy[i] are the weights of filter k at position ¢ within its receptive field.

K is the size of the convolutional kernel.

by is the bias term for filter k.

This hybrid approach leverages LSTM'’s ability to capture long-term time
dependencies across the sequence and 1D-CNN’s efficiency in extracting crit-
ical features. The modified data is then forwarded to other layers, which
will be explained in the next subsection.

Model Architecture

The overall presented hybrid deep learning model architecture has been
depicted in Figure 5.1.

Our model starts with an LSTM layer using 64 memory units to capture
and analyze sequential data patterns. This layer’s primary role is to maintain
temporal information, safeguarding crucial time-dependent patterns in the
data. A convolutional layer with 256 filters and a kernel size of 3 processes
the sequence after it has passed through the LSTM layer. This layer oper-
ates by analyzing local features. We utilize the rectified linear unit (ReLU)
activation function to enable the extraction of intricate non-linear features.
Next, we add a max-pooling layer to gradually reduce the data size, low-
ering its complexity and enhancing computational performance. Utilizing
a pool size of 2, the pooling method helps reduce overfitting and enhance
the model’s robustness. We use a 128-unit fully connected layer with the
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Figure 5.1: HDL4AR model architecture.

ReLU activation function to facilitate the extraction of complex hierarchi-
cal representations, thereby aiding in learning higher-level abstractions from
the data. Finally, the output layer is equipped with the softmaz activation
function [126], facilitating the accurate classification of the input into one
activity class. During the training process, the model optimizes its inter-
nal parameters using the Adam optimizer, a popular and efficient variant of
stochastic gradient descent.

5.1.2 Case study for activity recognition in buildings

This subsection demonstrates the practical implementation of the case
study we conducted at the IoT Laboratory in the ICAR-CNR headquarters
in Italy. More in particular, we will explain how we deployed UWB radar
technology to gather data from various individuals and the diverse activities
we carried out. In addition, we will offer a detailed explanation of the
simulation configuration we employed for activity recognition, ensuring a
thorough comprehension of our experimental method.

Dataset and Building Description

As written above, we have installed the UWB radar and conducted all the
experiments in the ICAR-CNR IoT laboratory. The laboratory is equipped
with a variety of computers, an oval table, and four chairs, as shown in Figure
5.2. In order to maintain the secrecy of the objects kept in the laboratory,
we intentionally blurred some parts of Figure 5.2. All the activities were
performed by the participants around the table that are kept in the central
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Figure 5.2: The IoT laboratory in ICAR-CNR, Italy. In the foreground, the
used UWB radar is shown in its working position.

part of the IoT laboratory. We obtained data from a group of 22 individuals

who were in excellent health status. Among them, 16 were male and 6 were

female, covering a wide range of ages. Table 5.1 provides comprehensive
explanations of the activities in which each participant was involved. Part

of the collected dataset is available at https://sobigdata.d4science.org/
catalogue-sobigdata?path=/dataset/uwb_radar_dataset_of_human_activity_
detection_in_smart_office. To protect the confidentiality, we catego-

rized individuals based on their age into three groups: 18-25, 26-35, and

36-45. The following is a list of the activities in which the participants took

part:

e Sitting at position 1: Monitoring individuals sitting at the left of the
table in the office with a laptop;

e Sitting at position 2: Monitoring individuals sitting at the right of the
table in the office with a laptop;

e Standing still: Monitoring individuals standing still without engaging
in any specific activity;

e Walking: Monitoring individuals walking in the office environment;

Cleaning: Measuring the activity of office floor cleaning with a mop;
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e Presenting to screen: Gathering data on individuals conducting pre-
sentations in front of the big screen on the left of the office;

o Teaching to whiteboard: Capturing data during writing or drawing
activities on the whiteboard in the central part of the office;

e Gun firing: Monitoring an individual who has a gun in his hands and
is moving inside the office;

o Laying still on the floor: Monitoring an individual laying on the office
floor with no movements;

e Laying on the floor with movements: Measuring the activity of an
individual who is laying on the office floor while moving.

We also collected data from the Empty room, gathering the data with
no participant in the office. In the following (and also in Table5.1) Empty
room is considered as an activity.

All participants performed each activity for 90 seconds to ensure a uni-
form dataset. The experiments were conducted at a frame rate of ten frames
per second. Each participant received detailed information about the activ-
ity they would perform, their role, and the data collection process. They
signed the consent forms so that compliance and transparency could be
maintained. Thus, the collected dataset was obtained in an ethically ap-
proved and carefully managed manner.

Setup

A UWB radar has been installed and connected through USB to a PC
equipped with a 64-bit Intel Core i7 quad-core processor and 16 GB of RAM.
The PC collected all the data from the UWB radar by using MATLAB!,
which is supporting our specific device, and stored all the data gathered into
CSV files.

A data collection exercise was conducted in July 2023 during regular
business hours. Following the collection phase, the data gathered was man-
ually merged so creating 11 distinct CSV files, each representing a specific
activity. The total dataset was so partitioned into training, validation, and
test sets. In particular, 70% of the dataset was used for the training set,
20% for the test set, and another 10% for the validation set. Through this
partitioning, we ensure data distribution is appropriate for comprehensive
model training, testing, and performance evaluation.

To analyze our data, we used Python? (Release 3.7.0) with TensorFlow?
(version 2.8.2), and Pandas (version 1.3.5)*. We also employed the scikit-

"https://www.mathworks.com/solutions/data-acquisition.html
2Python 3.7.0. https://www.python.org/downloads/release/python-370/
3TensorFlow Homepage. https://www.tensorflow.org/

4pandas - Python Data Analysis Library. https://pandas.pydata.org/
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Table 5.1: Engagement of all participants in the data acquisition process.

Laying on the

Participant M/F Age Sitt.ir'lg Sitt.ir.lg St.anding Walking | Cleaning Gl‘m Presenting Tez?ching to | Laying still foor with Empty
1D range | positionl | position2 | still firing | to screen whiteboard | on the floor room
movements

001 M 36-45 X b'd X b'd b'd X X X X X

002 M 26-35 X X X X X b'q X X X X

003 M 26-35 X b'd X b'd b'd X X X X X

004 M 26-35 X X X X X b'q X X X X

005 M 26-35 X X X X X X X X X X

006 M 26-35 X X X X X X X X X X

007 F 26-35 X b'd X b'd b'd X X X . .

008 M 26-35 X X X X X X X X X X

009 M 36-45 X X X X X X X X

010 F 26-35 X X X X X X X X

011 M 26-35 X X X X X . X X

012 F 26-35 X X X X X b'q X X

013 F 36-45 X b'd X X b'd X X X

014 F 26-35 X X X X X . X X

015 M 36-45 X X X X X X X X . .

016 M 26-35 X X X X X b'q b'q X X X

017 M 26-35 X X X X X X X X X X

018 M 26-35 X X X X X b'q b'q X X X

019 F 26-35 X b'd X b'd b'd X X X X .

020 M 26-35 X X X X X b'q X X X X

021 M 26-35 X X X X X X X X X X

022 M 18-25 X X X X X b'q X X X X .
No participant | N/A | N/A X

SONIATING

TG

NI NOLLINOOOHYH ALIALLOY dASVH-HVAVYH M1
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learn® library (version 0.24.1), which provided a comprehensive suite of tools
for data preprocessing, feature selection, and machine learning algorithms.
Moreover, we also installed two resource-intensive libraries Principal Compo-
nent Analysis (PCA)® and Uniform Manifold Approzimation and Projection
(UMAP)", to facilitate a comparison of our hybrid deep learning model with
various statistical approaches, enabling us to identify the best-performing
method.

According to the proposed approach introduced in subsection The Pro-
posed Approach, we have preprocessed the training, validation, and test sets
by doing data normalization. Subsequently, we built our proposed model by
combining the introduced LSTM+1D-CNN and proceeded to train it. More
specifically, the model underwent training for a total of 100 epochs. The
model achieved its optimal performance after 38 epochs. We initially set
the fine-tuning for both the LSTM and CNN models using standard prac-
tices and then refined them via a systematic tuning process. We begin with
standard settings for important parameters, including the number of units in
LSTM layers and the filter counts and kernel sizes in CNN layers. We used
cross-validation to select the optimal parameters that enhanced our model’s
performance To prevent overfitting, we closely observed the validation loss
and accuracy during the training process.

Finally, the obtained model has been evaluated by applying the metrics
introduced in the following subsection. The obtained results and a discussion
about them are reported in subsection Discussion and Results.

Model Evaluation

To measure the effectiveness of our model, we have calculated the follow-
ing metrics, which will be explained below and evaluated in the next section:
accuracy, precision, recall, F'1 score, and confusion matrix.

Accuracy Accuracy is a metric used to measure a model’s overall correct-
ness. In other words, it represents how many instances were correctly pre-
dicted (both positive and negative) relative to how many instances were in
the dataset. Its mathematical representation is as follows:

TP+TN
TP+TN+FP+FN

Accuracy =

TP stands for True Positives. Using our particular multiclass approach,
a true positive is when the model correctly predicts an observation as be-
longing to a specific class of activity, and it appears to be in that class. FP

Sscikit-learn - Machine Learning. https://scikit-learn.org/

SPCA in scikit-learn, https://scikit-learn.org/stable/modules/generated/
sklearn.decomposition.PCA.html

"UMAP in scikit-learn, https://pypi.org/project/umap-learn/
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denotes False Positive. It occurs when the model incorrectly predicts an
observation as belonging to a particular category of activity when, in real-
ity, it does not. A TN stands for a True Negative. A true negative occurs
when the model correctly predicts the sample does not belong to a particular
class, and it does not. FN stands for False Negatives. When a sample is
incorrectly predicted as not belonging to a particular class but belongs to
that class, the model produces a false negative.

Precision The precision of a classification task is an important metric, es-
pecially when the positive class (i.e., the class of interest) is of particular
importance. It is the ratio of true positives to the sum of true positives and
false positives. The precision of a model (P) can be calculated as follows:

TP
P=_———1
TP+ FP

Recall In classification tasks, recall also called sensitivity or true positive

rate, measures how well a model can identify all the relevant class instances.

It is the ratio of true positives to the sum of true positives and false negatives.
In mathematical terms, recall (R) is calculated as:

n_ TP
TP+ FN

F1-Score The F1-Score is a metric that combines precision and recall into
a single value. It provides a balance between these two metrics and is par-
ticularly useful when dealing with imbalanced classes or when both false
positives and false negatives are important.

Mathematically, the F1-Score is calculated as the harmonic mean of pre-
cision (P) and recall (R):

P xR
P+ R

F1=2x

Confusion Matrices A confusion matrix for a multi-class classification prob-
lem with N classes is represented as an N x N matrix. It is a tabular rep-
resentation that helps visualize the performance of a classification model.
Each row corresponds to the actual class, and each column corresponds to
the predicted class. Given a confusion matrix C' with N classes:

Cn Ci2 -+ Cin
o QQ1 C‘22 . C?N
Cnvi Cn2 -+ COnn
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The elements in this matrix are defined as follows: Cj; is the number (or
percentage) of instances of class ¢ that were predicted as class j.

In this matrix, there is the possibility to see True Positives (TP), for
class i, Cy; represents the number of instances correctly predicted as class
i; False Positives (FP), for class i, C;; where j # i represents the number
of instances incorrectly predicted as class i; True Negatives (TN), the sum
of all the elements in the matrix except for row 7 and column 7 for all ¢
represents the number of instances correctly predicted as not belonging to
class i; False Negatives (FN), the sum of all the elements in row i except for
C;; represents the number of instances belonging to class i but incorrectly
predicted as not belonging to class .

5.1.3 Discussion and results for activity recognition

This subsection aims to show the simulation results. In particular, we
will evaluate our approach using the evaluation metrics introduced above,
namely accuracy, precision, recall, F1 score, and confusion matrices. More-
over, we will compare our results with recent literature studies incorporating
statistical and machine-learning approaches.

In particular, we will examine our approach compared to those in the
following;:

e EDA-LSTM based Classification: an Enhanced Discriminant Analysis-
LSTM (EDA-LSTM) based classification approach is used by the au-
thors in [106], where EDA is a combination of PCA and linear dis-
criminant analysis (LDA) used for the dimension of data reduction,
followed by LSTM for temporal analyses and classification of activi-
ties. We performed some experiments by using this approach on our
dataset by varying some parameters, and we chose to use for our com-
parison the model with the best results.

o UMAP-LSTM based Classification: as described in [127], the authors
used UMAP for reducing data dimensions. Using this method, we
have reduced the dimensions of raw data generated by our UWB radar.
Several parameters, already introduced in [127], were fine-tuned, and
the configuration with the best results was chosen for comparison.

o Attention-based LSTM-CNN called ALSTM-CNN Classification: the
article in [108] employs attention-based LSTM and CNN for monitor-
ing elderly people’s activities. For comparison purposes, we used the
above-mentioned method on our dataset, combining 1D-CNNs with

LSTM.

e Attention-based GRU-CNN called AGRU-1D CNN Classification: in-
stead of the LSTM, the attention-based GRU-1D-CNN employs the
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GRU (Gated Recurrent Unit) to handle time series data. For compar-
ison purposes, we also used this approach on our dataset.

e Transformer-based Classification: Since the last two methods we chose
for comparison are attention-based and they produce good results,
we also employed transformers, which have multi-head self-attention
mechanisms available, on our dataset for comparison purposes.

Table 5.2 and Figure 5.3 presents the evaluation metrics for each method,
including UMAP-LSTM, EDA-LSTM, AGRU-1D CNN, ALSTM-1D CNN,
and Transformer-based classification, along with our proposed approach,
HDL4AR. Statistical methods, including UMAP-LSTM, exhibit lower per-
formance because this approach reduces the dimension based on manifold
methods and also reinforces the linearity relationship, which complicates the
approach of lowering the data’s dimension as a whole. EDA-LSTM performs
better because it combines the advantages of both PCA and LCA for data
dimension reduction and classification, which contributes to its improved
performance. Compared to the above statistical methods, attention-based
deep learning algorithms perform better in understanding intricate, non-
linear patterns within data and extracting critical features. However, they
exhibit lower performance compared to our proposed approach because of
the introduction of attention layers in their models, which add complexity to
the models and make it difficult to capture intricate patterns within the data
as a whole effectively. Furthermore, they have utilized the data in an image-
based format that focuses on certain parts of the image, thereby ignoring
less critical features within the data. Training attention-based models re-
quires significantly more computational resources, consumes longer time on
a simple PC, and sometimes requires a GPU to process it. Including atten-
tion layers in these models enables selecting some important features while
ignoring less significant ones that still contribute to the overall outcome,
although to a lesser degree. These features substantially affect evaluation
metrics such as accuracy, precision, recall, and F1 score. Our proposed ap-
proach outperforms other methods by combining the advantages of LSTM
and 1D-CNN models, in which LSTM analyzes time-related features while
1D-CNN manages deep features to reduce spatial characteristics.

Table 5.3 presents the accuracy scores for each activity in the respective
cell, along with the corresponding approaches. Each approach demonstrates
different accuracy scores. More specifically, static activities where no move-
ment is involved exhibit excellent accuracy scores. UMAP-LSTM exhibits
the lowest performance when it comes to activities that require physical
movement. UMAP performs poorly in movement-based activities. Following
UMAP-LSTM, EDA-LSTM has the second-lowest accuracy. AGRU-LSTM
ranks third, with slightly higher accuracy for each activity than the statisti-
cal approaches. ALSTM-1D-CNN outperforms the other algorithms stated
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Table 5.2: Evaluation metrics computed for different approaches and com-
parison with our approach.

Methods Accuracy Precision Recall F1 Score
UMAP-LSTM 0.8629 0.851 0.860 0.8620
EDA-LSTM 0.9209 0.9198  0.9209  0.9201
AGRU-1D CNN 0.9380 0.92 0.9200  0.9200
ALSTM-1D CNN 0.9461 0.9400  0.9391  0.9393
Transformer-based 0.9546 0.9433  0.9430  0.9426
Our approach 0.9842 0.9840 0.9850  0.9852
- 0.9842 0.984 0.985 0.9852

0.9546
0.95 0.9433 0.94 0.942
0-5464 0.94 0.9391 0.9393
0938 0.92 0.92 0.92
0.9209 0.9198 0.9209 0.920
09
0.862 0.86 0.86
0.85
0.85
08 I
0.75

Accuracy Precision Recall F1 Score

B UMAP-LSTM B EDA-LSTM  ®mAGRU-1D CNN ALSTM-1D CNN  m Transformer-based ~ ® HDL4AR

Figure 5.3: Graphical visualization of the Accuracy, Precision, Recall, and
F1 Score for the compared approaches.
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above in terms of accuracy. Transformer-based classification outperforms all
other approaches in terms of accuracy for each activity. Upon analyzing the
accuracy of each activity, it is obvious that our proposed model consistently
obtains the highest accuracy scores.

We have also evaluated the confusion matrices for all the considered
approaches. As we are recognizing multiple activities, we have considered
measuring a multi-class confusion matrix to assess the effectiveness of each
class by comparing the actual labels with the predicted labels. Figure 5.4
depicts the confusion matrix of UMAP-LSTM. This approach shows poor
performance in most activities when comparing actual labels to predicted
activities. The confusion matrix for EDA-LSTM can be seen in Figure 5.5,
which exhibits marginally superior performance compared to UMAP-LSTM.
The confusion matrices for deep learning models, such as AGRU-1D CNN,
ALSTM-1D CNN, and transformer-based classification approaches, can be
shown in Figure 5.6, Figure 5.7, and Figure 5.8 respectively. These ap-
proaches show better performance as compared to the statistical approaches,
but they still require improvements. Figure 5.9 illustrates our proposed ap-
proach confusion matrix, which uses a hybrid model. LSTM focuses on
the temporal dimension by carefully examining time-related data, while 1D-
CNN focuses on the spatial dimension by effectively using deep features
to reduce spatial characteristics. By incorporating the advantages of each
model, this hybrid approach accurately recognizes the majority of activities,
with true labels closely matching the predicted labels. Furthermore, Figures
5.10 and 5.11 show a graph illustrating the model’s accuracy and loss for the
training and validation phases, respectively. We trained the model for 100
epochs and observed that it reached convergence after 38 epochs. Finally,
the 3D scatter plot shown in Figure 5.12 demonstrates the classification of
each activity within our proposed approach, confirming the model’s overall
higher performance.

The computational complexity of each model is evaluated, as summa-
rized in Table 5.4. We trained each model for varying numbers of epochs, as
shown in the corresponding rows with the relevant methods; some methods
required more epochs to achieve the same performance calculated in Table
5.2. The UMAP-LSTM model training was run for 400 epochs. This model
concluded its training in a short window period of 615.66 seconds; however,
it was the most computationally costly in terms of RAM memory consump-
tion, with a total of 9491.1 MB, which is the highest RAM consumption
among all the methods. The EDA-LSTM model was executed for the same
number of epochs. This model is not computationally expensive in terms
of training time and consumes less memory than all methods, taking only
5018.9 MB of RAM during training. All other hybrid deep learning models
were trained for 100 epochs. AGRU-LSTM exhibited the most extended
training duration among all methods, requiring 38,042.78 seconds and using
8,472.0 MB of RAM. ALSTM-1D CNN was the second-most time-consuming
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Table 5.3: Accuracy’s score of each activity for all the compared classifiers.

Laying on the

Activities Sltt.II.Ig Sltt.n}g Walking St.andmg Cleaning Presenting to Tee}chmg to Gl'm fAoor with Laying still NO N
position 1  position 2 still screen whiteboard firing on the floor Participant
movements
UMAP-LSTM 1.0 0.9975 0.7007 0.9655 0.6730 0.8756 0.9022 0.7324 0.8683 0.9809 0.9796
EDA-LSTM 0.9814 0.9975 0.8204 0.9286 0.6991 0.9652 0.9340 0.7765 0.9854 0.9904 1.0
AGRU-1D CNN 1.0 0.9975 0.8554 0.9877 0.7678 0.9502 0.9682 0.9147 1.0 1.0 1.0
ALSTM-1D CNN 0.9973 0.9975 0.9202 0.9852 0.8081 0.9527 0.9584 0.8912 1.0 0.9952 1.0
Transformer-based 1.0 1.0 0.8953 0.9901 0.8697 0.9801 0.9756 0.8912  0.9902 0.9713 1.0
Our approach 1.0 1.0 0.9576 1.0 0.9526 0.9925 0.9804 0.9765 1.0 0.9952 1.0
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5.1. UWB RADAR-BASED ACTIVITY RECOGNITION IN
BUILDINGS
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Figure 5.4: Confusion Matrix of UMAP-LSTM based Classification.
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Figure 5.5: Confusion Matrix of EDA-LSTM based Classification.

81



CHAPTER 5. A NOVEL APPROACH FOR ACTIVITY
RECOGNITION IN COGNITIVE BUILDINGS

100
Siting SENIY 000 0.00 000 000 000 000 000 000 000 0.00
position 1 ! ! ! ! ! ! ! ! ! !
sitting
position 2~ 000
80
Walking - 0.00
Standing
still - 0-00
Cleaning - 0.24 60
T Presenting
]
ko] to screen - 000
<
Teaching
to whiteboard - 200 -40
firing = 000
Laying on
the floor with - 0.00
movements -20
Laying still
on the floor = 000
No
participant - 000 000 000 0.00 000 000 000 000 000 0.00
. . ] . . . . . . . -0
2 2 2 2 ® 2 _f4 =5 %
2 2 2 2 2 £2 =
% sz = 2§ 2§ 3 63§ w2 8
g 5% 8 g8 =8 25e 22 23
n © Lo ©E >=> 22 ©
=5 g3 Seg %8s 8
e sE
Predicted

Figure 5.6: Confusion Matrix of AGRU-1D CNN based Classification.
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Figure 5.7: Confusion Matrix of ALSTM-1D CNN based Classification
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Figure 5.8: Confusion Matrix of Transformer-based Classification.
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Figure 5.9: Confusion Matrix of our approach.
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Figure 5.10: Accuracy graph of the training and validation sets.
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Figure 5.11: Loss graph of the training and validation sets.
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Figure 5.12: 3D scattering visualisation of each activity for our proposed
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Table 5.4: Computational complexities are computed for different ap-
proaches and comparisons with our approach.

RAM memory usage

Methods No. of epochs Training time (seconds) during training (MB)
UMAP-LSTM 400 615.66 9491.1
EDA-LSTM 400 564.23 5018.9
AGRU-1D CNN 100 38042.78 8472.0
ALSTM-1D CNN 100 16070.10 8296.9
Transformer-based 100 2251.26 7672.2
HDL4AR 100 456.80 7336.0

model, requiring 16,070.1 seconds to complete its training. This model used
8296.9 MB of RAM during training. The Transformer-based model required
2,251.26 seconds for training and used 7,672.2 MB of RAM. HDL4AR had
the lowest training duration among all models, completing it in only 456.80
seconds, using 7,336 MB of RAM.

Finally, we calculated the amount of memory needed to execute our
trained model. In particular, we monitored the RAM occupied by the
Python process on the computer running it for one hour during execution.
We noted that the occupied memory was at its maximum 1218.4 megabytes.
This means that the model can also be executed on edge devices [1] such as
Raspberry Pi. This allows for dramatically improved privacy since the data
used during the model execution can be acquired to the edge and deleted as
soon as it is used.

Discussion on the robustness of our model

To understand the robustness of our model, a new data collection exper-
iment was conducted, with the aim of creating a new test set to be evaluated
on the already trained model. In such an experiment, we moved, replaced,
and/or added some furniture in the smart laboratory to create a new con-
figuration. An occupant participated and performed all the activities for 30
seconds to collect the new data. In this new configuration, shown in Figure
5.13, the row of desks that were previously attached to the wall (as seen on
the left side of Figure 5.2) has been moved 70 centimeters away from the
wall. We relocated the big screen that was on the desk on the left and put
it on the stand on the right. We also moved the small desk that was on
the right. A black metal and glass box has been added on the right to host
servers. During all the data collection, one person was always sitting on the
left of the room. Additional minor modifications to the smart laboratory
have also been made on the back side of the UWB radar, which are not
visible in the figure.

On this new test set, our trained model attained an overall accuracy of
65.9%. It’s worth noting that by integrating part of the new data collected

85



CHAPTER 5. A NOVEL APPROACH FOR ACTIVITY
RECOGNITION IN COGNITIVE BUILDINGS

Figure 5.13: The IoT laboratory in ICAR-CNR with the new configuration.

into the training dataset, we can retrain our model with an increased ac-
curacy of about 90%. This methodology can be used to perform transfer
learning activities [128], which will be better evaluated in future work.
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Chapter

Conclusion, Publications, and
Future Work

6.1 Conclusion

This study introduced some novel approaches to understand and predict
occupants’ behaviors inside Cognitive Buildings. More specifically, these
approaches focus on determining and predict whether a space is occupied
and the number of people present. Moreover, they aim to understand what
activities are performed. To prove the proposed approaches, some case stud-
ies have been implemented in a smart office environment, at ICAR-CNR in
Rende, Italy.

Firstly, we proposed an approach based on FL and LSTM for binary
occupancy prediction in several building rooms. Moreover, the proposed
approach shows, through some simulation results, the importance of FL in
the binary occupancy predictions for the spaces in which the training of a
specific model was not performed. Some simulation experiments have shown
the effectiveness of the proposed approach by achieving an overall accuracy
of 94.5%. We worked on extending binary occupancy prediction to predict
multi-occupancy as it has more abilities to optimize energy consumption
in such buildings’ environments. We introduced a data-driven approach
combining IoT sensors, ML, Edge computing, and standard FL to predict
multi-occupancy in buildings. The proposed approach is applied to real-
time data collected at the ICAR-CNR headquarters (Rende, Italy) to gain
practical insights, enabling a comprehensive understanding of the occupancy
patterns and dynamics within a multi-occupant environment. Such data are
gathered through a purposely developed IoT-based network. The approach
also introduced a versatile design template for developing real distributed
systems for occupancy prediction. Moreover, we conducted a comparative
study by analyzing several FL configurations obtained by varying combi-
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nations of HLRs and epochs. HLRs denote the instances when a model is
aggregated at a high level, often in the Cloud, while epochs refer to training
rounds involving clients at the network’s edge. We have also employed the
multi-layer approach proposed to reduce the energy consumed for communi-
cation by avoiding continuous data transmission to the cloud. The proposed
approach achieved a global accuracy of 84.5% in forecasting 10-minute-ahead
room multi-occupancy while preserving data privacy.

Secondly, we have developed an approach for the occupant’s activity
recognition inside CBs. The proposed approach utilized non-wearable UWB
radar technology to detect occupants’ activity inside smart buildings. This
approach used hybrid learning models, a combination of LSTMs and 1D-
CNNs, to analyze the temporal and spatial components of the data and
extract deep features from it. The LSTM focuses on the temporal analy-
sis of the data; it ensures an in-depth analysis of the time-related features,
whereas the 1D CNN addresses the spatial elements, reducing the spatial
characteristics and extracting deep features from them. A case study was
conducted in real-time by collecting data from 22 healthy individuals in-
volved in 10 different activities at the headquarters of a smart laboratory in
ICAR-CNR, Italy. Furthermore, our study has been benchmarked against
existing statistical approaches and other hybrid deep learning models that
have recently been developed. As a result of the above comparison, we
achieved the highest overall accuracy score of 98.53%.

6.2 Publication Related to this Thesis

The research work related to this thesis has resulted in the following
publications: Some of them are published in peer-reviewed journals, book
chapters, and international IEEE conferences.

In the following, a brief description of each publication is provided.

6.2.1 Journal Publications

e A Hybrid Deep Learning Model for UWB Radar-Based Occupants Ac-
tivity Recognition in Energy-Efficient Buildings [24].
Irfanullah Khan, Edoardo Serra, Antonio Guerrieri, Giandomenico
Spezzano, “A Hybrid Deep Learning Model for UWB Radar-Based Oc-
cupants Activity Recognition in Energy-Efficient Buildings. (Accepted
to the Internet of Things Journal, Elsevier, on 26th, November 2024.)
https://doi.org/10.1016/j.i0t.2024.101458
This paper proposes a novel approach that uses a hybrid deep-learning
model to recognize complex human activities based on data collected
from ultra-wideband radar technology. Our approach, called Hybrid
Deep Learning Model for Activity Recognition (HDL4AR), includes
long-short-term memory and a one-dimensional convolutional neural
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network. We deploy a real-time case study by collecting data from
22 participants involved in 10 diverse activities at the headquarters
of the ICAR-CNR in the IoT Laboratory, Italy. Moreover, we con-
ducted a comprehensive benchmark of the HDL4AR approach against
various statistical techniques and other deep learning models recently
introduced in the literature. Results show that our proposed approach
outperformed conventional methods and achieved an impressive accu-
racy of 98.42%.

Leveraging distributed Al for multioccupancy prediction in cognitive
buildings [23].

Irfanullah Khan, Franco Cicirelli, Emilio Greco, Antonio Guerri-
eri, Carlo Mastroianni, Luigi Scarcello, Giandomenico Spezzano, and
Andrea Vinci. “Leveraging distributed Al for multioccupancy predic-
tion in cognitive buildings.” Internet of Things (2024): 101181.
https://doi.org/10.1016/j.10t.2024.101181

This paper proposes an innovative approach for multi-occupancy pre-
diction in cognitive buildings, incorporating a multi-layer hierarchy
for Federated Learning, the utilization of IoT devices at the Edge,
the implementation of long short-term memory neural network mod-
els, and the exploitation of Edge Computing. The approach also in-
troduces a versatile design template for developing real distributed
systems for occupancy prediction. The proposed approach uses a dis-
tributed paradigm to safeguard data privacy so that the collected data
is used to train separate local deep learning models, which are then
merged in the Cloud. The paper validates the approach by provid-
ing a preliminary prototype realized at ICAR-CNR, Rende, Italy, and
presents a performance analysis, which shows that the occupancy is
predicted with an 84.5% accuracy.

Occupancy Prediction in IoT-Enabled Smart Buildings: Technologies,
Methods, and Future Directions [14].

Irfanullah Khan, Ouarda Zedadra, Antonio Guerrieri, and Gian-
domenico Spezzano. “Occupancy Prediction in IoT-FEnabled Smart
Buildings: Technologies, Methods, and Future Directions.” Sensors 24,
no. 11 (2024): 3276.

https://doi.org/10.3390/524113276

This paper provides a comprehensive overview of recent advancements
in Internet of Things (IoT) technologies that have been designed and
used for the monitoring of indoor environmental conditions within
buildings. Using these technologies is crucial to gathering data about
the indoor environment and determining the number and presence
of occupants. Furthermore, the paper critically examines both the
strengths and limitations of each technology in predicting occupant
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behavior. In addition, it explores different methods for processing this
data and making future occupancy predictions. Moreover, we highlight
some challenges, such as determining the optimal number and location
of sensors and radars, providing a detailed explanation and detailed
insight into these challenges. Furthermore, the paper explores pos-
sible future directions, including the security of occupants’ data and
the promotion of energy-efficient practices such as localizing occupants
and monitoring their activities within the building.

6.2.2 Book Chapter

e Occupancy Prediction in Buildings: State of the Art and Future Di-
rections [6].
Irfanullah Khan, Emilio Greco, Antonio Guerrieri, and Giandomenico
Spezzano. “Occupancy Prediction in Buildings: State of the Art and
Future Directions.” Device-Edge-Cloud Continuum: Paradigms, Ar-
chitectures and Applications (2023): 203-229.
https://doi.org/10.1007/978-3-031-42194-5_12
This chapter aims to provide an overview of the prominent research
conducted on occupancy forecasting in building environments. Ini-
tially, we have examined the key monitoring methods, based on Inter-
net of Things technologies, employed for assessing presence in build-
ings. Subsequently, we have delved into some machine learning and
deep learning algorithms utilized for predicting occupancy. Finally, we
have explored the possible potential future directions in this field

6.2.3 Conferences

e Human-Centric Based Energy Efficiency and Comfort Optimization in
Cognitive Buildings: A Review [21].
Irfanullah Khan, A. Stephen McGough, Antonio Guerrieri, Gi-
andomenico Spezzano, “Human-Centric Based Energy Efficiency and
Comfort Optimization in Cognitive Buildings: A Review (to appear in
the proceedings of the 22nd IEEE International Conference on Perva-
siwe Intelligence and Computing (PICom 2024), November 2024).
https://doi.org/10.1109/PICom64201.2024.00020
This paper provides a review of the most recent progress in using oc-
cupant behaviors to empower cognitive buildings to make autonomous
choices, thereby enhancing security, energy efficiency, and comfort. As
a novelty, it investigates how detailed information on building occu-
pancy, including if the building is occupied, the number of people,
their activity, and their precise positions within the space, could im-
prove and optimize decision-making procedures. Furthermore, it also
explores the challenges associated with the implementation of these
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concepts and discusses the potential future research directions that
could enhance these concepts.

e Occupancy Prediction in Multi-Occupant IoT Environments leverag-
ing Federated Learning [22].
Irfanullah Khan, Flavia C. Delicato, Emilio Greco, Massimo Guaras-
cto, Antonio Guerrieri, and Giandomenico Spezzano. “Occupancy
Prediction in Multi-Occupant IoT Environments leveraging Federated
Learning.” In 2028 IEEE Intl Conf on Dependable, Autonomic and
Secure Computing, Intl Conf on Pervasive Intelligence and Comput-
ing, Intl Conf on Cloud and Big Data Computing, Intl Conf on Cy-
ber Science and Technology Congress (DASC/PiCom/CBDCom/Cy-
berSciTech), pp. 0036-0043. IEEE, 2023.
https://doi.org/10.1109/DASC/PiCom/CBDCom/Cy59711.2023.10361520
This paper introduces a data-driven approach combining Internet of
Things sensors, Machine Learning, Edge computing, and Federated
Learning to predict multi-occupancy in buildings. The proposed ap-
proach is used on real data from the ICAR-CNR IoT Laboratory
in order to extract insights into occupancy patterns within a multi-
occupant environment. Finally, a comparative analysis conducted by
varying Federated Learning configurations demonstrates the robust-
ness of the solution.

e Occupancy prediction in buildings: An approach leveraging LSTM and
federated learning [53].
Irfanullah Khan, Antonio Guerrieri, Giandomenico Spezzano, and
Andrea Vinci. "Occupancy prediction in buildings: An approach lever-
aging LSTM and federated learning.” In 2022 IEEE Intl Conf on De-
pendable, Autonomic and Secure Computing, Intl Conf on Pervasive
Intelligence and Computing, Intl Conf on Cloud and Big Data Comput-
ing, Intl Conf on Cyber Science and Technology Congress (DASC/Pi-
Com/CBDCom/CyberSciTech), pp. 1-7. IEEE, 2022.
https://doi.org/10.1109/DASC/PiCom/CBDCom/Cy55231.2022.9927838
This paper proposes an approach based on Federated Learning (FL)
and Long Short-Term Memory neural networks for binary occupancy
prediction in several rooms of a building. It also shows how FL helps in
the occupancy predictions for the spaces in which the training of a spe-
cific model was not already performed. Some simulation experiments
have shown the effectiveness of the proposed approach.

6.2.4 Invited talk at International Conference

e Dynamic Occupant Behaviors: Paving the Way for Energy-efficient
and Privacy-Preserving Smart Buildings.
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Irfanullah Khan, Antonio Guerrieri, Giandomenico Spezzano, “Dy-
namic Occupant Behaviors: Paving the way for Energy-efficient and
Privacy-Preserving Smart Buildings (invited talk at 2nd International
Conference on Recent Trends in Statistics and Data Analytics in NUST,
Islamabad, Pakistan).

6.3 Future Work

Although this thesis has contributed to the growing research literature
on using cutting-edge technologies for occupancy prediction and activity
recognition in CBs, there is still a gap for improvement in both occupancy
prediction and occupants’ activity recognition. Regarding occupancy pre-
diction, integrating additional sensors, such as smart thermostats, might
provide more accurate temperature and light intensity monitoring. Further-
more, our research concentrated only on indoor environmental parameters;
however, further investigations might include outside elements, such as me-
teorological conditions and seasonal aspects, which directly affect interior
environments. Digital twins could enhance our methodology by monitoring
energy optimization and occupant comfort in real-time. Further experiments
could explore the transferability of learned models across similar buildings
to optimize energy and comfort management. In the context of activity
recognition, we may consider incorporating additional UWB radars and ex-
panding the scope of activities to include those performed outside the line of
sight, such as those behind walls. We aim to further develop our research by
focusing on recognizing human activities and tracking people’s movements
or locations inside buildings, which will provide essential input for future
CBs. Furthermore, we want to explore transfer learning methods in activity
recognition to adjust our model to new environments with little retraining.
Finally, we need to generalize our model to provide a flexible solution that
applies to diverse situations without requiring much more adjustment in the
surrounding environment.
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