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Abstract

The world is facing challenges related to climate change, the growing increase in global energy
consumption and the increasingly worrying decrease in fossil energy resourcgsuTihd i ¢ 6 s
awareness of environmental problems and the high costs of energgreased in recent years.
Meanwhile a significant portion of electrical energy consumption is still associated with the
improper use of electrical appliances.

With the widespread use of smart meters, allowing-§iraned monitoring of electricity
consuumption, energy disaggregation in buildings has become possible, based on a single
measurement of aggregated data (current, voltage, active and/or reactive powers, etc.). Non
intrusive load monitoring (NILM) refers to a set of approachespfediding the electrical
energy consumption afevices based on measurements of aggregaedrdemand data from
multiple devices at the building's energy distribution systiérinas become one of the most
practical solutions for energy disaggregati@Qomputationaintelligence techniques are the
most costeffective and efficient way to fulfill energsaving goals using NILM. Indeed, it has
been shown that appliances exhibit unique energy consumption patterns. NILM techniques
enable to identify the fingerprints of dadevice from the aggregated powers consumption
using computational intelligence approaches.

This thesis is focused on the analysis of the practical challenges of deployiogdbw
NILM hardware and lowcomplexity disaggregation algorithmSpecifically,we focused on
the use of lowfrequency power signals and methods for designing offline NILM algorithms
with hightlevel computational performance and very fast online operdfioa.first part is
focused on the analysis and collection of data from a typésédential house located in the
Algarve, Portugal, in the context of a rdifé scenario. Then, an optimization approach based
on deep learningnethod is proposedThe framework relies on a hybrid deep learning
architecture based on a convex hull dakection approach using low frequerfityHz) power
data. It is based on the use of active and reactive powers features agimpusults achieved
demonstrated the efficiency of the proposed approach, reaching F1 values up to 99% and
estimation accucy values up to 98%. It was shown that usingpitsgoseddata selection
approach significantlymprovesthe resultsof the designed modglespecially for multstate
devices.However, to achieve satisfactory performance, these techniques rseddtantial
training data. Moreover, these methods benefit greatly fnomdels with many training
parameters, which in most cases require expensive or not readily available processing capacity.

To tackle these challenges, we proposed a NILM framework lossse&d minute sampling rate,



thus enabling the use of lewost meters, and using shallow and low complexity neural network
models. The framework is based on the design of radial basis function neural networks by a
multi-objective genetic algorithm (RBFNMOGA), with design data selected by an
approximate convex hull algorithnMany experiments were conducted. A comparative
analysis was conducted to evaluate the RBAWDBIGA framework against th@roposed
approach. The results of the analydesnonstratedha the RBFNNMOGA model does not
require too much training data, while achieving similar or better performance than approaches
using more training dat&urthermore, the effectiveness of the propaggaroachn obtaining
the best estimate of the energy somed by eacklevice in the house was highlighted by
comparing it with other statef-the-art method using both distinct and common data.

Overall, the approaches proposed in this thesis to disaggregate the electrical energy
consumption have beeaffectively tested on reaborld data, and we are optimistic that they

will contribute to solving efficiency problems in households.

Keywords: energy disaggregatiomortintrusive load monitoring (NILM) neural networks,

low frequency power datajulti-objective genetic algorithnconvex hull algorithms



Résumé

Le monde est confronté a des défis liés au changement climatique, a l'augmentation croissante
de la consommation énergétique mondiale et a la diminution de plus en plus inquiétante des
ressources en énergie fossile. La sensibilisation du grand public eablemes
environnementaux et aux codts élevés de I'énergie a augmenté ces derniéres années. Cependant,
une part importante de la consommation d'énergie électrique est encore liée a une mauvaise
utilisation des appareils électriques.

Avec la généralisatiodes compteurs intelligents, qui permettent un suivi fin de la
consommation d'électricité, la désagrégation de I'énergie dans les batiments et les maisons est
devenue possible, sur la base d'une seule mesure de données agrégées (courant, tension,
puissance active et/ou réactive, etc.). La surveillance non intrusive de la charge (NILM) fait
référence a un ensemble d'approches permettant de prédire la consommation d'énergie
électriqgue des appareils a partir de mesures de données agrégées de demandencke puissa
provenant de plusieurs appareils au niveau du systéme de distribution d'énergie du batiment.
Elle est devenue l'une des solutions les plus pratiques pour la désagrégation de I'énergie. Les
techniques d'intelligence informatique constituent le moyeuke rentable et le plus efficace
d'atteindre les objectifs d'économie d'énergie en utilisant la MNIL. En effet, il a été démontré
gue les appareils présentent des schémas de consommation d'énergie luesoeetiniques
de la NILM permettent d'identifietes empreintes de chaque appareil a partir de la

consommation d'énergie agrégeée en utilisant des approches d'intelligence computationnelle.

Cette thése se concentre sur l'analyse des défis pratiques du déploiement de matériel NILM
a faible codt et d'alg@hmes de désagrégation a faible complexité. Plus précisément, nous nous
sommes concentrés sur l'utilisation de signaux de puissance a basse fréquence et sur les
méthodes de conception d'algorithmes NILM hors ligne avec des performances de calcul de
haut niveau et un fonctionnement en ligne trés rapide. La premiére partie est axée sur l'analyse
et la collecte de données provenant d'une maison résidentielle typique située dans I'Algarve, au
Portugal, dans le cadre d'un scénario réel. Ensuite, une approgtimidation basée sur des
méthodes d'apprentissage profond est proposée. Le cadre s'appuie sur une architecture hybride
d'apprentissage profond basée sur une approche de sélection de données par coque convexe a
partir de données électriques basse fréquefic Hz). Il est basé sur l'utilisation des
caractéristiques des puissances actives et réactives comme entrées. Les résultats obtenus ont

démontré l'efficacité de I'approche proposée, atteignant des valeurs de F1 jusqu'a 99% et des



valeurs de précision dgmation jusqu'a 98%. Il a été démontré que l'utilisation de I'approche

de sélection des données proposée améliore considérablement les résultats des modeles congus,
en particulier pour les dispositifs a états multiples. Cependant, pour obtenir des aecies
satisfaisare s, ces techni ques o0 n tdedom&sdentraidetnenh Den o mb r
plus, ces méthodes bénéficient grandements drodeles avemombreux parametres
d'entrainementqui dans la plupart des cas nécessitent une capacitétdmenai colteuse ou

peu disponible. Pour relever ces défis, nous avons proposé un cadre NILM basé sur un taux
d'échantillonnage d'une minute, permettant ainsi l'utilisation de compteurs a faible codlt, et
utilisant des modeles de réseaux neuronaux peu p®femnpeu complexes. Le cadre est basé

sur la conception de réseaux neuronaux a fonction de base radiale par un algorithme génétique
multi-objectif (RBFNNMOGA), avec des données de conception sélectionnées par un
algorithme de coque convexe approximate.nombreuses expériences ont été menées. Une
analyse comparative a été menée pour évaluer le cadreNRBFDGA par rapport a I'approche
proposée. Les résultats de l'analyse ont démontré que le modele RBBISA ne nécessite

pas trop de données d'entraieet) tout en obtenant des performances similaires ou supérieures

a celles des approches utilisant plus de données d'entrainement. En outre, I'efficacité de
I'approche proposée pour obtenir la meilleure estimation de I'énergie consommeée par chaque
appareilde la maison a été mise en évidence en la comparant a d'autres méthodes de pointe

utilisant des données distinctes et communes.

Dans l'ensemble, les approches proposées dans cette thése pour désagréger la
consommation d'énergie électrique ont été tegiiescement sur des données du monde réel,
et nous sommes optimistes quant a leur contribution a la résolution des problemes d'efficacité

dans les foyers.

Mots clés: désagrégation de I'énergie, surveillance non intrusive de la charge (NILM),
apprentissge automatique, réseaux neuronaux, algorithme génétique -ahjddtif,

algorithmes de coque convexe
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Chapter 1 Introduction

1.1. Context

The world is facing challenges related in particular to climate change, the growing increase in
global energy consumption and the increasingbyrying decrease in fossil energy resources.
Indeed, several studies have highlighted the impact of energyroptisn on CO2 emissions

[1]7 [5] while warning against theecessity of developing and implementlagg-term energy
policies. Besides, climate change caused by greenhouse gas emissions, primarily CO2
pollutions, poses unprecedented threats to human progress and survival, including extreme
weather conditions, species eradication, and food scd€}ity7]. This issue has become a
priority for a growing number of governments leading to agreements like the one in Paris (Paris
agreement 201498]) aimed at limiting global warming to 2°C compared to an unmitigated
scenario of 4.5°C warminf®]. Figure 1.1 iustrates future global greenhouse gas emission
scenarios based on a set of hypotheses. (i) if there are no climate policies enacted; (ii) if current
policies are maintained; (iii) if all nations reach their current future emission reduction targets

as wel as essential pathways that are compatible with keeping warming to 1.5°C [@02°C
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Figure 1-1. Global greenhouse gas emissions and warming scenarios. Fr{i].



Furthermore, lowcarbon economies habeen the focus of global attention as a means of
reducing energy @geand greenhouse gas emissions. For example, the Chinese government
has stated that peak CO2 emissions and carbon neutrality would be reached respectively by
2030 and 2060 in Chirfd1]. Similarly, the European Union (EU) makes a concerted effort to
mitigate climate change by enacting a series of strategic polit®s [13]. Moreover,
according to studies reported|[it¥d], global energy consumption would rise from an estimate
of 106 quadllion Btu between 2010 and 2020, to 820 quadrillion Btu by 2040. This translates
to a 56 % increase in energy usage over the next 30 years. Therefore, developing countries
would account for 85 % of this increase owing to sustained economic expanspmparation
growth[15]. One of the challenges is to fight effectively against greenhouse effects and move
towards the consumption of clean and renewable energy. Meanwhile, energy consumption is
one of the main impact factors regarding CO2 emiss[@6F Meeting these challenges
therefore requires controlling energy consumption and developing energy management

strategies.

One of the major parts of total energy consumption in most countries is energy consumption
in the building sector. Forinstance in the United States theuilding sectorrepreserd for
approximately 76% of electricity consumption and 40% of all primary energy consumption
[17]. China ranked first in the world in energy consumption and CO2 emissions, accounting for
24% of global cosumption, with energy consumption taking just 20 years to double at an
average growth rate of 3.7¢4], [18]. Also, in Europe the building sector represents almost
40% of total energy consumptigi9], [20]. It is identified as one of the most promisingy&ts
with great energy saving potential associated with the improvement of infrastructure and
equipment by the European Uni®j, [21]. It is therefore of paramount importance to examine
residential energy consumption to promote energy savings andtpe&@cemissions. Figure
1-2 shows the evolution of global final electricity consumption by sector from 1974 to 2019.
As it can be seen, since 1974, the residential sector, as well as commercial and public sectors,
have accounted for a large proportion loé increase in power consumption especially in the

organization for economic cooperation and developrf@BLCD)[22].
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Figure 1-2. Global final electricity consumption by sector 19742019. From[22]

In fact, there are numerous opportunities for lowering building electricity consunfigdjon
Several studies revealed that providing direct and real time feedback about residential electrical
demand can lower energy consumption byl506 [24]i[26]. Indeed users will be able to
better manage their usage and save energy. Even though, studies indicate that aggregate
feedback can result in considerable energy sayRifJs[28]. However, the lack of specificity
limits its usefulness. Thus, while consumers maglize that their home is consuming
considerably higher energy at any particular moment, they should test numerous devices to
identify which one is primarily responsible. Besides, as some major loads, like water heaters,
refrigerators, and ovens, canro® switched on or off directly by the user, determining their
power usage and providing appropriate feedback may be problematic if justimesestimate
for the entire home is availalj23]. Moreover, other studies claim that if consumers had access
to effective, reatime, disaggregated power data, they could save even more da8tgy

According to[29], the most significant energy reductions may be achieved by monitoring



energy use at appliance level. Therefore, energy disaggregation techniqudsshesed to
analyze energy at the appliance level. The disaggregation consists of a set of statistical
techniques for separatirtpvice-level data from a global aggregate data from wiboigding

energy signal.

One of the most important factors in reducing energy consumption butliings sector
IS consumers awareness about their electricity consumj@@nAlthough energy behaviors
are a significant determinant of building energy usage, the potential for energy savings owing
to behavior is often overlooked, despite being reported as being as considerable as that of

technological solutionf9].

Moreover, deice-specific data has numerous benefits as highlightdddh First, direct
feedback and personalized recommendations. It may be analyzed which specific HVAC
systems, or devices among the many available could most effidmmtyenergyconsumption
for a certain house, and then automate the transmission of supplementary information to
eliminate hurdles and stimulate action. Thereafter, there are benefits in terms of research and
development. The diagnostics can be used to perform automatic commigsiahiich
recommends changes to building operations to improve quality and performance, as well as
fault detection, which alerts users when a device needs to be reggm@reesult of a malfunction
leading it to use more energy than it shotricaddition,there are the utility and policy benefits.

Once people acknowledge where they are spending energy, they are more motivated to demand
control systems, and demand response progiaips[32].

Furthermore, the emergence and widespread usage of smart heteopened new
possibilities, such as collecting electrical energy consumption at considerably finer temporal
resolutions, on the range of a few seconds to a few minutes at building level or houyg3]evel
For instance, 96 million of smart meters hagib installed in China and 70 million, and 2.9
million respectively in USA and UK by the end of 20Bd]. One topic to consider is how to
use the vast amounts of data generated by smart meters to encourage and enhance energy
efficiency? Smart meters caherefore no longer be used solely for billing. Meanwhile,
consumers' electricity consumption habits and lifestyles can be gleaned fromesogltion
data collected by smart met¢8l]. Moreover, the data collected couldreedily transferred
to the dad centers for processing and storage. This provides customers and grid operators with
tremendous potential to evaluate, analyze, and integrate data, as well as providing new energy
based servicg83], [34].



1.2. Motivation

In general, load monitoring is theqeess of detecting and estimating the load in a power
system. These load measurementsivéllsed t@stimate the energy consumption and state of

the devices, helping users to better understand how much energy each load in the system uses
[35]. The primary purposeof applianceload monitoring is tasupplyenergy feedback to the
homeowners allowing them to have a detailed energy analysis and information on the
distribution of the energy consumellleanwhile, it is also beneficial in several areas due to its
applicability in home energy management systg30$ fault detectior{36], ambient assisted

living [30], remote load monitoring servicgd7] and so on. There are two primary types of
device maitoring approaches: On one hand, Intrusive Load Monitoring (ILM) techniques
based on the installation of sensors on each load of interest in the house-ariclsove load
monitoring approacks (NILM) on the other hand, based on aggregate measurentant da
gatheedfrom asmart meter at the level of the distribution panel allowing the detection of the
specific applianceds consumption. I LM detern
in the house using one or more sensors attached to each applibiscmethod can properly
estimate the consumption of each device. However, the need to install multiple sensors and the
intrusive nature of ILM approach limits its practical application. These disadvantages include
the cost and complexity of installati@nd huge configurations effort to set up multiple sensors

for each device, especially when the monitoring scenario involves multiples devices, and some
privacy concern$30], [35], [37], [38] Therefore, research is more focused on-intmusive
approacks that allow for the disaggregation of each device's usage while maintaining
consumers privacy and using a single sensor installed at the house's distribution panel.

With the widespread use of smart meters, energy disaggregation in buildings and houses
has become feasible, based the readingof aggregate current, voltage, or powers. NILM
refers to a set of approaches jpoedrcting the energyconsumption oappliarces based on the
aggregate dateadingsdemand across multiple appliances at the builgipgwer distribution
system.t has become one of the most practical solutions for energy disaggre@ajio@ne
of the advantages of NILM is the ability to offer customers-tiea¢ power usage feedback,
allowing them to make behavioral changes that will save resources and money. Moreover,
power companies, users, home energy managements systems, and so uilizeatine
disaggregated data to enhatioe quality of electricity use and better understand how it is being

expended



I n fact, the multitude of distinct househo
result, itbecomesarticularlyimportant to realize the potential for energgnservatiorand
demand control, i.e., the ability to anticipate or postporergyuse in order to establish power
grid stability. Hence, it is essential to have thorough information of not just the devices present
ina housebut also their specifigowerconsumption andperating periodg9]. Computational
intelligence techniques are the most esf$éctive and efficient way to fulfill energgaving
goals using NILM. Indeed, it has been shown that appliances eximigue energy
consumption patterrfg0]. NILM techniques enable to identify the fingerprints of each device
from the aggregated powers consumption using computational intelligence approaches.
However, some appliances have been observed to be difficientify based just on the
aggregated energy uf0], [41]. Most NILM algorithms in the literature are suitable for two
state deviceswing totheir basic architecture. Nonetheless, the disaggregation of multistate

devices remains a challenging topic.

Furthermore, numerous challenges must be overcome in order for NILM to become a
feasible and practical solution for energy disaggregdd@h These challenges include the
proper disaggregation of devices, given the aggregated data, when more than ¢ce® \ditki
comparable electrical signatures are turned on in the same electrical higtuprecision in
detecting and estimating device consumption, low complexity, and cheap cost. Another
challenge for NILM approaches is the degguirementsMany dataets are now accessible to
the general public. However, numerous disadvantages, suotisamg datadiverse data
formats gaps,limited labeling dataand covering only a few developed countries, limit their

practical applicatiop41].

1.3. NILMforl[HEMS Project

The experiments presented in this thesis work were conducted as part of a research project
funded by the Portuguese Foundation for Science and Technology (Fundacéo para a Ciéncia e
Tecnologia (FCT) Grant numbeBAICT-ALG/39578/2018) implementedn the Faculty of
Science & Technology @he University of AlgarveThe official project name Non-Intrusive

Load Monitoring applied to Inteligent Home Energy Management Systems
(NILMforIHEMS) and aims to improve thdisaggregation resultsf existing #gorithms and

the efficiency of energy systems in honj43].



Figure 1-3. NILMforlHEMS project [43]
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1.4. Research Goals and Contributions

One of the main objectives of this thesis is to analyze the practical challenges of deploying low
cost NLM hardware and lowcomplexity disaggregation algorithms. Specifically, we will
focus on the use of lodfvequency power signals and design methods for offline NILM
algorithms with higHevel computational performance and very fast online operation. The

research goals and associated subtasks are described as follows:

o To review the state of the art of nortrusive load monitoring literature, and discuss
the concepts and challenges involved.
o To design disaggregation algorithms using electrical featawagable in public

datasets.



o0 To collect data in a case study house under alifeadcenario and examine the
different electrical features and their potentials.
0 To explore methods that have not yet beerployedo tacklethe NILM challenge

and propose new approaches for efficient design of NILM algorithms.

The following papers have been published as a result of the work done throughout this PhD.

1 Journal papers

Laouali, I.; Gomes, l.; Ruano, M.d.G.; Bennani, S.D.; Fadili, H.E.; Ruano, Argine
Disaggregation Using  MuHlDbjective  Genetic  Algorithm  Designed  Neural
Networks.Energies2022 15, 9073.https://doi.org/10.3390/en15239073

Laouali, I.; Ruano, A.; Ruano, M.d.G.; Bennani, S.Badili, H.E. Nonlntrusive Load
Monitoring of Household Devices Using a Hybrid Deep Learning Model through Convex Hull
Based Data SelectioRnergies2022 15, 1215.https://doi.org/10.3390/en15031215

Bot, K.; Santos, S.; Laouali, I.; Ruano, A.; Ruano, M.d.G. Design of Ensemble Forecasting
Models for Home Energy Management SystemBnergies 2021, 14, 7664.
https://doi.org/10.3390/en14227664

Bot, K.; Laouali, I.; Ruano, A.; Ruano, M.d.G. Home Energy Management Systems with
BranchandBound ModelBased Predictive Control Techniquésmergies2021, 14, 5852.
https://doi.org/10.3390/en14185852

1 Conferencepapers
l. H. Laouali, A. Ruandyl. G. Ruano S. D. Bennani and H. El Fadili, " MOGA designed neural
networks fornoA nt r usi ve | oad nlohige inemationg Sympo&unton 2 0t h
Intelligent Systems and Informatics (SISY 2022), Septembdr718022,Subotica, Serbia.

Laouali Inoussa Habou, Bot Karol, Ruano Antonio, Ruano Maria da Gracga, Bennani Saad
Dosse, ancEl Fadi | i Ha k i m, -baRed @mnergyf disaggregationc uging sliding

wi ndows and deep |l earning, O E3S 202 b Con
https://doi.org/10.1051/e3sconf/202235101020
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https://doi.org/10.1051/e3sconf/202235101020

Ruano, A., Qassemi, H., Habou Laouali, I., Marzouq, M., Fadili, H.E., Dosse, S.B. (2022).
ModelBased Predictive Control Approach for Home Energy Management Systems. First
Results. In: Bennani, S., Lakhrissi, Y., Khaissidi, G., Mansouri, A., Khamlichi, Y. (eds) WITS
2020. Lecture Notes in Electrical Engineering, vol 745. Springer, Singapore.
https://doi.org/10.1007/97881-33-68934 67

Laouali, I.H., Qassemi, H., Marzouq, M., Ruano, A., Dosse, S.B., El Fadili, H. (20R®)n-
Linear Autoregressive Neural Network Model for Forecasting Appliance Power Consumption.
In: Bennani, S., Lakhrissi, Y., Khaissidi, G., Mansouri, A., Khamlichi, Y. (eds) WITS 2020.
Lecture Notes in Electrical Engineering, vol 745. Springer, Singapore.
https://doi.org/10.1007/97881-33-68934 69

l. H. Laouali, H. Qassemi, M. Marzouq, A. Ruano, S. D. Bennani and H. El Fadili, "A Survey
on Computational Intelligence Techniques for Nottusive Load Monitoring," 2020 IEEE

2nd International Conference on Electronics, Control, Optimization and Computer Science
(ICECOCS), 2020, pp.-6, https://doi.org/10.1109/ICECOCS50124.20204333

1.5. Thesis Outline

The rest of thecontent of this thesis Bructuedas follows In Chapter 22 comprehensive and
detailed overview of the current state of the art of energy disaggregatmesentedThe
chapterstartswith a brief introduction of load monitoring concepts and an overview of the
evolution of energy disaggregation research. Followirg the main components of NILM

and related work angresenéd. Specifically, the chapter discusses the data acquipiti@ess,
extraction of device features and electrical signatures, pattern learnintheaddssification
processes for load recognitioreviewing both everbased and neaventbased NILM
techniqus. Finally, the chapter concludes with a discussiboutthe major research efforts
conducted tdenchmarkhe performance of different NILNechnigqwes, with an overview of
different accuracy measures and a review of the different public datasets available in the

literature.

Chapter 3 presents a brief overviefrthe theoretical background behind the development
of this thesis work. First, the basic concepts of machine learning metlevdsintroduced.
Then, the modslused, including CNNs, LSTMs, SVMs, KNNs, anddJare briefly described.
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Then, multiobjective optimization approaches with emphasis on evolutionary algorithms and
in particular the basic concept of genetic algorithms are discussed. The design of the radial basis
function neural network by the mulbbjective genetic algorithm ihenillustrated Finallythe

data selection approach ugsedntroduced

Chapte# deals with NILM approaches based on deep leateictgniqueskFirst the chapter
tackles the NILM formulatiomproblemand presents the proposagtimization approach. The
proposedrameworkrelies on a hybrid deep learning architecture based on a convex hull data
selectiontechniqueusing low frequency power data. The methods used, including the data
selectionapproachLSTM, andCNN models, arehten presented. Thoata aregatheed froma
residential house located in Faro, Portu@diereforethe case study house and data collection
method are describedhe results of the experimerdad a discussion including results from

the literature areeportedat the end of chapter.

In chapter5, a NILM framework based on the design of radial basis function neural
networks by a multobjective genetic algorithm (MOGA), with design data selected by an
approximate convex hull algorithm is presented. Thaéwork uses a low frequency sampling
rate, thus allowing the use of lesost meters, and shallow neural network modetiowing
this, the design of radial basis function neural networks using the-ohjdittive genetic
algorithm (RBFNNMOGA) approach fo energy disaggregation is detaildéinally, the
chapter presents the experiments conducted and the corresponding results and discussions.

Chapter 6 tackles the application of MOGA design on a long period of data. First a statistical
analysis has bearonducted in the case study house considering a long period of data. Then the
experiment was conducted using one year of data. The results including the performances and
limitations of the models were discussed at the end of the chapter.

Chapter7 summarizes the contributions of this thesis, while discussing the perspectives and

challenges for future work.
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Chapter 2 Energy Disaggregation: State of the art

2.1. Introduction

This chapter presents a comprehensive overview of the current state of thilaM ofFirst,

the concept of load monitoring and an overview of energy disaggregation is briefly introduced.
Then, the main components of NILM and related workpaesentedSpecifically, tle chapter
discusses thprocess oflata acquisition, the extraction pbssible device characteristics and
electrical signatures, the pattern learning eneclassification processes for load recognjtion
reviewing botheventless an@ventbasedstate of the arNILM method. Finally, the main
research efforts conductedldienchmarkhe performance of different NILIvhethodswith an
overview of different accuracy metrics and a survey of different public datasets available in the

literature are discussed.

2.2. Notion of Load Monitoring

The notion of load monitoring has gainedrn@asing interest in this area of research driven by
parallel advancements in artificial intelligence, internet of things, data communication and
networks, sensing technology and machine leartéchniqueq37]. Load monitoring is a
specific process of decting and collecting load measurements in an electrical sy88nThe
primary purpose of any load monitorisgstems to offer a finegrained energy breakdown per
device, allowing for energy consumption optimization while maintaining occupant comfort
[44]. These load measurements will provide the energspgeand operating condition of
devices to better understand the energy consumptiepetfificloads in the system. It is a
precondition for delivering energy feedback to homeowners, but it issd$al to the industrial

sector due to its application in a variety of areas such as fault detection, home energy
management systems and remote load monitoring. There are two basic ways to perform device
load monitoring: Intrusive Load Monitoring (ILM)and Non-Intrusive Load Monitoring
(NILM), which are referred in literature as distributed sensing appraachsinglepoint
sensing approaatespectivelyf37].

ILM is defined as load monitoring that entails the installation of one or more measurement
devices at each load of inter¢4l]. The operating condition of each load can be accurately
predicted using this approach. It can be divided into three segntentidmetering system,
in which a meter is assigned to a zone of devices, smart outlets, in which degcesed to

a specific outlet are assigned a meter for monitoring, and smart devices, in which each device
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is assigned a single meter or meters edded in the devicelgl5]. The group of devices
connected to a single sensor can be used to determine the level of intrusiveness of ILM. In fact,
ILM system employs smart plugs to measureethergy usagef singleloads, with the most of
meters displayinghe energy usag®n a display screen and some capable of sending the
reading to a data center viaireless connectignwired internetor USB [46]. The wireless
connections between the sensors and monitoring systems utilize wireless communications like
VLAN, Zigbee WI-FI, andBluetooth[35]. ILM approachesecessitate the deployment of
sensors on each load in order to collect its electrical properties, resulting iguaility load
analysis[47]. However, some disadvantages, such as high costs, thevatnature which
involve some privacy concerns, multiple sensor configuration, and installation complexity,
limit its practical application, encouraging the use of-mdrusive approaches, especially in
largescale installations. As a result, emergingl atartup businesses, as well as academic
researchers, have concentrated their efforts on improvingntrausive techniques in order to

make them &easible solutiorior practical applicatios[37], [48].

NILM, on the other hand, is one of the most promising tools for energy disaggregation. It
refers to the process wfentifying thefootprints of specific electricahppliarces utilizing only
the aggregatdataand disaggregatioalgorithms It enables ussrtoestimatehe consumption
of eachdevice in the house usinthe aggregatalatagathered from a smart meter, which is
typically placed in a home power panel, while maintaining user prid@y[49]. Furthermore,
it allowsthe monitoring of househokbppliance usage without the necessity for instalbinggle
sensors for eadmppliancethus, reducing electrical system complexity and assoaatbO0].
The main objective could be to assist users in reducing their energy consumption by providing
detaled electricity bills, or to detect malfunctioning devices, or to obtain feedback about device

usage behavior or to help grid operators in controlling the[Htid

2.3. Overview of Energy Disaggregation

Research on energy disaggregation started with the pioneering work of George Hart in the mid
1980s[40], [52]. In their approach, NALM was defined as a fotusive appliance load
monitor thatpredictsthe usageof specificdevices turned on and off in atectrical load, based

on anitemizedanalysis of the total loadoltage ancturrent, measured at the interface of the
power panel. The original NALM methods were based on the concept that every change in a
building'saggregate consumptiarccurs as a re#t of an electrial device changing its state,

such as a device turning on or off. The approach was basically designed for utilities to collect
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statistics on energy usage. It's referred to as nonintrusive to distinguish it from prior methods
of acquiringdevice load data, which requiretstalling sensors omingledevice and, therefore

an invasion in the energy consumer's privacy. Hart used a +basetimethodto describe
specific appliarces and their combination to accurately breakdown the overallinbadts
components. These models generate certain signaturesapae identified in the total load

to determinethe activities of the individual components. Fastance if the house includes a

fridge that consumes 250 W and 200 VAR, thennereasef this feature sizeneanghat the

fridge is turned orand a reduction of this size medhat the fridge is turned off. Othdevices

have other feature signatures. After determining the exact on and off times of the signature

events, all desired statics can be tabulated.

The suggested Hart algorithentailstaking real and reactive power measurements from the
electricity grid at 1 second intervals. The measurements are then normalizedized in the
edge detectiophasewhich will seek to identify when the devices have changed their operating
state. The total power changecalculated by subtracting the stable power level before the
change from the constant power level after the change stopped for each power change
idertified. The observed differences are then clustered based on how much each measure has
changedThe twodimensional spaceepresented btherealand reactive powers is subjected
to a cluster analysis to pinpoint these chang#ssters with opposite signsnd similar
magnitudes are matched. A best likelihood algorithm is used to associate unmatched clusters
with existing or new clusterd.he resulting clusters were then utilized to assign the ON and
OFF clusters within each device based on their time ofiroence, with an assumption that
each ON/OFF pair represents a single device cycle of operatierpower consumption was
then calculated by taking the portion of positive power change and multiplying it by the time
between the ON and OFF evemidterwards, each pair of ON/OFF clusters was associated

with a device name by comparing its attributes to all device classes listed in a separate database

In fact, the proposed algorithm could be vulnerable to power fluctuations. Hart
recommended the followingormalization to reduce the observed power variability due to

voltage fluctuations:

C

0= — P() (1)
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Where P(t) denotes power and V(t) represents voltage. The linearity of the admittance for
devices linked in parallel is usedriormalize the data. The value of 120 V refers to the nominal
voltage in the American electrical distribution system.

The approach can identify and trackafii devices (two state) pretty easily, but it appears
to have difficulty identifying variabkoad and multistate devices. Similarly, devices with
similar power consumption, such asomputers and incandescentbulbs, cannot be
distinguished. Moreover, the matching approach assumes that the positive power change (start
on) corresponds to the negative powbange (end on) (turn off). However, many devices
change resistance after they are turned on, and the offset due to this power drift can be up to
109448], [53].

To tackle these above challenges, Hart et al. presented an upgraded version of the proposed
NALM system that included mufstate device disaggregatipt0], [54]. In the approach, they
suggested modeling mubtate devices as finite state machié®wvever, these reports focus
on the mathematical foundations of the problem enal minimal insght regarding the

practical application of the principle.

Numerougesearch worklave been conducted in recent years to enhance Hart results, and
energy disaggregation is now a significant aspect of Smart Grid techrjdldgyhe stateof-
the-art NILM techniques contain some basic concepts, although they are based on different
approaches. The first step is data acquisitiditerward, certain device characteristicor
signatures, must badesignated and defined mathematicallijze features are thetetected in
the whole aggregatiedatausing a mathematical algorith8]. The key difference between

existing approaches, however, is thedels andeatures employed tbetectthe appliarces.

The NILM stateof-the-art can be classified in several walteanwhile, it is frequently
categorized into evenbased and eventlebsised approaches. The evbasedmethodsseek
to identify and classify transient states (such as on/off events or device state changes) in the
aggregated signal using either supervisesemisupervised algorithms. Evelgsstechniques
on the other hand, use statistical and probabilistic machine learning algorithms to match each
sample of ggregate data to the usaga singleappliarce or a group adppliarces. The training

phase desn't need any labeled transitions.
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2.4. Data Acquisition

Data acquisition is the initiaktepin any monitoring system. It is frequently linked to a device

or system that is highly comparable to existing electrical installations, and where different
techniques can be useddallect themeasurments ofcertain variables such as currents and/or
voltages in a housg0]. Moreover, other variables derived from theserent andvoltage
signals, such akV trajectory,apparenipower,active power, powerfactor, reactivepowes,
harmonic distortionor transient as well as their variation in time, can be determined and used

as feature§30].

Data gathering is an important factor that determines how the NILM algorithms will
subsequently behave and what kind of challenges or applications they will ke adtiress
[55]. NILM methods rely heavily on the sampling rate, which is the frequency at wigch t
meter gathers dafa0], [41]. The function of the data acquisition system is to collect aggregated
data measurements at a suitable rate so that spge¥iice patterns can be detecfgd]. The
sampling rate of the acquired data must be highlighted because it adfigtetype of data may
be captued from the electrical signdls6]. There are two main approaches for data collection
in the literaturg[37], [41], [48], [57] The datamay be collected either at a low frequency
sampling rate or at a high frequency sampling rate.

2.4.1.Low Frequency sampling rate

The employmentof a low frequency sampling rate leads to tieemalzation of the usage of

smart meters. Macroscopic features are considered in this class since the fundamental period is
either 60 Hz (USA) or 50 Hz (EU3R8]. Low frequency metering approaches are considered
because they are more realistic consideringtdbday s mart met er technol og
management challengfs7]. The meters available on the market for data collection present a
range of sampling rates. These offer-ptalt platforms with rudimentary capability, but with

some disadvantages, patiarly in terms of flexibility and sampling raf{80]. The NILM

system may be readily implemented on actual meters, while the analysis and data transmission
would be effective[58]. However, the classical features are typically simplex, and the
information included in these features is limitegingto the low sampling rate (1 Hz or less),

thus constraining the performance attained and the abilgynfgoythem in certain types of
applicationd30], [58].

In fact, power features likapparent power (Sactive power (RB)and reactive power (Q)
are typically utilized in low frequency sampling approacls]. The authors of[59]
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investigate sampling rates from 10 Hz to 0.03 Hz for energy disaggregation using active and
reactive powers. In their study thepnsidered 3 appliances including washing machine,
television, and rice cooker. They found that when the data sampling rate is too low, the NILM
performance may be significantly limited. They showed that to prevent the deterioration of
NILM performance, tb sampling rates should be at lea& Hz. The authors db60] focused

on the disaggregation of multate appliances (dishwashers, washing machines and washer
dryer). They proposed a practical solution based on convolution neural networks and a new
postprocessing technique. They tried to understand how the resolution of the measurements
would influence the accuracyof the suggestedNILM framework. They conducted a
comparative studgf the results obtained with sampling intervals of 10 s and 1 min.fohey

that thedisaggregatiomesultsof dishwashers remained comparable whilegédormanceof
washing machine and washer dryer deteriorated significantly. The authors argue that the
decrease is due to the fact that dishwasher consumption profileergratable, whereas
washing machine consumption patterns fluctuate more frequently. These small distinguishing
characteristics for washing machines can be lost in lower resolution data, resulting in
performance deterioration. Therefore, they highlighted thr better results a certain level of
resolution is needed fatevices with fast power changes. The authorfsaf have evaluated
theinfluenceof the temporal resolution of the data on @lceuracyof NILM algorithms. They

noted that favorable low fgeency sampling rates are between 1 Hz and 1/30 Hz. They
concluded that a sampling rate of 1/30 Hz appears to be sufficient to fully exploit the positive
effects of reduced execution times and memory utilization, in addition to providing more
historical déa to NILM algorithms at the expense of low degradation scores. The authors of
[62] studied the performance of two NILM algorithms througheotange of sampling intervals,
which varied from 6 seconds to 15 minutébey showed how the performance of NILM
classification deteriorates in a nbnear fashion as the sampling rafieninishesand how this

deterioration is variable according to the type of device.

2.4.2.High Frequency sampling rate

Most studies suggest usigth the microscopic characteristics anédcroscopic featuret®
obtain high accuracy in device identificatif80], [48], [57], [63] Microscopic featureike
harmonics andsignal waveforms can only be extracted at high frequency. The Nyquist
sampling theorem or Nyquig&hannon theorem statdsat the highest harmonic in a signal
could be acquired by sampling at more than twice the frequency of the fdghdlf a portion

of a waveform appears to be problematic, the rule of thumb recomrnieridgound 20 data
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points per fundamental period arecessar{63]. Assuming that no harmonic greathan the

11th harmonic is of interept8], a minimum sampling rate of roughly 12kHz is required to
acquire microscopic characteristics. In general, harrs@re used as additional charactersstic

in complement t@ctiveand reactive powers change. The Fourier transform can generate a set
of harmonics that can better characterize the signal than a single hafB&]ni!t8]. The
authors of[53] proposed to integrate the harmonics in the extensionatethG. Harf40].

The harmonic analysis considers only transient signals in order to save computational resources
andenhanceerformance. The study reveals that the characteristics of the third harmonic are
advantageous for better discrimination betwemandescent light bulbs and computers. The
approach employthe concept of spectral envelope, which refers to the first coefficients of a
shorttime FFT vector. The usage of spectral envelopes could be quite beneficial to NILM.
Since variabldoad device may not be detected using macroscopic characteristics, spectral
envelopes can distinguish aspects of devices, especially vadoadledevices. However,
merely detecting variabllwad devices is insufficient for load monitoring since the power
consumptio of the devices must also be estimatfedolution to this issue has been suggested
by the author of65], [66]. They explored the correlations of the 5th and 7th harmonics and the
activdreactive powesused by a variable load device. A polynomial function may be used to
model them using the least squares approach because there is such a strong cf@6églation
The method's robustness for any varidbkd appliance, however, is unknown because of the

ambiguous physical nature of the correlation.

A least squares procedure is used in the spectral envelope approach fof@SIL[M7].
This procedure applies a current spectral envelope to each of the database's "signature”
envelopes. The distance metrictieen used to classify the envelope: it is assigned to the
signature envelope with the minimum distance. The methodabgpectral envelopéor
NILM can detect a range of appliances, including variable loads, but it appears to have various
flaws[48]. Piior to classification and monitoring, each device must undergo extensive training.
Furthermore, even if the macroscopic characteristics can be grouped to allow for automatic
device detection, there is no evidence that the spectral characteristics castéreda! Next,
numerous practical cases have yet to be described in terms of performance accuracy. Finally, it
is unknown whether the technique is robust, such that, how the performancepgrtiechs

impactedby the presence of a new device with akngwn signaturé48].

One of the advantages of using high frequency data is that it preserves the entirety of the
signals, enabling for the extraction of the maximum amount of informg@&jnThe author of
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[69] investigatehe impact of sampling frequeyon classification accuracy. They discovered

that sampling frequencies higher than 4 kHz are required to develop more practicable and
reliable device classifiers. The authors[00] assert that it is even possible to identify two
devices of the same typsing raw data sampled at 1 MHz. In order to increase the distinction
between the loadharacteristis, the authors of71] extracted the power spectrum of the
transient current waveform. Since transient fingerprints have a shorter length and diiehfor e
device, they can increase load detection performance. However, extracting the tfeaitsisrg
necessitates a high sampling frequency and substantial data storage capacity, leading to higher

hardware costs.

In fact, utilizing high frequenciesntailshigh costsn terms of both hardware and software
complexity, and it also necessitates a large communication bandwidth to establish a connection
to any monitoring or centralized statipil]. Although it is technically possible to overcome
these challengetoday, implementing thes@provementsnto commercial smart meters will
almost surelyresult in an increasedltimate cost[30]. One solution may be to determine
features orthe-fly, employing a microprocessor embedded in the data gathering system and
retaining only a small amount of data. Furthermore, the data gathering system might be

designed to only collect and process important signal ch§#ges

2.5. Feature extraction and device signature
The NILM's concept is based on the fact that each device has its own fingerprints or signatures
[58]. Its effectiveness is strongly dependent on the uniqueness of device features and the
approach used to extract them. The feature extraction techniqueriscohsidered as signal
processing since it extracts crucial data from the raw current and voltage §ifjals is
defined as the process ofioosng the appropriateharacteristicso that the power event
fingerprints arereliable and have sufficientlistinguishing characteristics between different
devices. The electrical signature of each deweleich is characterized bthe properties
extractedfrom the raw data is the key element for effective device detection. It denotes the
nature of operationfahe device and therefore its electrical properties. Its functioning behavior
can provide useful information for device identificatidrhe latter depends mainly on the
device signatures, which are defined more precisely by the device caiggomartwas the
first to classify the devices into 3 typid].

A Type I: ON/OFF devices that have only two distinct states of operation, such as toasters,

lamps, kettles.
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A Type II: These are finite state machines (FSM), which are fstaite devices with a
finite number of operating state$his includes appliances likewashingmachines
washer dryer, dishwasher, burner stove, refrigerators and so on. These devices'
switching patterns are alsmnsistentmaking it easy for thRILM algorithm toidentify
their operatg condition However, detection does not only translate into which devices
are turned on, but also into their staf88]. Furthermore, some devices may be
replicated (for example, a house may have two refrigerators), and it nesgdigiato
determine the operatj stateof each appliance using comparable load signatures.
A Type lll: These are continuous variable applianeéh an endless number of states and
the power draw varies over time but not in a periotgnner Light dimmers and power
tools are examples of type IdppliancesIn general, disaggregating these types of
devices from aggregate load measurements udHgVM approaches is quite
challenging.
Besides these categories of devices, the authof48piintroduced a fourth type known as
permanent consumer appliances or alwayslevices. Once turned ON, these devapeerate
24/7 with constanenergyconsumptio until they are turned off again.
A Type IV: This type comprisedeviceslike hardwiredsmoke alarms, telephones, and
some external power supplies. Furthermore, since these devices often have a modest
and constanénergyconsumption, they might be seen aastant offset to the NILM

challengeand hence aren't considered and analyzed further.

The authors of72] introduced another classification of devices basepawer types and
device operating styles, which the authors used to extract relevant intorniati their
detection. Furthermore, the authors argue that devices may have multiple operating modes
based on usepersonalizationand work styles, which must be considered throughioeit
process of feature extractiofigure 21 illustratesthe powerconsumption patterns of different
categorief loads,which can be interpreted as a device characteristic to distinguish distinct
types of devices
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Figure 2-1. Different device types based on their poweronsumption pattern.

Energy disaggregation is performed by identifying active appliances from the aggregated
signal. A set of features that uniquely characterize device behavior should be defined and
closely related to both data collection and the metlogykes that will be tilized for device
recognition[30]. The characteristicglepend highly on the sampling ragenployed which
defines the frequency at which the device measures the data that will be used for NILM
algorithms, and not as the sampling mait¢he voltage and current that make up the appliance
input [30]. As mentioned in the previous paragraph, the use of 1 s sampling period threshold
allows the distinction betweehehigh frequencyin the range of kHz)r microscopic features
andlow frequency(1Hz or less) omacroscopideatures. In fact, deviceharacteristicare
classifed into steady statsignatures transient featuresignatures and nortraditional

signatures.

2.5.1.Steady state signature

The steady state features refer to the load characterwties/edwhen the device is operating
in steady statd=orexample avariationin the active power consumption from a lower value to
a higher value in steady state may detect whether the de\segtched on or off. In fact, the
energy disaggregation algorithmbased on steaestate analysis utie steadystate
characteristis acquired from the devices' stealgte operatiofi37]. These includes, steady
state active and reactive poweanss curent,rms voltageharmonicsand power factof35].
The most common steadyate breakdown is based oharacteristiczollected from low

frequency data sampl@s8]. The NILM system can be simply added to existing meters thanks
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to these features and thus facilitating data transmission and analysis. Hart's seminal NILM
techniqueis based on the steadgjate exploration of active and reactive power chaid@s
The approachperformed well for on/off devices, but it has always struggled with ratéte

and continuously variable devices.

NILM approachesitilizing activepower as a single feature has been the subject of several
research paper$51], [60], [73]i[75]. They noted that high-powered appliances with
distinguishablesnergy consumption patterris&e water pumpsand electric heaters, may be
realily detected. This technique, on the other hand, ignores devices with comparable power
consumption profiled37]. Furtrermore, simultaneous state transitions of devices provide
inaccurate outputs. To tackle some of these challenges, it has been demonstrated-that high
power devices and multi state devices may be detected easily by examining gradual changes in
real and reaote power characteristidg40], [76]i [78]. However, the power change approach
has difficulty distinguishing between overlapping devices in th® Runction space,
particularly lowpower deviceg37]. Subsequently, researchers attempted to analyze the
voltage and current waveforms to extract desspecific characteristics like peak and root
mean square (RMS) voltage and current values, phase difference information, and power factor
(PF) to uniquely identify device activity and address the limitations oépbased approaches
[79]1[81]. Experimental evaluations conducted8@] have shown the efficacy of time domain
features in identifying distinct loads. The root mean square features were reported to be more
efficient than peak values; however, the experihdata does not include typgedevices[37].
Furthermore, there is no mention of detecting multiple device activation sequences working at
the same time. The authors [#3], [84] developed a voltage noise approach based on
Electromagnetic Interferend&MI) patterns. In their approaches, simultaneous events might
be readily identified, however, devices without switched mode power supply (SMPS) could not
be identified.

In [85], steady state features based on empirical mode decomposition (EMD) were
employed to minimize the effect of voltage fluctuations in the power signal for accurate device
recognition. In order t@nhance applianaecognitionperformance, a significant number of
time series steady state features were utilized by the autl{86.dh their approach, signature
analysis employs various features includoitpotic time series analysisiodel fitting and
forecastingcorrelationsand stationery, timseries distribution, and information theoretic and
complexity measurements. Experiments conducted using the suggested time series features lead
to anenhancemerih the recognitioraccuracyof the device. The authors [@7] suggestethe
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usage of7 current waveforntharacteristicencluding number of serrsteady states (duration
in stateranging froml to 5 s); total time in semsteady statesjumber of spikesnumber of
steady states (duration in state longer than 5 s); numbetes gter time window; total time in
steady states; anthe presence or absencé repeating patterns. They showed a good

identification accuracy in the test dataset.

The usage of Fourier series analysis to assess current harmonics has been digé3$sed in
[88]1[90]. Nonlinear loads that generate nsimusoidal currentvhile operatingmay be
uniquely characterized by current harmonics. The latter have been employed in combination
with active and reactive powecharacteristicsto increase the identification algorithm's
effectiveness i{80], [91]. It was demonstrated that devices functioning in parallel exhibit
different steadystate harmonic signatures depending on their configuration. Although this
method can distinguish Typeand Type IVdevices it necessitates the development of unique
sets of harmoniéeaturedfor all potentialappliancecombinations in order to accomplish load
identification [37]. Fast Fourier Transform (FFT) is used [@2] to extract significant
informaion from the harmonic components of the current waveform. This information is
subsequently utilized to train models for device identification using SVMs and ANNSs.
However, required training with as many device combinations as possiddking it an

impradical solution for a realvorld household.

The high sampling rate enables fine granularity characteristics like st&stdyharmonics
and Al trajectory to be capturd®3]. It has been shown that converting thé tvajectory to
animage representational supplying it to machine | earnin
accuracy[93]i [99]. Shapebased features obtained froml Yfajectorywere utilized as input to
a machine learning classifier {100], which was the first time ¥ based features were
employed for device classification. [h01], many features derived fromMvaveforms, like
mean line, asymmetry, and seitersection assessment, were utilized to categorize devices.
The method, on the other hand, condenses the information inlttjéctory into a subset of
features obtained solely from deep engineering knowledg¢98) the £l trajectory is
converted into weighted pixelatedIMmages and classification was performed using a CNN
model. The authors ¢94], [102] showed that decoposing the current into active and Ron
active componentsmployingthe Fryze power theory may increase the uniqueness of-the V
binary image and, thugjentificationaccuracy. The reported studies, on the other hand, utilize
singlelabel training, whichpresumeghat only one device is active at any given time. This
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technique ignores the reality that numerous appliamagde active at the same time, as well

as the fact that certain device usage may be mutually dependent.

2.5.2.Transient signatures

The temporary occurrence preceding steady state, which is the result of an abrupt shift in the
circuit, is referred to as transient state of a device. It refers to the time between the device's
shutdown state (OFF state) and its stestdye activity[35]. A device's turning ON (or OFF)
relates to a transition between two steathites. Electrical signals undergo changes throughout
this transition, which might define a deviéallowingthe changes in the state of the load, the
transientmay be either ON t@nsient or OFF transient. Most electrical devices have a distinct
transient, making them useful for load detection. The transient signature of an appliance is made
up of the different characteristics extracted from the signals analysis throughout giigtran

It is primarily used to characterize and analyze the transition of different load patterns before
and after an electrical switching operat{68]. It includes a wide range of features, including

the power changamount the harmonic changamount the impedance changanount the

power peak stability ratio, and so on. The authofg%slfsuggested that the shapes of transient
occurrencesnay be employed as eharacteristidor detecting devices. Other work presented

by the authors dfL03] has shwn that the energy computed during a transient " switsh"

event may be used to distinguish device$10%], significant information from the waveform

of turn ON and turn OFF transients are extracted using the wavelet transform artdrehort
Fourier tansform in the timdérequency domain. The analysis indicated that the signatures used
had an impact on load detection and computational cost. A-saalie transient event detection
algorithm was suggested {105]. Rather than looking for whole transiepatterns, the
algorithm looks for temporal patterns of segments in the signal that show considerable
fluctuation. A changén-mean detector is used by the algorithm to identify such segments.
Transient changes are then identified using a pattern mattbamgique and groups of

segments previously computed as features for certain events.

The dynamic time warping (DTW) distanrbased template matching approaches are most
often used in load transient detection mod&d6]. The DTW distance can be consideasda
shallow signature. The authors[@D7] utilized Dynamic Time Warping (DTW) in their load
transient detection. The dynamic time warping distance of the time series between the device
to be detected and the model devices was computed, the moddieviimallest distance was

considered as the target device. The authof4@g] explored three different types of DTW
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models and presented a multivariate fusion approach. Transient signatures were generated using
both active and reactive power. The dynanmee warping (DTW) model is introduced to
guantify the similarity between the raw transient power waveform sample of variable length
and the template time series for load transient detection. They used a nearest neighbor transient
detection approach to d@sify the device that generates the transient power waveform sample.
They showed that tr®iggestetbad transient detectidechniquesnhances the accuracy of the
model. In fact, the performance of DFdésed models is greatly influenced by the parameters
entailedand the number of samples in the pattern library, although using the multivariate fusion
technique or augmenting the number of samples might result in a significantly higher
computational load during the application phE<#5]. In order to maxinze the efficiency of

detection models, it is worthwhile to examine more relevant features.

The authors dfL09] suggested an approaich recording the transient responses of attached
electrical devices using a pulsed voltage signal. The detection ofetrtensn aggregate
electrical load is enhanced by the development of a dictionary of transients. The quality of the
generatedeaturesis tested in a classicallILM task with the goal of detecting the state of a
specific device based on feature analysis by three separate algorithms. The suggested
approach's effectiveness was demonstrated by the experimental results. The aljiids of
used a high sampling frequenty collect the current of appliances in transient states. The
currents gathered when the device was turned ON were used to develop the transient state
model. Wavelet transform coefficients (WTCs) were utilized to determine the energy spectra.
The energy wtribution in the sub bands was then used to determine which devices were active.
The authors of111] suggested to use a transient signal to detect electric noise on the power
line induced by the switching state of device in a socket. They considetéuketin@isdeature
of certain devicesis dependent on both the load and the interconnecting power line's
transmission behavior. However, the device signature may be affected by the electrical wiring
in the home, so a device plugged into stidct socketmay not be identified correctly. An
approach that relies on a characterizing response related with a transient energy signature is
presented irf112]. In their experimentANNs are combined with turon transient energy
analysis in order tenhancehe degéction performance and computing speed. A coreless Hall
CT is used toidentify non sinusoidal waves. The NILNderformanceis increased by
minimizing the distortion problem icurrentreadinggaused by the hysteresis of typical current
transformer (CT) iro cores. The results of the experiments show that including theurn

transient energy technique into NILM improves tetection performance and computing
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speed significantly. The authors [@fL3] utilized power spikes during the device's transition
phase as a feature to distinguish applianédthoughthesetechniquesiave beeshownto be
effective for load detectiohe requirements for processitigs type offeatureare higher than
for siepchanges, particularly in terms of the required samphitgy iThe transients may be more
challengingto catchbut offer valuable information that can be used to improve sistadey

signature$38].

One of the key benefits of the transient signature is that it is tied to the internal operation of
each device, so it could identify two devices with similar descriptions in the steady state.
However, since transient pattern lasts only a few seconds,nécisssitating high sampling
frequencies.Furthermore, the costly process of transient analysis may make this type of
signature a worthless solution for NILMO], [111].

2.5.3.Non-Traditional signatures

Non-traditional signatures are being employed in disaggieg methods, in addition to
transient state and steady state feati8€s The nortraditional characteristics such as time of

day, temperature, start time, light sensing, end time and peak time are utilized to enhance
traditional signaturef85]. Theycould be used to address some of the shortcomings in detection
that traditional signatures cannot address. Moreovermieof transientand steady state
signatures can lead to the creation of-tralitional characteristics resulting in a single robust
device signature. The authors [dfl4] suggested to use a combination of two simple units,
rectangles and triangles to describe the power consumption of household dewicde
ignoring tiny changes and flaws. In their approach, peak value, peak timeins¢aand end

time are used to define the triangle unit, whereas peak value, steady power, peak time, steady
time and start time are used to describe the rectangle unit. They employed thshifiean
clustering technique to quantify the suggested units ¢bastitute the operating style of
different device types. The latter are classified by combining their characteristic features with
their operating styles during the load recognition process. They demonstrated that this technique
does not necessitate atrgining or supervision. Furthermore, the authors claimed that using
this technique will help to address the problem of overlapping device features. The transient
response time was explored using DWT and STFT1ib]. In their approach, the load
operation and power demand are detected by analyzing the transient earetgyansient
response timeharacteristic§116]. They showed that transient response time and transient

energy are more robushan steadystate characteristics in terms of improving detection
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performance and lowering computing requirements in NILM systems. Moreover, this signature
may be used to idengifioads with identicahctiveand reactivgpowers The authors of117],

[118] reported two approaches to address the disaggregation challenge through pattern
recognition and optimization. The approaches are based on the utilization of various
charactestics like the active and reactive power variations, current wavefonpower
waveforms eigenvalues, instantaneous admittartt@monics and the transient switching
waveform. The correlation between the use of several devices and their usage frequeacies hav
been explored ifl17]i [119]. The flexibility of a device using the extrapolated enarggge

as well as the consumptiobehavior of the homeowner was examined|[116]. The
controllability and estimated power in the specified time slot were used toutertipe
flexibility. They used a case study ittustrate the effectiveness of theuggestediexibility
analysis. The authors {20] have suggested the usage of occupancy information which may
be either inferred or measured in different manners to eedlve complexity of NILM

algorithms.

2.6. Event-based approaches

Energy disaggregation techniques based on events are generally designed in the same manner
as Hart's original NALM[40Q]. It entails determining an individual device's consumption by
analyzing the traces of each state transition using event detection and classification. The NILM
framework based on event detection typically involves 4 processes as depicted in-2gure 2
[30], [57]:

A Data acquisition: collection of electrical signals (current, voltage, power data, etc.)

A Event detection: it is the process of detecting consumption variations that are expected
to occur because of devices switching their state. Any change inateeo$ta device
over time is referred to as an event. It denotes changes in g@maithat may be
recognized in electricalignalsusing thresholds.

A Feature extraction: it is the extraction of significant events and/or features to generate a
power evensignature that will be utilized to identify the loads responsible for each
occurrence. The load features provided by devitagbe utilized to differentiate them
from each other.

A Device classification or load identification: machine learning algorithi@sraployed
to classify whichdevices are active at a given time and/or their states, based on the

previously detected features.
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Figure 2-2: Event based NILM framework.

2.6.1.Event detection

Eventbasedmethods rely on the conceptadévice signatures and the original NILM premise
that each change in total power occurs as a result of a change in device operat[d@]state
[121]. A signal switching from one steady state to another is referred to asm@tnreWILM.

The processf detectingchanges in the aggregate data that are thought to occur as a result of
devices changing their mode of operation is known as event detg@itjn In fact, the latter

is usually associated with high frequencies. Thia necessary condition when processing the
signal to obtain an appropriate performaf@@]. It's important to mention that most earlier
event detectorgsedcurrent signals rather than voltage signals because events are more easily
identifiable in current signal[80]. According to prior researdB0], [121], [122]as well as the
current progress of resealf@8], event detectors typically employ four main eggerhes: expert

heuristics, probabilistic models, matching filters, and hybrid models.

2.6.1.1.  Expert heuristics models

The main focus of the expert heuristicthe establishmerdf a set of rules for each device.
Someparameterdike power variation and total peer demand, should normally be initialized

[30]. Expert heuristic algorithms are perhaps the simplest, and they work on the concept of
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scanning time series daseekingvariations that are higher than a specific threshold. The
original approach employs Ading window to detect variations in the power signal's root mean
square (RMS)121]. It was designed to detect events at low sampling frequencies (less than 1
Hz). Its configuration consists & parameters, including the power threshalte minimum

time elapsing between occurrences and the nuoflssrconds preceding the evaluated second
However, it was enhanced with three extra parameters in order to support datasets with higher
sampling frequencies (¥ Hz) including event edge and pend postvent window lengths.

The event edge parameter is utilized to allow for the comparison of the results obtatedlto

data. The preand postevent window lengths are utilized to determine the number ofleamp

to be averaged in order to identify the difference in amplitude between distinct points in time.
The procedure can be illustrated as folldqd81]: In the first stage, the proportion of power
change is determined for each power sample by subtraceéngelan power before and after

that sample. Following that, the power variations exceeding a predetermined threshold are
highlighted as potential power events. Lastly, only the highlighted power events separated by
at least the minimum elapsed time betwegants arevalidated as events, while the rest are

rejected.

The authors 0f123] suggested an event detecti@echniquethatidentify changes in the
envelope of the current signal. Its primary benefit is the pegformancevith which the start
times ofevents can be identified. An envelope extraction approach was presented by the author
of [124]. The envelope of the current was computed using the root mean square function. To
determine the change in the envelope, a derivation was used. Several peakeated from
the changes. Lastly, the events were defined as peaks with amplitudes higher than the threshold.
The authors ofL25] filtered the power signal first to remove noise and minimize the probability
of false positives. The power events are tbetected in a second phase by calculating the
absolute differences between two successive samples and picking the indices where this

difference is higher than a pdetermined threshold.

2.6.1.2.  Probabilistic models

The change in the operating state of dlegice involving the change in theggregategower
consumption defines the events. Comparing the power change deviations of adjacent samples
is the most direct technique identify the even{58]. The latter is triggered when the power
change exceeds a predetermined threshold. However, in theaddlapplication, the power

time series is impacted by a multitude of factors and fluctuates randomly. By using a single
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threshold, it becomes difficuto separate events from no[&8]. In this context, probabilistic
models have been proposed. The GLR is a common probabilistic model that was first designed
to address the problem of abrupt chan@es, [122], [126] The GLR specifies the detection
window, the posevent and prevent averaging window. Two Gaussian distributions are
defined using the prevent and postvent averaging windows. The probability density
functions of the two Gaussian distributions are used to assess the likelihood ofnan eve
occurring within the detection windofs8].

Probabilistic modelenable uso obtaina probability that may be utilized to make a choice
about the likelihood of certain events occurring. They need to go through a training process to
adjust some factorand learn specific statistical models for devices and settings for this aim
[30]. A Generalized Likelihood Ratio (GLR) approach is presented by the authfir22pf
[127]. The authors showed that in order to optimize performancescissitatea trainirg
procedure that tunes five parameters whose values fluctuate based on the statistic. The author
of [128] suggested an enhanced version of the GLR model that included a voting method to
boost performance. The GQ@pproachwas also used to analyze evenegébn model$129].

The difference in distributions before and after the event is used to detect the occurrence. The
authorsshowedthat the GOFbased event detection model outperformed the expert heuristics

method in terms of falspositive performance.

2.6.1.3.  Matching filters

Matching filtersdetect the presenad the mask in an unknown signal by correlating a known
signal (commonly referred to as the mask) with an unknown sjg#3]. The masks may be
template power signals that contain the st@rtor turroff transients of devices, while the
unknown signal is the overall power usage. The signal waveforms are extracted and correlated
with known patterns to classify them. Although no prior training or knowledge of the devices
or settings is required, this thed usually requires high sampling frequendi@8]. The
following are themainphases of template matchibgsed approach§s8]: (i) computing the
spectral envelope of the time series, the actual current and voltage with high frequency are
transformed to signals with evident features in transients; (ii) during the training process, the
frequent occurrences of the turn on and wifprocedure are extracted and standardized by
building up the template library; (ii) The template matching procedure is triggered by a-change
of-mean procedure, and the distance between the total power signal and the template power

signalsis computed, a event is identifid if the distance is less than the threshold. Distance
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computation is proven to be an important stage in the template matching based event detection
approach. The most used distance is the Euclidean distance, which was employed in the
template matching procedure][itB0]. However, the phase of the signal affects the Euclidean
distance, therefore two comparable signals with a phase difference may have a significant
Euclidean distancgb8].

The authors 0f131] suggested an event detediwait uses two transversal filters that try to
match initial transient segments (obtained via training) to the aggregated signal. The first filter
searchedor transient shapes in the aggregate signal, while the second/éittées that the
matches repsent thereal transients rather than random noise. The instantaneous current
captured at 20 kHz was given a Hilbert transform by the authdfs38f. Following that, the
modified signal is subjected tanaix of averaging and derivation filters in orderéflect only
the transitions of interest (power events). The authofd38] proposed experiments using
envelope extraction, in which spectral envelopes from many harmonics are generated and a

Kalman Filter is employed to detect occurrences.

2.6.1.4. Hybrid models

The authors of[134] proposed a kernel Fisher discriminant analysis (KFbaged
unsupervised NILM event detector that generates proper start and end timesditedactive
sections. The latter are the extensions of traditional NILM events thatlesigmned to consider
complex situations (such as peaks, brief pulses, and fluctuating loaduddestedpproacts
effectiveness ibenchmarkedising the BLUED dataset. The authors[b85] presentedan
adaptive event detection system basedG®S, with an iterative clustering scheme for
determining the threshold. The primary objective is to integrate adaptive thresholding, pattern
matching, and signal clustering to the emerging subjeGRS8 They established thraethods
performance boundaseand demonstrated its practical utility. They illustrated the efficiency of
the suggested technique for standard smart meter usingubvlic datasets REFIT and REDD

with active powereadingsdown sampled respectively tes8and 1 min resolution. [[136] a
variation of thegoodnessf-fit (2 GOF)-based on cepstrum smoothilsgpresented. In their
approach, the authors used a voting mechanism to enhance the typical GOF algorithm, a median
filter to eliminate impulsive noise from the power time series and a surrbgstel
optimization approach ttune the parameters of the biyd model. Thesuggesté hybrid
approachappears to be moreffective than the classical GOF model, according to the

experimental results. The authord137] suggested a DBSCAN based event detection method
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that detectwo adjacent steady statasdthe timestamp. They demonstrated good detection
accuracy using publicly available dataset BLUED and PLAID. The auth¢t88fexploreda

hybrid framework in which the model's parameters might be defined automatically in different
conditions. The suggestedaupervised approach uses automated clustering to find recurrent
motifs, which are depictions of the devices' transient power draw characteristics in a particular
environment, and proximitpased motif matching to detect occurrences. The approach was
testedusing the EMBED dataset, which is a public dataset obtained from three houses with
various device types. The resuttsmonstratedhat thesuggestd event detectiotechnique
performsbetter tharthe classical event detection identifying the operatingtates of various

load types in a variety of scenarios.

2.6.2.Features extraction

The process of extracting the optimum characteristics so that the powerfaatpnnts are
robust and discriminative enough between devices is known as feature extractiouité is
crucial in establishing the energy consumption footprint of each appliance and will further
enable the identification of the particukgnatureof each appliance, which can therefore be
used forappliance detectiofi39]. The features can be eittdatadriven features or engineered
featureq140].

The datadriven features are extracted directly from the data usmehods like
unsupervised learning. The authors[b41] pred a generic datdriven technique for NILM
using low frequency sampling rate. They partitioned a set of observations into clusters using
the kmeans clustering approach, with each object belonging to the cluster with the closest mean
value. The authors ¢142] suggested a datd&iven procedure using an unsupervised feature
representation based on extreme machine learning technique for efficient energy
disaggregation. 1f85], [98], theusageof VI binary image for devica&lentification is proposed

The (V1) trajectories are converted into binary images after being normalized in amplitude.

Engineered features on the other hand are retrieved using domain knowledge derived from
electrical power and device properties. Examples are characteristics relatadmionils
componentg65], [66], amount of power chandé&36], transient formg105], [115], [143]

Typical low-sampling applications use characteristics derived fromertime series variables
[30], like current voltage, activgpowerreactive power, appant power, power factor, power

phase angle, and so on. Furthermore, sewtdltional features were capear from the
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electrical signal in the frequency domain, including electromagnetic interfdi#ljcelectrical
noise using FFT70], [144], wavelet tansformd104], [110]and so on.

2.6.3.Load identification

The purpose is to identify the devices involved in the changes in the measured aggregate signal
operating at any given moment using features extracted frogathereddata, including the
device's electrical signatuf@0]. Within the energy disaggregatiooontexts,studieshave
primarily concentrate@n supervised approaches rather than unsupervised approaches for this
identification [37], [48]. The supervised learnimgpproaches adapted for NILM are to date
either pattern recognition based or optimizati@sed approaches. The latter are used in the
supervised approaches to find a set of devices whose corresponding load demand matches the
observed load in the aggregatsignal as closely as possible. These include genetic algorithm
[145], segmented integer quadratic constraint programifdi4g], hybrid programming147]

and so on. However, these approaches necessitatevaiiability of datasets including all
potential associationf power demands for the different devices. This is a disadvantage
because the existence of unknown devices in the aggregated signal would make the recognition
based on the combination of known appliances challendi@ly [117] Furthermoretheir

heavy computational burden limits their practical applicatji8@]. Besides, supervised
techniques are exploring pattern recognition approaches capable of recognizing the extracted
features (device signatures) in the aggregated data. Offline tramtgpically used in these
techniques to create a ds¢dof information that isemployedto developclassification
algorithms The device database encompasses a series of device features that are utilized to
construct the identification algorithm's dgsiand characteristics. Examples of some commonly
used techniques include the k nearest neighbors (KNKB], [149] the artificial neural
network (ANN)[110], [115] decision treefl44], [150] support vector machings9], [88],

[115], [151], [152] convolutional neural networ|b0], [93], [98], [153] [156], naive bayes
classifiers (NB)J149], [157], [158] and deep learnin@0], [98], [155], [159] [163]. Hart[40]
introduced a clusteringased technique wherein devices generate their own dististérsin

the RQ plane.A feature space is mapped using the electrical signal's sstat@yvariations.

The new feature vector is then clustered using the distance metric to see whether it belongs to
one of the previously identified clustefisapproach has been commoelyployed in NILM

owing to its simplicity.However thetechniqués failure to identify devices with overlapping

P-Q featuresand susceptibility to power drifts are some of the significant disadvantages of the

approach. The auth® of [164] proposed a lineachain conditional random fields, which can
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handle multistate loads by considering the influence of prior states on the current state. The
authors of[165] compared the performance ®fclassifiers including multilayer percepnh,

radial basis functiohlN andSVM with distinctkernels, using the odd harmonics of the current
waveform. They found that all models perform well in classification and correctly identify the
relevant appliances, which demonstrates the applicabilityeofuggested approach.[166],

[167], the effectiveness of ensemitlased techniques, in which distinct algorithms are
associated tenhancehe overallaccuracyof the classifier, was examined. The authoid 58]
suggested a twstage technique for INM. In the first stage, a classifier seeks to classify the
device by type (purely inductive, capacitive, or resistie)sin the second staga second
classifier is trained with only thoseharacteristicsthat are considered meaningful for
identifying devices of that type. The authors [@68] evaluated the performance of several
classifiers, including feedforward ANNSs, hybrid neural networks, SVMs, and adaptive boost
(AdaBoost) models. Thmethodis based on the use of Wa8bape (WSgharacteristicbased

on V-l trajectories. The models performed well for two households in the REDD ddia8pt
However, the result deteriorated drastically when gaussian noise was added. They found that
the waveform features proved to be effective for load classditaifhe authors of170]
employed the Bayesian approach to identify the most probable device states using state change
information. A naive Bayesian classifier was trained for each device, and a set of learned
classifiers waemployedto distinguish devicspecific states from aggregafata readings
However, the authors assumed that the state of the devices was independent from each other,
which, according t§37], is not the case because the operation of consumer devices is fgequent
correlated in the household (e.g., the use of TV and DVD player). A heteshioiquethat

uses the histogram thinning method for clustering of P and Q events was compared to the
Bayesiantechniqgue They showed that the Bayesianehod outperforms theheuristic

technique, especially when the energy behavior of the devices is stable.

In fact, pattern recognition methods are generally privileged by researchers for the task of
load recognitior{37]. Meanwhile, the necessity of having labeled data whiciisrtunately
not always available and training data are some of the ommstraints to the larggcale
adoptionof supervised approaches. The author§l@fi] suggested combining a supervised
learning approach on accessible labeled datasets with apemised training method on
aggregated unlabeled data. The authofd @2] have also explored sersupervisednethod
that seek to employ both labeled and unlabeled data for trailidg algorithms. In these

approaches, semsupervised learning approastseek to exploit the potential of unlabeled data
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by employingsmall sets of labeledamplesto deduce labels from unlabelsdamplesand

subsequentlytilize them as trainingets

Unsupervised approaches, on the other hand, do not necessitate angiph. {fhis is a
significant benefit since it entails less effort from the consumer and reduces the intrusiveness
of data collectiong30]. For this reason, unsupervised approaches have attracted increasing
attention[37]. They often don't use events aing to disaggregate the signal directly from the
aggregated signal without using event detection

2.7. Non-event based approaches

Non-eventbased techniques rely primarily on statistical and probabilistic models to breakdown
aggregated power signals without using any type of event det¢8#prj173]. Indeed, these
approaches do not necessitate prior training of the machine lgaigorithms to recognize
appliance specifipower change in the aggregdegta Rather, these techniques mainly exploit
existing knowledge about the operation of individual devices by employing various techniques
like probabilistic modelsiiMMs, HOS, motf mining, and blind source separation.

In fact, the NILM challenge is a tim#ependent problem wherein statistical models are
widely targeted as a relevant solutidr73]. HMM-based approaches have attracted a lot of
interest in the past few years. Thetaus of[174] developed a hierarchical approach that uses
a Bayesian consideration of HMMs to model diverse appliances. The different HMM settings
are then combined to create a specific appliance consumption model. They demonstrated that
general models alevices can be built utilizing data from only a small number of devices. In
[175], the authors developed a sparse Viterbi techniqueethptoysa supeistate HMM to
consere load relationships andentify multi-state devices while ensuring efficient antust
accurate inference. The sparse Viterbi approach is used to efficiently generate sparse matrices
with multiple superstates that are used to achieve the NILM fdsky demonstrated that their
model could work in real time. The authors[d76] preented a generic technique based on
temporal sequence categorization methods. Its goal is to identifyelniution device states
and use those features to build device types and classify prospective devices. The applicability
of FHMM for low power devicenonitoring was investigated j77]. The authors concentrated
on identifying both binary and mulstate device operation through the use of suitséie of
characteristicsSince the number and types of devices are known a priori, each target device is
modeled as a single HMM with several states that characterize its working behavior. In the

FHMM, each chain has its own Markovian dynamics. Following that, based on the observation
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sequence, the most likely hidden state sequence occurring therein isddddhayeshowed that

feature concatenation can enhance the model's disaggregation accuracy, enabling it to
accurately detect the states of applianc¢l¥8], several HMMs extensions were explored to
model the data. The conditional factorial HMMs (CFHMMshich enhance factorial HMM

by adding features like time of day, device dependency and other sensor measurements; the
Hidden SemiMarkovian Factorial Model (FHSMM) which is a variant of the FHMM that
improves the fit of probability distributions of appi@e state occupancy periods and the mix

of CFHMM and FHSMM, which considers additional features as well as more accurate
probability distributions of the occupancy times of the device states were studied. The basic
concept involves representing each dewdsea distinct parallel HMM that contributes to the

total power. The authors designed a probabilistic model of device behavior that incorporates
steady state characteristics. The training of model parameters is unsupervised, and several
parameters are ledrfrom the data. The learning prateeentails determining the parameters

from the observations in order for the model to accurately characterize the data. The hidden
variables, which are the statuses of the devices, are estimated using the model through these
parameters. The framework is aymdd in the low frequency power load data by considering
multidimensional characteristics as input. The authors demonstrated the viability of the
proposed NILM technique. An approach based on the combined utilization of active and
reactive powesusing addive FHMM modelwas proposed ifi78]. In the suggesteshethod

the device model is illustrated by a bivaria#®M, where the emitted symbols are the
combined activeeactive power signals. To handle the bivariate HMM models, the authors
proposed an alteate formulation of the AFAMAP technique to disaggregate the data. The
approach relies on modeling the aggregate pogadtingsas a mixture of appliance operating
states, and then reconstructing the time series of the state progression for each appliance i
finite state machine. They showed that the usage of reactive power improaesuhacyof
themodel In[179], a NILM techniquehat accounts for mutual interactions between appliances
and incorporates information about the interactions betweehaapgs into the FHMM
representations of the aggregated data was proposed. In fact, appliance interaction is a power
quality issue that impacts an appliance's measured power consumption when other appliances
are connected to the network. The Viterbi aldon wasemployedo deducehe hidden states

in the proposed FHMM. Additional chains were added to FHMMs to model any interactions
between the appliances. They showed that the suggested technique outperformed the standard
FHMM model, and that observing eractions between appliances enabled more accurate

disaggregation and estimation of specific appliance energy usage. The authjd@BO]of
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suggested arnfinitely Factorial Unbounded stattHMM (IFUHMM), with potentially
unbounded number of parallel HMMs astdtes in each HMM. The approach is based on a
nonparametric Bayesian a priori using integer matrices, with rows representing temporal
indexes, columns representing Markov chains, and integers representing the state of each chain
and temporal instant. Brapproach starts by extending the existing infinite factorial binary state
HMM model to include any number of states. Then they tweak the model to enable an infinite
number of states and create an (Markov chain Monte Carlo) MG&Ed inference algorithm

that efficiently handles the traadéf between infinite states and chains. They found that
inferring rather than fixing the number of chains and states in the FHMM enhances performance
of the model. The authors ¢181] developed a hierarchical FHMM to cumvent the
assumption of appliance independence and the requirement of one appliance at a time. The
approach works on the steaslyate signal by grouping the signals of correlated appliances and
then generating HMM models based on the detected clusidied(tsuper appliances"). The

super appliances are inferred using AFAMAP algorithm. A state relation table is generated
during the training phase and used to map the result back to the original appliance. They showed
that inference on sup@ppliances isvay more efficient than inference on original appliances
since they only had to deal with a smaller number of "appliances" that met the independence
and singletime constraints. Ifil82], an approach that combines the utilization of FHMM#$wit
contextual mnformation associated theconsumes occupancyn the household and the hourly
usage ofdeviceswas examined. The authoexamired how the umge of these additional
contextual knowledge features co@dhancehe NILM performance Experiments using the
Tracebase public dataset and synthetic contextual data yielded promising results. The authors
of [183] suggested an additiveHIMM for NILM. They developed an estimate inference
approach that takes use of the FHMM additive structure and employs an efficient convex
guadratic programming relaxation. The approach relies on inferring the hidden states of an
FHMM in order to address unsupervidgtLM and extract individual devices usage from the
aggregatsignals Theresearcherstuck to the original FHMM approach, wherein the output is

an additive function of all hidden states. The approach has achieved good results while
remaining computationall feasible. The work presented [@81], [182] shows that the
consideration of intedevice dependencies, in particular, leads toeahancemenin the
effectivenessof NILM. On the other hand, the complexity of HMM modétErease
exponentially as the numer of targetdevices increase Furthermore their scalability and
generalization capabilities are challenging and existing inference approaches for state

estimationare also extremely sensitive to local optima, which limits their practical application.
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The authors 0{184] suggested a dataining-based timedependent load disaggregation
technique. They employed clustering techniques to identify different power levels and
characterize the periodic cycles of occurrence of these control levels. Each episbdecet
some specific criteria to be considered part of a device. The minimum episode completion
criterion, for example, iemployedto detectepisodes completed by a singlgpliance They
showed that motif mining is effective in recognizagapliancesvith different power levels and
in characterizing the combinatorial operationgabliancesin[185], a blind source separation
approach was proposed to address the probleNildfl . The authors employed steaskate
active and reactive powevariations(P and Q) to generate clusters of devices, each of which
is supposed tmatchto one device state transition. Then, the original source of each cluster is
reconstructed using a matching pursuit algorithm (MP). The authfit8@]fsuggested a nen
intrusive technique to categorize electrical devices using higher order statistics (HOS). In the
proposed approach, Genetic Algorithms (GA) and Fisher's discriminant ration were used to
select a finite set of the most relevaharacteristicrom those generatday HOS in order to
lowerthe computational cost. The main goal of GA was to lower the data dimension while also
improving the effectiveness of the classifier. They used multilayer perceptron (MLP) and
decision tree (DT) classifiers to perform the finasdification. The proposed classifiers used
only 6 extracted features (second and fourth order cumulants) that could be suitable for a real
time application. The approach was tested using experimental signals obtained from the main
electrical power sourcef a household and performed very well[187], An approach based
on powerlets learning and sparse coding scheme was proposed. The power fingerprints of each
appliance are automatically extracted during the learning phase by modeling the appliance as a
combination of dynamic systems. Relevant dissimilarities between device power samples were
developed and employed in a subset selection system to extrasatfesignatures of device
corresponding to its distinct operating modes. The extracted engngyigies for all appliances
were used to create a dictionary. The authors presétiiedd as an optimization over a
representation in the trained dictionary, with numerous new priorities such as appliance
disparity, knowledge of which appliances operatetiogr and which do not, and disaggregated
solution temporal consistency. They demonstrated that the proposed approach could achieve

promising performance.

2.8. Machine learning approaches tdoad disaggregation
Numeroustechniques have beepresentedn the literature tatackle on the one hand, the

challenges faced by the pioneering NILM approach and, on the other hand, the problem of
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NILM in generallnitially, the research focused &tMM modelsand their variants (as detailed
in section 2.7). Howevetheir applicability was limited due to their complexity, generalization
problem andheir sensitivity to local optimaRecently, scientistbave resorted to machine
learning and deep learning approachidsese includenethoddike SVM [148], [151], [188]
KNN [149], DT [58], [189], Graph signal processif@90], [191] k means clusterinfl92],

etc.

The deep learning framework has proven its ability to extract sophisticated characteristics
of complex data automatically which enables it to play emsentih role in energy
disaggregation problemd.93]. Several deep learningrchitectureshave been proposed to
tackle the NILMchallenge The research conducted [B1], [194] was among the first to
employ deep learning approaches for NILM.[[kB4], the authos introduced a newapproach
for supervisedNILM based on the LSTM architecture. Tin@mary goalwas to monitor the
energyusageof significant loads in a house in order to achieve energy savings. The target
power signal of the device or sabrcuit is extracted from the aggregated power signal using
the LSTM network based on supervised learning. The authors showed the feasiliégp
learning approach for neevent based NILM applications. The results of the tests conducted
in REDD's lowfrequency public data set, involving only real power measurements, are
promising, and have shown a new way to design NILM systenjS1]nthe authors analyzed
three deep learning algorithms including LSTM coupled with CNN, denoising autoencoder and
anestimatioralgorithm thatletermineshe start time, end time, and the average power demand
of eachappliarce. They defined the NILM task as armising operation, in which the clean
signal isdepictedoy the power demand of the targgipliarce, and the aggregaitsignal isthe
background "noise" created by the presence of other appliances. They disaggregate the power
demand of five devices frotihhe aggregated data of the whole house and obtain good results.
They train the models with the same architecture for all devices, regardless of their type. The
models were compared on the UDALE public dataset, and the study revealed that the
denoising atoencoder modglerformed better thatme othemeural network architectures and
the stateof-the-art FHMM and combinatorial optimization techniques in the INdrusive
Load Monitoring Toolkit (NILMTK). In[195], a group of auto associative neural netvgask
trained to be tuned to the features of a specific device. In the proposed approactip the
associativeNNs aredisposedn a competitive parallel architecture that puts them against each
other. The closestlentification is then used tdetectthe specificappliarce when a new input

vector is introduced. The system employs the transient power signal acquired from the device's
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on/off events taecognizethe specific types oflevice The results of tests on three public
datasets demonstrated theethod's applicability for NILM systems. I[196], the authors
presentec sequenc#o-pointtechniquebased orCNNs The model used an aggregate active
power window as input and a single point of the target device as olitpetformedbetter

than the squencdo-sequence state of the art method on REDD and UKDALE public datasets.
A CNN, aLSTM and random forest (RF) classifier are used to form a deep learning model for
NILM in [197]. A multi-feature and highdimensional approactare used to extract
chalcteristicsn the data preprocessing step, and ammiaing method is employed to generate
correlations in electrity usagehabits. The authors discussed the problem of label correlations
and evaluaed theirapproachon REDD and Pecan Street datasd@tsey showed that the
proposed method may successfully increase device detection performance. The alit#8}s of
presented a bidirectionaSTM model. They developed a muifeature input by combining
multiple electrical featuresThe electrical parametethat had the significant impact on each
target device's power usage were selected using the mutual information technique. Then, to
remove unnecessary predicted sequences, a seconprpoessing classification algorithm
was suggested.ow frequency datUKDALE and ECOdatasetswere used to evaluate the
model They demonstratetnproved performance&ith the postprocessing algorithm. The
authors 0f199] presentec capsule network based NiLfdchnique CNN was used to extract
prospectivecharacteristicsrom a collection of nofverlapping segments of energadings

data. The capsule architecture is intended to estimate specific segment class probabilities. Then,
based on the estimated class probabilities of the segments, a dewiog process is
suggestd to establish the finatentification They compared and validated the proposed
solutionds sustainabi |GNNtechaigyevassuggestdanj200]. e n t
They used a features space that had been enhanced bgdiporation of a temporal pooling
module to categorize the states of the devitestheir approach, a time interval of the
aggregated active power consumption is used as input. The method uses-labelulti
classification to predict the device's consumpias a constant average value throughout the
device's activation. The authors tested their model using the UKDALE low frequency dataset
and demonstrated good generalization properties[60), the authors focused on the
disaggregation of multistate appliances. A practical approach based coNEepsing a data
augmentation technique is proposed. A post processetfjodwas used taategorizethe
activations predicted by the convolutionalaed The authors showed that thageof the post
processing algorithm significantly increases tli®aggregation result$n [201], atechnique

based on the pinball quantile loss function for guiding a dééedor NILM was proposed.
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They used the pinbatind mean square error loss functions to comparsutgestecetwork

to three distinct deeNN. They demonstrated that the method using the pinball loss function
consistently outperforms the methedhployingthe MSE loss function. The authors {#02]
presented an event detection method based on a transient signal. They used active power signal
to extract the suggested transient signal in low frequency sampling rate. The events were
classified usingT and LSTM models. Theydemonstratd that the use oftransient signal

allows for good performance. [203], the authors described a NILM technique that generates
synthetic data for training deePNN models via data augmentation. Theggestd data
augmentatiortechniquecombines ON and OF8&urations of a tamgt device from (REDD,
UKDALE and ECO) datasets in low frequency sampling rate, resulting in unifiechetdy
profiles and complete synthetic aggregate. They demonstrated that trainalgdht#hmon
generated synthetic data improves its generalizabllhg authors dR04] suggested an Active

Deep Learninghased load detection approach. The fdghensional deviceharacteristicare
colleced from the original current signals using the discrete wavelet transform (DWT). The
features were then learned and higlue samples suitabfer labeling were selected using a
poolbased active deep learning model. Three sampling approaches were enptegéhe
suggestedapproachusing a mixed dataset made up ®fpublic datasets. The results
demonstrated that theuggestedapproachmight greatly lower the cost of labeling huge
datasets. A deepN techniquefor NILM that presents a tailored attentianechanism
frameworkwas presented if205]. To address the NILM issue, the proposed model includes
an estimationsubnetwork combined to aclassification subnetwork. In the regression
subnetwork, the authors employed convolutional and recurrent layamptove feature
extraction and enable the creation of better appliance models. They showed that the suggested
model increases accuracy and model generalization capability on the public datasets REDD and
UK-DALE. In[206], the authors developed a technifmedevice detectioandclassification

of unidentified devices in NILM. In their approach, devices are defined by thieirayectory

and mapped to a previously learned feature space built by a SibiNesesulting in samples

of the same device formingght clusters. Device samples are then assigned to clusters or
labeled as "unidentified" using the clustering performed through DBSCAN. They showed using
the PLAID and WHITED datasets that an-Mhacro of 0.85 and 0.90 can be achieved for
categorizing urdentified devices. 1H1207], a NILM technique based on online learning has
been designed to infer a range of devices from a transferred model using low sampling data.
The proposed framework, in particular, combines a transfer leaapp@achwith deepNN.

First, they extract lovlevel spatial and temportdaturesrom the grayscale images produced
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by the power readingsising the LSTM. Then, the classification of the device type and the
transfer between devices is performed using a probabilistic neztvabmk. The algorithm's
effectiveness has been validated through the use efvorld smart outlet hardware. A NILM
approach based on graph theory for matching load events is prop¢2e8d]infThe method is

based on thenhancedKuhn-Munkras (KM) algorithm. The OMDFF state of the load is
detected using an adaptive fitting approach employing a time window. A kernel density is
constructed using a number of independent characteristics of devianisuch as active and
reactivepower features. The load events are thus classified according to their characteristics
using the load signature distribution. The enhanced KM technique for load matching is then
used to address the matrix generated by the load event's matching probdilitgsults of

the experiments utilizing laboratory and REDD datasets show that the suggested technique may

be effective for load event matching and enhance load detection performance.

Even though existing Deep learnibhgsed disaggregation techniques have demonstrated
good scalability and learning of characteristic device signatures, the practical feasibility of these
techniques remains an open probl¢b61], [198] Indeed, deepiNstend to estimate irrelevant
power signals thaare not relevant to the target applianthe work reported ifi60], [198]
tackled the problem by proposing a ppsbcessing model, which includesmploying a
separatealgorithm to categorizéhe estimded devie activations. The approach consists in
determining if the estimated sequence corresponds to the actual activation of a target appliance.
However, theseechniqueghese approaches require a figant amount of training date
attain satisfactoryperformance This poses a significant challenge due to the lack of-high
guality datasets, in terms of both timiagd the quality of label$:urthermorethese methods
greatly benefit from a large number of trainable parameters, but this requires prbmesfsing

power that is neither lowost nor easily accessible in most situations.

2.9. Evaluation metrics

One of the primary challenges in NILM research nowadays is the lack of a formal approach for
evaluating the effectiveness of the wide range of solutpzasentedn the literature. The
relevant literature has a wide range of metrics that span a broad set of evaluation methodologies.
Despite the fact that most of the NILM techniques regddférent performance metrics, it is

not possible to make meaningjicomparison since there is agreemenbn the metric to be

used toassesthe effectiveness of an Nilgorithm Moreoverowingto the ambiguity of the
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e v a | u arnetrice, which are typically data and experiment context dependent, a direct

comparison of NILM methodgroposed in the literatuie not feasibl¢37], [48].

Many evaluationametrics have beeproposedsince the beginning of the NILM research.
For instance, Hart employed both the events correctly detected and the percentage of time that
a given device waactiveas an accuracy metrics in the seminal work. A few years later, the
authors of[75] suggested a comparison betwdbe actualand predicted poweof each
appliarce. In[113], the percentage @hergyconsumption properly assigned to eagipliarce
under consideration with error related to the duration of the load and the time intervals of the
"on" working modes were used to evaluate the proposkem idigorithm. The authors ¢1.17]
suggested the use of metrics in terms of event detection accuracy, classification accuracy and
overall accuracy. They also discussed the possibilities of Type | (false detection) and Type I
(missed detection) errors, a®ll as equations teepresenthe amount of true, incorrect, and
missing events, which can be global or device specific. The authfit&2jfsuggested using
the total power change and the average power change in order to readily understand the
interaction between detection errors and actual power consumptiof20B], the authors
suggested a metrics that reflects the total error in allocated energy (TEAE), standardized by
the actual energy usage in each time slice averaged across all devices. A setiiamas
introduced iM183], which this time calculates the individual device error (IDTEAE) instead of
the average of all devices, thus reducing the rigloofting outhuge errors in certain time slots
owingto poor performance of some devices. Regedperating curves (ROCs) are commonly
used by pattern recognition researcheraseesshe accuracyof different models. The ROC
curve illustrates the tradaf between specificity and sensitivity. According [#8], ROC
curves can potentially be usesl @ benchmark evaluation approactassesshe accuracyof

NILM approachs.

Although the question of NILM performance indicators is under ongoing discussion, most
researchers tend to agree on two main categories\ofa | u aretrics, méngely energy
estimationand event detectiorf41], [161], [210], [211] The choice of the most suitable
categorydepends stronglgn the application for which the NILM is intended. In evbased
approaches, each event is evaluated and compardte tground truth to ensure that it is
accurately categorized. Many researchers employ accuracy to evaluate an algorithm's

effectiveness in identifying the ON/OFF states of specific appliances.
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The acuracy evaluates the number of correctly attributed matches in comparison with the
total of all possible matches (True positiv@®) which are switching events that have been
accurately identified and classified, True negativéd) (vhich denotes the casdere a device
did not switch and the algorithm also asserts that there was no switching, False pé&stives (
which represents the case whereappliancehas not switched, but the algorithm wrongly
detecs a switch and False negativéd\j refers to the case wherein the algorithm fails to
identify a switch, despite the fact that the appliance has switched). However, the high accuracy
values are not necessarily related to the correct detection of positive samples. In the case of
unbalanceddata, the accuracy may present a near flawless classification as a bad one. For
instance, if all the samples are only assigned to the negative category in a binary classification
context where the number of negative samples is much higher than the ndrpbsitive
samples, the accuracy value would be close to 1 despite the fact that no positive samples have
been detected. Since there are devices that operate very occasionally or are almost always on,
using accuracy as a metric can lead to misleadingtsd¢&iB], [212] In order to address this
challenge, the authors {#13] suggestedr-Measureto assesshe estimdion of these devices
with more reliability. TheF-measurealso known asd-score s a tradeoff between recall and

precision. It iggivenas the harmonic mean of RecafidPrecision

,‘O: (1+T )Z - (3)
Precision= 4)
YQo & &6— (5)

Precision is the proportion of true positivdd) in theuniverse of all positive samples in the

data set, with emphasis on false positivER)( whereas Recall is the proportion of true
positives TP) in the universe of all positive samples in the data set, with emphasis on false
negatives EN) . b r eweagiegletintsoaf fi ci ent that all ows
attached toRecallt han t o Preci si on F2-sto®rRedalhsstwvieceras e , i f
significant asPrecision wh er e as FoistorgpPresisiol is twice( as significant as
Recal I . U &lusaorglisyused, Bnd thuRecéllandPrecisionhave the same weight.

43



In fact, theF-scoreis not a rigorous fit for mulstate devices since it only considers the
ON/OFF states of devices. The author§ld®] claimed that thé&-score consider only binary
results of the classifier and that power signals are not binary. They argued that not only the
accuracy of the classification of the device status will need to be measured, but also the accuracy
of the intended usage of the deviGdey introduced the modifidé-score(M F-scorg, which
they claimed is more suitable for assessing the accuracy of the NILM algorithm. Consequently,
PrecisionandRecallare réormulated by accountinthe number of states of eadbvice by
computing theaccurate trugositives ATP) andinaccurate trugositives [TP). Lety be the

estimated valug andyo theground truthvalues.

0 True negative®N), if y=0 andyo=0
o False negativeHN), if y=0 andyo> 0
o False positiveRP), if y> 0 andyo=0

o Accurate true positiveXTP), if y> 0,yo> 0 and—— |
o Inaccurate true positivéTP), if y > 0,yo> 0 andd—— 1
Wherd denotes the threshold.
PrecisionandRecallare redefined as follows:

Precision=—— (6)

YQwee—e—— (7)
M F-scoreremains the harmonic mean of the redefiRedalland redefinedPrecision

The performance in terms of consumption estimation should be defireftetithe ability
of the NILM approachto predict tle amount of energy used compared to the actual power
consumption. This is essential since disaggregating systems should inform consumers of how
much electricity each device contributes to the system. Moreover, consumers should know how
much they could haveaved if certain devices had not been used during the peak period,
especially under timef-use billing. The Mean Absolute ErroMAE) which evaluags the

reliability of the powerconsumption estimate of the appltarhas been widely usgtl ], [161].

000=-B ® & (8)
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WhereT is the number of values that represent the load datare theactualvalues,w are

the estimated values dévice i at time t.

Signal Aggregate EnergysAB that evaluates the relative error in predicting the quantity
of energy consumed during the entire evaluation p¢ti6d], [198]

Y6 O= 9)

WhereO s the total estimated energy, a@d is total ground truth energy foevicei.

The root mean square err@®NISH is commonlyemployedin the NILM community by
considering the difference between the acamdrgyconsumptionto  and predicted energy

consumptiory  for each time interval t.

YOYO= -B @ @ (10)

where Trepreserd the total number ofoad data valuesSince theRMSE value is not
standardized, it is difficult ttenchmarkhe disaggregatioresultsof one device to another
[212]. To deal with this issue, other studjé4], [183] have used the normalized disaggregation
error, resulting in a normalized measure of the difference betweepnrettieted and the ground
truth energyconsumption of the-th device.

B

Normalized Disaggregation Error= L (11)
B i

The authors 0f209] suggested the total energy correctly assigried)(to report the
estimation performance. It is one of the most commonly used metrics. The estimation accuracy
Eace, I particular, assesses the quality of energy disaggregation and relates the difference
betweenthe ground truth and estimatembnsumption to th@erformanceof disaggregation,
making it an excellent choice for evaluating different NILM approachesgivénas follows:

O =p (12)

wherew represents the algorithm's estimate for ttiedevice at the-th time stepw s the
actual powewalues for the-th device at the-th time step, T is the time sequence length, and
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M denotes the number of devices. The factor 2 in the denominator is due to the fact that the

absolute value will "double count" the errors, siBce w =B w .

The estimation ecuracy can be computed for each device using this measurement by

removing the summations overappliances as shown in the following equation (13).
0 =p —— (13)

The authors 0f214] introduced the estimated energy fraction indekKl) which yields

the fraction of energy attributed to ththidevice. It iggivenas follows:

B
EEFl = —— (14)

The EEFI should be compared with the actual energy fractidexnAEFI) which yields

the actual fraction of energy consumed by thiedevice. It is defined as follows:

AEFI=—2 (15)
B B

The EEFI provides consumers with information on how much energy each device consumes,

allowing them to get customized suggestions for lowering their energy usage.

The relative square erroREB which yields a normalized measure of the difference
between thgrourd truthandpredictedenagy consumption of theth appliarte was used in
[214]..

YYo=l —— (16)

The R2 coefficienf214], which is defined as:

~ _B
Ye———— 17)

wherew p ~y B ® . TheR2coefficient andhe relative square errdREH are both

used to determine how well the predicted power profiles reflegrthend truthpower profiles

46



over time. A good estimate of power usage profiles over time is necessary to advise customers

of potential savings by deferring the use of a particular device4oealt hour$214].

2.10. Public datasets

The availability of data foparameterization of algorithms is necessary for any problem that
can be tackled with data minimgdmachine learningpproaches. The recent development of
smart meters that capture measurements much more frequently (for example, per second,
minute, or hot) instead of reporting housés energy consumption to users once per billing
period (for example, once per month) makes disaggregation of swbid¢eng energy data

more accessible than ever. Energy disaggregation techniques require higher granatagty en
readings since it involves extracting more information from the measurements than just the
overall energyusageof the house Energy consumption datasets are essential for NILM
researchers in order tiesign andssess NILM algorithmdAn energy disagregationdataset

is agatheringof electrical energy readings conducted in households unddifeesd¢enarios,

without perturbing the daily routine of households, and while maintaining the data as close to
reality as possibl¢41]. It typically includes aggregated data (measured at the main power
panel) and specific device data, which are gathered by either metering each specific device at
the outlet or monitoring the circuit to which the load is attached. However, in-aaoddl

setting, many loads are typically attached to the same circuit; subsequently, the latter technique
does not always ensure that the specific consumption of all separate loads will be available
[210].

In fact, the scope and resolution of datasets are nitest constrained to the resources
required to meet the experiments' purposes and are further driven by personal experience,
equipment availability, budget, and time constraif@$5]. Therefore, many differences
between the datasets available in the liteacan be observed, e.g., the granularity of the data
(from a few Hz to several kHz), the number of snéter deployed (circuit level, device level
and/or a single sensor for teatire housg the type of readings available (current, voltage,
apparentact i ve and reactive power ¢€é), the durati
years), the storage formats, the region of collection or the availability of ground truth
annotationg215], [216] Although all of these characteristics are of paramauportance in
categorizingstate of the artlatasets, the eexistence of deviespecific consumption and
aggregated consumption is typicallfiiaed to classifythe different energy disaggregation

datasets, as this aspect has a significant impachemadtential applications of different
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datasets. For instance, algorithms for identifying devices and recognizing activities may only

be analyzed in datasets that include specific device consumptioj2 tiéfa

There are several datasets available initemture, each with its own set of characteristics
and limitations, making it difficult to choose a dataset for dealing with energy efficiency
challengeqd217]. In most cases, these datasets only include a power reading for the entire
household and/or mghouseholds loads due to the high expenses of purchasing and installing
equipment. The authors [@09] presented REDD (Reference Energy Disaggregation Data Set).
| t 6s a collection of electricity consumpt.
circuits/appliances data acquired over several weeks from the 6 real households. The whole
electrical signal of the house (voltage monitor on one phase and a current monitor on both
phases of the power supply) at a high frequency (15kHz) was recorded. Eysmbnsumption
measurements of up to 24 appliancesvaasuredt 0.5 Hz samplingeriodeach labeled with
its category of device or devices. Moreover, the load schemes of over 2@yslgionitors
in the houskolds measuredt 1 Hz, with an emphaso recording electronic devices where
multiple appliarces are grouped on a single circuit are observed. However, the autfir3]of
noted that the REDD wholeouse readings were given in apparent power, wdpkcific
circuits were given in real power.sfa result, the sum of different circuits did nuatchthe
total of the entire house. [[127], a buildinglevel fully labeled electricity disaggregation
(BLUED) dataset was presentedoltage and current reading from a single house in
Pittsburgh, Pennsyania, USA, are resumed. The data were collected at a sampling frequency
of 12 kHz over a period ofeven dayslt contains a large number of events (2845) with
timestamps, device identifiers and phase labels. There are 50 different devices and 8@ differe
device categories involved in the monitoring operation. Each state change of each device in the
housdold was tagged and tirsgtamped, which provided the ground truth needed to evaluate
the eventbased methods. The authors[@18] presented the TRACEBASE dataset which
contains energy consumption trends for many appliances, allowing disaggregation analysis.
The measurement was taken at a 1 Hz sampling frequency. The data set can be used to improve
energy efficiency. However, sinc® information about the appliances being studied or their
features is provided, it cannot be used for appliance recognition or preference detection.
Moreover, it collects data from 43 different devices, each with different recordings over several
days andn several houses. [[219], the UMASS Smart* Home Data Set that continuously
collects a wide range of environmental and operational data in three real households was

presented. The data includes the average electrical ensagyreadingsof a house evgr
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second, as well as the operation of every circuit and almost every outlet, data on electricity
generation from solar panels and wind turbines installed on site, indoor room temperature and
humidity data etc. Moreover, the authors also presented 24 d¢foursutelevel electrical data

from 443 anonymous households in the United States. The Measuredesetectric Load
profiles (MEULPv.1 and MEULPvV.2) datasets were presentef@20], [221] MEULPv.1

reports the lectrical energy usage readingfsl2 Camdian homes. Data were collected at both

the aggregate and device levels usingnaiiute sampling frequency. During the data collection
procedure, a total of 8 devices are tracked. MEULPVi.2, on the other hand, monitors 23 homes
for one year at a-fninute sampling frequency, identifying both aggregate and ddenel
consumptions. The authors [#22] presented a larggcale dataset (SustData). The dataset
contains energy consumption and related information from 50 households and over 50 million
individud records of electrical energy data, covering a totally 1144 different days. The Almanac
of Minutely Power datasets (AMPdsvl and AMPdsv2) were presenti@23j, [224] They

include 11 onaminute interval measurements for 21 gubters over a orgear (AMPdsv1l)

and tweyear (AMPdsv2) period. AMPds also contain water and natural gas consumption data.
The authors 0f225] presented the Indian Dataset for Ambient Water and Energy (IAWE)
which collects energusage readingat 1 Hz samplingeriods Measuremets of electricity,

water, and ambient parameters were conducted as part of the IAWE initiative in-stbinyee

pilot house in Delhi for 73 daysetweerMay 2013 andAugust 2013. Moreover, 33 subeters

were deployed throughout the holiskel measuring thesparameters, gathering a total of about

400 MB of data per day. 11226], an appliance Consumption Signatwésibourg 1 (ACS

F1) database was presented. AEIScaptures the energy usage in a set ofégaighe device

level. Electrical submeters wes used to track thelectricalenergyusagereadingsof 100
househol dsé appliances r epr emaentgofrlgetriditpis di f f e
performed using 10 seconds sampling interval®fa hour periodThe dataset is particularly
suiteble for devicedetectionapplications. The GREEND dataset is presentefR#Y] to
characterize the itemized energy consumption patterns gathered during an experimental
campaign in Austria and Italy via the analysis of the energy consumption of manycspecif
devices. Eight households are observed during the collection campaign, each with up to nine
distinct appliances. Devidevel energy consumption patterns are collectedtt Sampling

rate over a skmonth period. The authors {#28] presented ECO (Ettricity Consumption

and Occupancy) dataset. It is a comprehensive measurement campaign conducted to gather
detailed information on the consumption patterns in six Swiss bawee a period of eight

months using a sampling rate of 1 Hz. The dataseiratfades information on the occupancy

49



of the observed houses. The Rlugyel Appliance Identification Dataset (PLAID) which
presents energy consumption profiles for about 56 different household appliances representing
about 11 appliance groups was introeldlan[229]. The data wergatheed over a threenonth

period in the summer of 2013 in Pittsburgh, Pennsylvania, USA using a sampling rate of 30
kHz, which is considered as one of the highest resolution frequencies employed in existing
datasets oénergyconsumptionin buildings. Pecan Street Inc. introduced the Dataport dataset
[230]. It is the largest collection of disaggregated consumer energy data in the Wuoeld
dataset includes electricity data from 722 households across the United States, iB&8Lamg
Texas, 42 in California and 49 in Colorado. There are 501 siagidy residences, 183
apartments, 35 townhouses and 3 mobile homes among the houses olisenegst.houses,
both mainsé circuits and s paltdacdits averabepowec e cCci r
demand was monitored at erenute intervals. The REFIT dataset was presented within the
framework of the UK REFIT proje¢231]. Data wergyatheed from 20 households over a two

year period usingn 8 secondgampling rate, providinglectricity, gas, and heating data that

can be viewed over multiple seasons[1R0], the Dutch Residential Energy Dataset (DRED)
collectsoccupancy patterngnergy,and environmental data from a pilot hooglkl in the
Netherlands. Sensors were deployedtrack overall energy consumption as well as the
electrical consumption of specific devices. Actually, 12 distinct housetyodiarces are
recordedat oneminute samplingperiods with sampling rates of 1 Hz used for aggregated data
collection. The autors of[232] presented the United KingdeBPomestic Appliance Level
(UK-DALE) dataset. Theoltage ancturrent characteristics of three holbskels are collected

at 16 kHz samplingeriodsand two other houselds at 1 Hz sampling rates. In addition,
specifc device patterns from five different hogs&re recordedat asamplinginterval of 6
second®ver periods ranging from 39 to 655 days. The Rainforest Automation Energy (RAE)
dataset was presented[#83]. It contains aggregatind submeasured data from two houses,
which were taken at a sampling rate of 1 Hz over a period of 72 days fohbtulisend 59

days for hous®old 2. Environmental and home thermostat sensor data are included in addition
to the energy consumption data.[234], the Dataset onnformation Strategies forEnergy
Conservation (DISEC) was presented. It is a project that collects data from 19 apartments in an
Indian college housing complex over a period of 284 days. Various characteristics such as
energy andveather are sampled every 30 seconds and aggregated into intervals of 15, 30 and
60 minutes. Weather changes are also updated using atmospheric conditions derived from
nearby station data. The authors[@85] presented the buildinigvel office environmet

dataset (BLOND). It is intended to provide voltage and current readings at the aggregate and
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appliarce levels. 53 appliances representing 16 device groups are monitored. It consists of two
main data stores: BLONB0and BLOND250. The formeincludes 28 days oknergy usage
readings collectedt 50kSps (aggregataedatg and 6.4kSpsspecificdevicesdatg while the

latter includes usage patterns ovéwa monthsperiod, collected atesolutionintervak of 250

kSps at the aggregate level and 50 kSphetevice level. 11236], an hourly usage energy
(HUE) dataset is presented. It collects laagn energy consumption patterns from five houses
using a hourly resolutionMoreover, the data from hous#d 2 are collected for a period of

one year using sampling rate of 1 Hz while the appliafeeel usage data from houssd 1

are gathered fortavo-yearperiodwith a sampling intervabf one minute. The authors [@17]
presented the Qatar university dataset (QUD). It is gathered using a system that includes sub
metering modules recording the footprint of power usage in terms of energy consumption and
other climate variable®ata were collected using a sampling intemaalging from 3 s to 30

min over a ong/ear period.

Table 1 provides a summary of the different data sets available in the liteTdte@nalysis
is based on variougatures gatheredrom each datasesuch assoltage(V), current(l), real
power (P), reactive powefQ), apparent powefS), Temperatur€l), FrequencyF), Energy
(E), Power Facto(PP), phase angl¢U), Weather (WT), occupancyO), humidity (H), light
level (L), the collection period and region, the number of monitors per housatiming rate,

and the number of monitoring houses.

Table 1. Overview of the different datasets available in the literature and their

characteristics.

Acronym | Releasel Country | Features | #Houses| #Sub- Sampling | Duration
meters | rate
REDD 2011 USA P,V 6 24 1/3Hz, 2-4
[209] 15kHz weeks
HES[237] | 2011 | UK P,I,V, T |26/251 |23 10 min 1 year
IHEPCDS | 2012 France |P,1,V,Q|1 3 1 min 47
[238] months
SMART* | 2012 USA P,S 8 25 1Hz 34
[219] months
MEULPv | 2012 Canada | P 11 8 1 min 1 year
1[221]
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BLUED 2012 USA P, Q,l, 1 30 12 kHz, 1 week
[127] , 60Hz, 1Hz
TRACEB | 2012 Germany | P - 43 1-8s 1883
ASE[218] days
PSD[239] | 2012 USA 10 - 1 min 1 week
DATAPO | 2013 USA 1400+ |70 1 min 4 years
RT [230]
IAWE 2013 India P, 1V, 1 33 1Hz 73 days
[225] QFS,

E,U
ACSF1 2013 Switzerla | P, I, V, - 100 10s 1 hour
[226] nd Q,F.U
AMPdsl1l | 2013 Canada |P,I,V,F |1 21 1 min 1 year
[224] Q,S,PF
BERDS 2013 USA P,Q,S |- 4 20s 1 year
[240]
ECO 2014 Switzerla | P, 1, V,U | 6 - 1Hz 8 months
[228] nd
PLAID 2014 USA I, V 11 60 30 kHz 3 months
[229]
SUSTDA | 2014 Portugal | I,V,P, Q] - 17 12.8kHz, | 10 days
TA [222] 0.5Hz
AMPds2 | 2014 Canada |P,S|I,F, |1 21 1 min 730 days
[241] V, PF
UKDALE | 2015 UK P, IV, 5 5-53 6 s, 6kHz | 655 days
[232] QS (Agg),

1Hz (Agg)

DRED 2015 Netherlan| P, T, H, |1 13 1 min,1 | 6 months
[120] d WT Hz (AgQ)
GREEND | 2015 Italy & P 8 9 1Hz 6 months
[227] Austria
REFIT 2015 UK P, T,0, |20 9 8s 213 days
[231] L, PF
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HFED 2015 India EMI - 15 5MHz -
[242]
COOLL 2016 France I, V 1 46 100 kHz | 2 hours
[243]
WHITED | 2016 Germany | I, V - 110 44.1kHz | -
[244]
MEULPv | 2017 Canada | P 23 5 1 min 1 year
2[220]
RAE 2018 Canada |P,V,Q, |1 24 1Hz 72 days
[233] S,F,E
LILAC 2018 Germany | |, V - 15 50kHz -
[245]
BLOND 2018 Germany| I, V, P 1 53 6.4 kSps, | 213 days
[235] 54 kSps
(Agg)

HUE 2019 Canada | P 5 - 1h,1min | 3 years
[236]
ENERTA | 2019 South P 22 7 1Hz, 15 | 122 days
LK [246] Korea Hz
QuUD 2019 Qatar P,HT, |3 4 3530 1 year
[217] O min
CREAM | 2020 Germany | |, V - 2 6.4kHz -
[247]
Dataset* | 2023 Portugal | P, 1,V, 1 - 1Hz 1 3 years
[43] Q, S, PF, min

F, T, H,

WT, U O

As can beseenin Table 1, the number of publicly available dataset$it@mature has

significantly increased in recent years. However, only certain datasets contain both aggregate

and individual device/circuit consumptioANIPds, REDD, DATAPORT, IAWE, SMART*,
ECO,UK-DALE, IHEPCDS, DRED REFIT). and therefore, can be used for evestidi_ M

approaches. As such, these datasets can be utilized for both training and validation data whereas
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datasets such as HES, TRACEBASE, GREEND, AZQSonly contain devicéevel energy
consumption and are therefore not suitable for testing NILM apprag®hegechnique to use

these datasets for NILM algorithms is to aggregate them by summing up each device's power
consumption210]. Nevertheless, this method has several drawbacks that will undoubtedly
affect the final result. In fact, the summation of thié specific device consumptions will
completely ignore the effects of the rembometered devices, resulting in an oversimplified

and unrealistic dataset that will not reflect the intricacies of the residential electrical system.
Furthermore, datasets duas PLAID, WHITED, LILAC, CREAM, HFED, COOLL only
contain the signatures of startup transients and spectral traces of several individual devices and
thusmay only be uilized to extractcharacteristicsdesign edge detectorsy, create transient
models.PLAID and WHITED datasets might be used to categorize power events, but OFF
transitions cannot be classified since the datasets only contain startup transients. CREAM
dataset allows for the extraction of internal operating states, which might be ugsefuiaring

complex appliance modeling.

In fact, there are a number of limitations regarding the data collection that make
performance evaluation difficult. These limitations incllidgted labeling,missing data, and
significant gaps in the available datts Indeed, missing data not only encompasses the gaps
that are very common in many data sets, but also loads for which there ismetsuing data
[210]. This is due to a variety of factors, including the difficulty installing od#eel meters
in every load due to the lack of a fixed outlet, as well as the fact that some loads cannot be
tracked via outletsTo tackle some of these challengeslagaset* has been collected during
almost 3 years in gesidentiahouséoldin Algarve Portugal. The housacludesa multitude

of household deees. The data acquisition system will be detailed in the following sections.

Although one of the primary challenges tise complexity of developing hardware
configurations to gather data for fully labeledergy disaggregatiodatasets, th@rimary
challenge remains in the actual labeling step, which still depends largely on the manual
inspection of the dataset, whichasror proneandtime consuming. Indeed, the process of
labeling sensor data is a crasgting concern in many areas of machine learning since it is

difficult to rely on completely automated labeling processes to ensure flawless labels.

Moreover, the largdifferences in available datasets could be another barrier that limits fair
comparisons between NILM datasets. These differences result from several key factors,

including the granularity and type of measures available, as well as the different formats in
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which the data are provided to the NILM community (e.g., CSV, plain text, MAT, etc.).
Meanwhile, relatively littleinvestigation has been undertakendate to examine the actual
impacts of these differences. For instance, it is difficult to quickly cheter which
methodologies can be evaluated in a given dataskeanetrics that may mmputed from a

given datasdR10]. Therefore, finding a scalable and easily comprehensible approach to define
the relationship between the algorithm, the metrics,thadiataset will be crucial for NILM
research. The standardization of dataset descriptions and the design of a uniform metadata
schema have recently been the subject of res¢&t¢h248]. The primary motivation behind

this is to have a common manner infporting various datasets with widely diverse file
structures. The authors [#49] suggested the NILMTK, which may be used to quickly assess
NILM algorithms across a variety of datasets. It is an egmence toolkit developed specially

to facilitate thebenchmarkingof NILM techniquesin a reproducible fashion. The toolkit
consists of malyzers for a set of existing datasets, a set of statistics to define the datasets, a set
of preprocessing algorithms, a couple of benchmarks NILM algorithms, and a set of evaluation

metrics.

From a geographicaperspective the datasets are in most casmslected from the
developed countrie@JSA, UK, Canada, Germany and so on). Since the measurement from
different countries may result in a mismatch of electricity consumption (for instance, the RMS
voltage value is 110V in the USA and 220V in Europeje cghould be taken when using
multiple data sets in the same system def2§0]. It's worth notingthat the compilation of
consumption data for many contributions takes several days or months. Nonetheless, numerous
datasets contain ongar or more, allomg researchers to analyze human behavior across time,

including the impact of seasonal fluctuations on consump2isai.

2.11. Summary

In this chapter a comprehensive and detailed overview of the current state of the art of energy
disaggregation was present&ttst, a brief introduction of the concept of load monitoring and

an overview of energy disaggregation are presented. The problem of energy disaggregation was
then duly stated, followed by a review of the original NILM framework. Next, the main
componentf a NILM system, including data collection, feature extraction and electrical
signatures of devices, pattern learning, and lokdsification were discussed. The data
collection process, including low frequency data collection and high frequencyotietdicn

were introduced while highlighting the relationship between sampling frequency and device
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signatures. Following that, the background and research on the eldetriinatf the devices,
particularly steadystate, transient, and ndraditionalsignatures, were reviewed. Although the
majority of the study focused on exploring device signatures, there is still a need to create a
comprehensive set aharacteristicshat may accurately describe all forms of signals. One
alternative is the usage vdbn-power features which might be mixed with the power features to
enable a more accurate detection. Regarding the pattern learning model and the load
classification process, both evdrdsed and neaventbased approaches foenergy
disaggregationveresurveyed. The former relates signal state changes to device state changes,
while the latter aims at estimating the global state of the system using statistical and machine

learning approaches.

Finally, a discussioabout thegrimary evaluation metriaypically usedand a study of the
different public data sets available in the literatuezepresented. With respect to performance
metrics, there is no consensus on the most suitable performance metric to use ina@kgsto
the success of a NILMchmique Therefae, the selection of the most suitable evaluatmatric
seemdo dependn themethod proposd. Regarding the publicly available datasets, although
several datasets have beeasened in the literature, sondisadvantagebmit their practcal
use, includindimited labeling datamissingdata, gapsdifferent data formatsand coveing
only some developed countries. Studies towards the standardization of public NILM datasets
would be of paramount importance for NILM research.
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Chapter 3 Theoretical background

3.1. Introduction

Theobjectiveof this chapter is tintroducethe basic concepts of the soft computmethod
used to develop the presented approaches for energy disaggregpéoifically, Section 3.2
introducesthe basic concepts of machine learnieghniques Then, the methods used,
includingCNN, LSTM, SVM, KNN, andDT are briefly described in Sections 8% .Section

3.8 introduces radial basis function neural networks (RBFNNSs) and their typical trairdng an
structure selection procedures. Sectdhdiscusses muknbjective optimization approaches
with a focus on evolutionary algorithms and in particular the basic concept of genetic
algorithms. Since the multibjective genetic algorithm smployed as dramework to define

the parameters and input features of radial basis function neural networks (RBREINS),
relevant parameters and input characterisgosen the specified objectives, are discussed in
Section3.10 Finally, an overview of the data seteon approach used is exposed in section
3.11.

3.2. Basic concepts

In recent yearsnachinelearning has yielded impressive resuttsnany domains, such as the
classification of imageghe recognition of speechnd so orj161], [251] Deep architecture
demonstrates a great ability to extract Higvel features from data with complex structure by
mimicking the structure of the human brfs8]. The key concepts were based on newly gained
knowledge about the biological functioning @umonal connections, biological neuron models

and their related experimerigs2]. Since our entire brain is not active at any given time, the
hypothesis concentrated mostly on the significance of neural activity, with neurons having to
exhibit a "all or mthing" signal pattern. This means that a neuron must be excited above a
certain voltage threshold to be activated; for example, the sum of input connections must
translate into a signal at the output, thus establishing a-eaakffect principle. A biobgical

neural network is a large set of interconnected specialized cells (neurons) that process and store
information, thus handling the body processes to which they belong. The biological neuron
model consists of, among others, dendrites considered @tscimpnection to a nucleus, a cell

body (nucleus) that processes the input signals, an axon that transmit the output signal to other
connected neurons and synapses considered as output terminal (with wW2it)
Fundamentally, a neuron responds to inf@ither inhibitory or excitatory) from its dendrites

by generating an impulse along its axon, which is proportional to the combined influence of the
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input signals, weighted by specific factofhe biological neural networks can handle very
complex tasksn a very briefperiod(such as identification, memorization, recognition, etc.).
Figure 31 depicts the structure of a biological neuron.

Cell body

//
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" Axon hillock | Synaptic terminals
\ : /,_ ‘\,‘\

3 / \ Golgi apparatus
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Endoplasmic
reticulum
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\
/
/ \\g Dendritic branches

Figure 3-1. Biological neuron[253]

In fact, the brain is made up of many microscopic processing components known as neurons
that work in tandem. These neurons are tightly coupled, with each neuron receiving information
from a number of other neurons and delivering its results to a numbénesfneurons. The
brain has the ability to learn, which is supposed to be accomplished by changing the strength
of existing connections. However, a comprehensive description of the structure and processes
of the human brain is not actually known. Thisulés in a plethora of proposals for the model
of the neuron, the pattern of interconnection, and most importantly, for the mechanisms of
learning. The ANNs are considered as distributed parallel processors consisbagiof
processing units that have a propensity to naturally store and make accessible experimental
knowledge[250], [254] The ANNs acquire their knowledge by recognizing relationships and
patterns in data and learn (or are trained) via experienc&NM is made up of nhumerous
single units, processing elements or artificial neurons, that are linked by coefficients (weights)
and structured in layers to form the neural structure. In principle, ANNs doecessarily

model the intricacies of biological nemsy but can be perceived as units that take in signals
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from other units, and sends out a signal to other units rexeceeds a certain threshold.
Meanwhile, most of the key characteristicA\dfN schemes were inspired by biological neural
networks. Theseharacteristics include learning process based on the network's knowledge
gained from its environment, distributed memory, local information processing, synaptic
weight adjustment by experience, use of synaptic weights for the storage of information
acqured and so orA neuron is a fundamental unit of data processing that plays a vital role in
the operation of a NNIts computational power is derived from the neural connection in a

network. Thestructureof a neuron consists 8fbasic componen{250]:

A A collection of synapses, each with an associated weight, that act as connecting links
A An adder that sums the input signals and weights them according to the synaptic strength
of the neurons.
A An activation function ugkto regulate the amplitude of theuron's output. Commonly,
the activation function is represented by a closed interval df][0r [-1, 1], which
normalizes the output range of the neuron.
Given an artificial neuron (Figured), each input is represented dyand each connection by

0

:l: Output

Activation
function

Input <

Figure3-2. Artificial neuron.
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The mathematical formulation tieactivity of a neurorns as follows:
0 0 W (18)

W * 0 O (19)
Whereo denote the biasd is the linear combiner output,(.) representghe activation

function andw is theneuron output signal

The activation function 7 can assume different shapes. @aéhe threshold function,

usually calledhe Heaviside function, arakfinedasfollows:

° T PQNQ m (20)

T mTQIQ< 0 (22)

3.3. Convolutional Neural Network (CNN)

The natural process of visual pergeptin living organisms inspirethe design of CNNThe
authors of [258] reported in 1959 that cells in the visual cortex of animals are responsible for
sensing light in receptive fields. Motivated by this finding, the authors of [259] suggested the
fineocognitrol in 1980, which might be considered as pinedecessor of the CNM 1990,

LeCun et al[260] introduced the foundational concept of CNN in their seminal paper, which
was later improved upon in the study reportef2il]. Recently CNNshave been successful

in achieving high accuracy ilargescale image classification tasi@0]. The CNNbased
approaches' performantas constantly improved with substantial margmshe ImageNet
challenge (ILSVRC) from 2012 to 2015 [262]. Thearformancdies in their ability to emulate

nonlinear dgendencies in a localized manner

The use of CNN models for NILM was motivated by the similarity of NILM challenges to
image recognition tasks [60]. In NILM, the effective detection of subtle local characteristics of
target devices during their operatiomhich include the energy consumption level and the
switchbetween differenpowerlevels, is the basis for successful recognition and estimation of
target device activations and consumptions. These subtle patterns, such as a persistent tiny
variationfollowed by a huge step shift aftebeaef time interval demonstrate substantial local
dependency. For instance, in the consumption profiles of many-stati devices, these
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characteristics and dependencies are particularly rich and robust. Howeétan, mixed

profiles of simultaneous energy use with other household devices, these subtle characteristics
of the target devices are readily overwhelmed. It has been shown that the CNN is able to
distinguish classes of images even wh#ferent and noispackgrounds [262] overwhelm the

main featuresHence, CNN could be a viable solutiorihie taslof disaggregating device loads.

In the literature, there are several different CNN architectures [263]. Typically, the
architecture of £NN consistsof 3 laye's: the convolutional layer, the pooling layer, and the
fully connected layeiThe convolutional layer is used to learn the input feature representations.
It consists of mangonvolution kernelghat areemployed to generate variowharacteristic
maps. Basically, each feature map neuron in the previous layers is linked to an area of
surrounding neuron3.he new feature map may be genedaby first seeding the input with a
learned kernel, and subsequently applying a nonlinear feature activaticiofuto each
element of the convolved outputss worth noting that the kernel is utilized by all spatial
locations of the input in order to build each feature map. Numerous different kernels are used
to obtain the full feature mapshe following eqution can be used to define the feature value
at point (i,j) in the kth ature map of the Ith lay§263]:

Qpp =0 QfF © (22)
Whereo; represents the inpuis, andc denote theveightvector and bias termespectively

Since the kernab that yields the feature mapdistributedthe weighisharing approach has
variousbenefits including reduced model complexity and ease of learning the network [263].
The activation function, which is essential foulti-layer networks introduces ndimearities

to the CNN in order to detect ndinear features. The nonlinear activation function is defined

by:

. g (23

5¢
5¢
1

A suitable activation functiosonsiderablyincreases the efficiency @NN for a certain
operation. Examples of commonly used activation functions #&ah sigmoid, and
RelLU [264]. ReLU is one of the most widely used activation functionslM. It's defined as

follows:
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RE 6 6 Gy T (29
whereq ;; represents the input to the activation function. ReLU is a piecewise linear function
that keeps the positive part while pruning the negative part to zero. ReLU's simple max ()
operation enables it weterminesignificartly faster than tanh aigmoid activation functions,

and it also generates sparsity in the hidden units, making it easier for the netgetrgparse
mappings [265]. Despite the fact that the discontinuity of ReLU at O may degrade

backpropagation efficiency, many studies haveaestrated that ReLi$ more effective than

tanh andsigmoidactivation functiongrom an empirical standpoif266], [267].

The pooling layer seeks &mhieve translaticinvarianceby lowering thedimensionalityof
the feature maps. It allows filter and select the features extracted by the convolutional layer. It
is frequentlypositionedobetween two convolutional layefBhe poolingayer's feature maps are
linked to their corresponding feature maps in the ptsvamnvolutional layeFor each feature

mape g , the pooling function igivenas follows:

Wi =N € €Ak H T H ~Y (29
where'Y refers to the neighborhood in the area (iMax pooling and average pooling are
examples of common pooling operatid@63]. In this work, max pooling is employed for the
pooling operation. Basically, a mgpooling layer is #dop-down resamplingrocedure that aims
to downsizethe length of the input sequendieenhances theffectiveness of the training and
lowers the overall number of trainable parameters for the entire. G¥slume xN g

represents the input of the max pooling with stride n and size m. Suppose x [i : j] represents the

slice of sequence x between the ith #reljth element and'y s the output. The max

pooling layer's element is computed by:

y(i) = max x[ixn : ixn+m-1] (26)

Higherlevel feature representations could be progressively extracted by layering multiple
convolutional and pooling layer§hen in order to conduct higlevel reasoningthe multiple
convolution and pooling layers may be followed by one or more fully connected lagers.
establish global semantic informatiometfully connected layer relatedl neurons of the
precedinglayer to each neuron of the current layer. The result is generptedrdinearly

merging the extrded features with the fully connected layershibuld benoting that a fully

62



connected layer is not necessarily required; a convolution layer 1x1 cesedénstead [263].

The last CNN layers an output layer. The SoftMax functismemployedfor classification

tasks [265].The optimal parameters for trainifge CNN may be found by minimizing a

suitable loss functionorresponding tthetask.Considet hat d st ands for all
the CNN Considering a set of K desired inputtput relationd(® ho ), k = [1, E )

wherew represert the kth input datay is the matching target label, agd is the CNN

output. Theformula for determining the CNN loss function is as follows

~

=B J/bdn F 27

CNN training is a global optimization problem [263he process of finding theptimal

set of parameters for tl&NN involves minimizing auitableloss function.

3.4. Long Short-Term Memory (LSTM)

LSTM was pioneered by the authors[268] to tackle longterm dependency problems. It's a
deepNN that handlesequential data angses a feeforward variation tcaddresses vanishing
gradient issuesThe LSTM design uses combined memory cells to replace the hidden layer of
typical NN units. The LSTM architecture consists of a memory cell and three gates: the forget
gate, input gate, and output galde operation of adding or removing informationnfr¢he

state of the memory cell is performed by the LSTM network using the input gate, forget gate
and output gatelThe specific function of each gate is determined by both the current external
input and the output from the preceding c€Hle input gate adrols the input range of the new
value to the LSTM, which is then transferred to the memory cell. The forget diatesdehich

data from the previous state of the cell should be discarded and which should be saved. It allows
the cell to store or forgets previous state depending on the situafldre output gate controls

the cell state that shitlbe forwareéd to the outputThe output of the LSTM block is
determined by taking the elemenise product of the current state of the filtered cell and the
output gate. It can activate or inhibit the involvement of additional neurons in the cellTsiate.

structure of the LSTM cell ipresentedn Figure 33.
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Figure 3-3. LSTM cell architecture [268].

The forget gate outpif2can be computed by considering tias andveight values of the

input sample x(t), and tHeedbackrom the prior time stef

Q= b3 M  ®) (28)

wh e r denots the sigmoid functionc and @ representthe biasand weight values
respectivelyThe forget layer's output can be either 0 or 1. A value of zero (0) indicates that the
information is completely discarded, whereas a value of 1 indicates that the information is
completely stored. The fget state is assigned a value between 0 and 1 when these values are
exposed to sigmoid activation function. Following the discarding of some data from the input
sequence, it is decided whimew information should be sa at thepresent time step. This
stageis performed in twoteps via the input gate and the Tanh gate (Tanh layer). The input
gate is similar to the forget gate as it uses the following relationship to determine which values

should be updated:
N A 080 w @ (29

Where® andc denoterespectivelythe biasandweightvaluesin the input gate

The Tanh gate generatesetof new candidate values that can be used to update the state.

Instead of the sigmoid function, the Tanh function is employed in this stage.

~

® 0MR®8N M (30)
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Where® , & , & represent respectivellge outputthe weighiandthe bias valugfor the Tanh

gate.

In the next step, the memory cell is updated ftom to &. The following formula is used
to determine the new state of the cellising the data from the input g&Eeforget gatéQ) and

the prior state of the cafb

~

O 05 O +3B w (31)
Finally, the output gaté andthe current cell stat@ are multiplied to ugate the activation

function.

¢ L w80 M (32)
Q OAIlwE (33
N €50 (34)

The LSTM's cell state is updated in a single hidden unit using equa2@n® ((34). The
LSTM deep architecture is obtained by stacking multiple hidden LSTM layers sequentially.
The use of bidirectional layers is one of teehniqus for improving the deep recurreliN
models [51]. In fact, one recurreNiN processethe input sequermcforward, whereas another
processes backward.The output from the forward and backward halves of the network are
combined using an elememtise sum Since the energy consumption diagngstudied by the
energy disaggregatigorocess involves signalsiti diverse patternthroughout different time
intervak, it is essential to angte the data over the long tef@69]. The bidirectional LSTM
network enables testimatethe actual value based omiqr and future information, which
makes it a suitable model for thBLM task [198]. It is composed Gflayers: the input layer,
the hidden layer, and the output layer. The hidden layer is compbisealidentically designed
LSTM layersthat propagatetheinformation in the oppositeense but use the same infute
vector formulas describing the forward LSTM layer for the propagation process are as follows
[268]:

V= ©8Q M ©) (35)
N A 08Q M o (36)
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® 0MR®8N M (37)

O Qs 0 +B O (39)
¢ L w80 M (39)
Q OAIGE (40)

N £5 0 (41)

Where$ represents elemebiy-element multiplication, &, ®, @ and® , @, ® ,®
denoterespectively théias vectorandthe weight matricefor different gatesn the forward
LSTM layer.

In the backward LSTM layer, the information propagation process is as follows:

Q= ®8Q h ) (42)
QN A 08Q h (43
du OATREBQ hd & (49
O Qs @ +G du (45)

¢ A ®8Q b o (46)
Q OATWE (47)

N €50 (48)

Wherew , o , o v ando, ®f, & representespectivelythe weight matrices and bias
vectors for thalifferent gatesn the backward LSTM layer.
The bidirectional LSTM output vector is given by:

® W8NS N +w (49

wherec represent the weight matris denotes théias vectomnd$ is the vector splicing.

The loss functiommployedis given as follows:

66



B “Y'OUB & 6 (50)

3.5. Support Vector Machines (SVM)

SVMs are a class of efficient and powerful supervised learning algorgnmoyedto tackle
regression andlassificationtaskswhere the data are ndimearly separable with regard to the
targetcharacteristicsThey stenfrom the ideas and theories of Vladimir Vapnik regarding the
advancement of statistical learning in th890s[285]. Assuminga problem oftwo-class
classificationthe basic principle of SVMs is to convert the initial feature space into a higher
dimensional space where the data may be linearly separated, and thek theséest
hyperplane that separatdge two classes the new spaceActually, the goal is to find the
hyperplane that maximizes the distance between the closest data points of each class known as
support vectorand he distance the maximum margiRigure 3-4 illustrates an optimal
hyperplane and theorrespondingupport vectorsThe widest gap between the two classes,
known as the margin of separation, is indicated by the support vectors, which are represented

by red circles.

\

Figure 3-4. lllustration of hyperplane separation by SVM[285].

SVMs use a constrained quadratic optimizapooblem to address the large margin hyper
plane determinatiof285]. In fact, he Lagrangian given in equati¢®l) must be maximized

with respect t¢ under the conditions shown in equatié®)(using KuhaTucker theory

67



) (51)
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(52)
| O TOER | o}
whereU and| stand for thedata pointsn the training set and theorrespondind.agrange
multiplier associated with th€h point w andw N {-1, +1} denote thé&lh inputfeatureand
theassociatetarget class, respectivel@commonly referred to as the regulatina parameter
is a usedefined penalty parameteand0 @hw are the inner product kernels given by the
following equation:
. (53
0 who B ok w
wherem representshe dimensionalityof the featurespace that allows for linear separation of
the transformed samplesxd3 @ corresponds to théth dimension of the transformed

samplew. There are many weknown kernel functions, such:as

. . . s —& A (59
1 Gaussian radial basis functionwhw  Q
1 Homogeneous polynomial & oo (59
1 Inhomogeneous polynomial ¢ & P (56)

The decision function can be described as follows
Vo 0§ Q0E @ T de — (57

Where| ‘i represent the solions of the constrained optingition problem;Ys denote the

indices of the support vector ards a useidefined threshold.

3.6. K Nearest Neighbors (KNN)

The KNN technique is a simple but effective nparametricmethod used insupervised
classificationand regressiotasks[286]. The technique consists itentifying the k number of
training samples that are closest to the new input data in terms of Euclidean distance. The output
for the new input is then determined by the majority vote of the k nearest training sarmples
selecton of an appropriate value for k is a challenging task, since the usage of a large value of
k may decrease the precision of the algorithm, whereas the usage of a small value of k may

make the results more sensitive to nogeecifically, the kNN techniaie is used to measure
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the distance between a new input and the existing data points in the dataset, in order to
determine the output for the new inp@ny new query situation is subjected to a distance
comparison of its features with all prior observetiagions in the training datasefhe
classification process involves assigning the new query to the class that is most commonly
represented among itsrikearest neighbors in the dataf2®7]. The distance used for this
purpose is given bthe following eqiation £9) for any inputw:
Qo | ERoh R o MR o (59

The Euclidean distance is employed in this wdtkis computed using the following

equation:

. § (60)
Q whohE h Noh g 0w W

where Ndenoteghe total number of dimensions.

3.7. Decision Trees (DT)

DT is an algorithm for developing a knowledgased system through inductive inference of
case historiesThe structure of ®T maybe regarded as a tréike illustration of the decision
making procesg$288]. It organizes data according to tree characteristics, with leaf nodes
representing a set of records subject to constrdihtsprocess of constructing the decision tree
involves developing a branch of the tree basedistimctrecord field values. In fact, a decision

tree is created by repeatedly including additional branches and sub nodes to each subset of
branches. The selection of different record field values is one of the critical steps in creating
the decision tree. Theracture and rate of development of the decision tree are influenced by
the quality of the selection process. Th€'s classification performance is also affected. The
growth rate of the decision tree is slowed down by an unsatisfactory branch valuealstich
results in a branch that is too thin and can lead to the discarding of some relevant information
rules[288].

The ID3 DT classification algorithm was first presented by Quilan in 12@8®]. The
inability of the ID3 algorithm to handle discrete features and its propensity for overfitting led
to the subsequent development of the Gidorithm It consists in automatically selecting
discriminating factors from unstructured and possibly vargd data. Thus, logical concepts
of cause and effect that were not obvious in the raw data may be deduced through decision

trees. The different potential decisions are made at the ends of the branches and closely follow

69



the decisions made at each levéhe following is a definition of the C4.5 algorithm
Considering a training set consisting of A data points in the {drw , E , @, C), wherew
denotes the sample attribute value &hitis category. Assuming that the discrete attribute A
has k different values, the sample Bés split into subset8Y, Y, E Y. The information gain
rate is then giveasratio (A, T)resulting from the division of the sample 3dty the discrete
atribute A.

ey "0 "QER'Y (62)
I O &Y m
TheGain (A, T)and thespilt (A, T)can bedefinedas
Gain (A, T) =inf (T)-B %éx inf ("Y) (62
spilt (A, T)=-B & g¢ & (63)
S S

whereinf(T) denotes the information entropy Bf

3.8. Radial basis function neural network (RBFNN)

TheRBFNN s a highdimensional interpolation technique introduced20]. It can be used

to tackle avide rangeof applicationsincludingtime series problems, classification, prediction,

interpolation, and many other applications. It has many benefits, including high precision, fast

learning, and a significant potential for satfaptation. The RBFNN consist typically 8f

functionally different layers. The input layer consists merely of a set of sensory units made up

of input features. The first layer's features are mapped directly, without any weights, to all the

hidden layer's neurons. The second layer is a hidden lhysrdesigned tdhave a suitable

number of hidden units that perform nonlinear transformations on the input data, transforming

it into a new spacdzach neuron in the hidden layer implements a single radial basis function.
The final layer, which is the third layer, penfes a linear transformation from the hidden unit
space to the output spadeégure 3-5 illustrates the topology of RBFNN with one hidden
layer.
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Figure 3-5. Radial basis function neural network structure

The output of the model given as follows
A(X)=B w3 A 6& (64)
Wherew andb representhe weights and bias term,denoteshe number of neurons in the
hidden layer A3&representshe Euclidean norm and /) O £ are nonlinear radial basis
activation functions centered at poirits The most usednhonlinearactivation functionis a

Gaussian function defined as follows:

— & & (69

3 A0 0& Q
Where, represerts a spread parameter.
The training (offline) of an RBReuralnetwork consists ifinding the values ofthw, and
A to minimize @6) for a given number of neurons and a given set of irR9ts]:
A G o Bh &
C
where y represents the actual outpettor of the system given the input data X.

B 8h7 hehK

(66)

Since the outputs of the hidden layer are combined linearly to form the model output,
equation 66) maybeformulatedas follows:
ADG e« Oh oA (67)

B 8hr MK c

Determiningthe global optimal valueX/*) of the linear parameteid/ with regard to the
nonlinear parameters C apdasleast squares solution
W* =«  @Bh @O (68)
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where fA+0 r e pinversandireplacan®@pirs (€7 theotraining criterion to
comput¢ he nonlinear parameters C and @ i s:
AOG o GO, + @B, GO A (69)

C
Equation 69) is now independent of the linear parametéfsit is minimized using the

B GO

LevenbergMarquardt approacf292]. A clustering method known as the optinaalaptive k
means algorithm (OAKM|)293] is used tanitialize the hidden layer functiorente positions.
Equation(70) is appliedto ddine the initial spreads of the neuron activation functj@ed].
o (70)

whereQ represents the largest distance between the centers found by the OAKM algorithm.

The training procedure described so far for the estimation of parameters assumes that the
relevant inputs and the network topology (number of neurons) have been ddbimex\er, in
order todeterminghe parameter vector W, the number of hidden uthiesnumber of neurons
andthe range of input features must be specifiednerally, the set of d input features;,,
must be chosen from a larger set, F, whose dimensioften much larger than the maximum

dimensionQ intended for the input vector.

The problem can be specified as follows: sele€®@d€ dQ )Wput features from the set
F, an appropriate number of neurongn € ¢ )Qanddeterminethe parameter vector w,

so that the be®®BFNN mapping, given ing4), is obtained.

The problem of designing an ANN can be clearly separated into two distinct subproblems,
each highlighting certain design featuf285]:

1. ANN parametersrefer to the parameters of the netwdrkey are calculated using
a learning approach

2. ANN structure refers to the network topologlt.consists in particular in selecting
appropriate range afiputs and andequatenumber of neurons.

Severalpproachesdve been suggested to tackle these twepsablems, either jointly or
separately, some of them failing to exploit fully the existichniqes that areleemedmore
suitable[296]. The first is aproblem ofnonlinear optimizationof parametersfor which
nonlinear gradieAbased approaches have proven to be effective. The second one requires a

multi-objective optimization approach because it is a combinatorial optimization challenge.
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The problem decomposition reveals the existenapafity metricsfor each subproblem

and provides detaileguidanceon how to select thefi296]:

1. ANN parameters the training stage's effectiveness and the quality of the mapping
generated by the computed parameters should be reflectexlqonality metrics

2. ANN structure thequality metrics should indicate the suitability of the ANN structure

for the applicatiorat hand.

This decomposition in the nature of the quality metecsbles ugo define a twe

component quality vector as follows:

© "OwehE ho “ H (71)
‘ ‘“H BH h
: ‘“H BH h
¥ h 8 h

where' and‘ include the quality metrics u and v associated with each of the subproblems,
the superscripts p and s represent the quality metrics associated with the training giase of
ANN network and the suitability of the ANN network for the specific application, respectively
¥ refers to the index vector of the columns of F which defines the input featndes

consideration

Considering that the quality metrics'in@wre o are weltdefined quantities that specify
the objective functions that should be minimized to achieve the "best ANN for the application
at hand", the problem can now lermulated as follows: select d~ [Q , 'Q ] input
characteristis from F, nv [¢ , & ] neurons, andletermineW, such that "Owfeho  is
minimized.
THET "Oneht o hgiven: (F, y),dN [Q ,Q JandnN [¢ ¢ ] (72

Based on the definition 6f "Gwht oo | it is plausiblethat certain objective functions are
conflicting, for instancein* , there maye an objective of minimizing the complexity of the
ANN network, to express the objectivesenihancing performance while lowering the network
size. Since there is no singlsolution that minimizes all components ‘of Gnefe Fo
simultaneously, theroblemdescribed in {2) is therefore a combinatorial mutibjective

optimization problem. The set of Pareto points in the design spacgeteanineshe Pareto
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front in the objective space is the actual solution. This means that the ANN model designer

must choose a specific ANN by evaluating the tradeoffs in the Pareto front objectives.

The solution lies in performing an exhaustsearch on the sedrspace represesd by (F,
dy [Q ,Q],[€ ,€ ]), thus exploring the true Pareto front. However, this is generally not
feasible in a reasonable time due to the difficultpsfessg‘ "Owht o and the size of the
search spacdrial and erroproceduremay provide a strategy for conducting the search, but
since there are so many potential outcomes, it is possible to perform many tests without
discovering any suitable objective values for@wfef . Furthermore since thethe
connectiorbetween the search space and the objective space is unknown, the test results could

easily lead the designer astray to some undesirable local n2@éj

Although many approachewere suggested over the years to tackle muoltfjective
challengesit is only recently that the ability of evolutionary algorithms (EA) to approximate
the Pareto front has been realized, leading to the development of the research area now referred
to as multiobjective evolutionary optimization (MOEA]296]. Therefore, to tackle the
challengeof finding the structure of ANNd\Vulti-ObjectiveOptimizationAlgorithm are used,
since they have been shown to be reliable when dealing chigienge with multiple
conflicting objective§291], [297], [298]

3.9. Multi -Objective Optimization
In classical optimizatiotasks there is a single objective and a single ideal soljgea].
This can beformulatedas follows:
O [ ETQo &8y oh (73
Wherex denoteghe decision vectand XP s refers tothe parameter spackloreover, the

objective space is given by Y such that Fo XOP s

Multi-objective optimization (MOO) is commonly used to tackle problems with many
objectives. In such problems, the objectives are usually not well dedelath each other,
making it impossible to represent them as a single objective. Consequently, the ideal solution
is usually not a single point in space, but rather a set that characterizes the possible alternatives.
TheMOO problems can be expressedaws [300]:
00 | ETQoFE QG &y oh (74)
WhereF: X© ®P s involvesz objectives
The definitions of some relevargrms that will be used later are introduced beg00].
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1 Dominate solution: a solutionw dominates solutiom (w ), if and only if
Qo Qo forif pltFE A andm™@ pltfE i such thatQe Qo .

1 Non-dominated solution: a solution® and solutionw are nonrdominated with
regardsto each other if and only i "% pltfE hd such thatQo Qo and
wOv  pRtFE R such thatQe Qo . ie,® o and® & are not
satisfied.

91 Pareto-Front: it is aset of all possible nedominated solutions. Each ndieminated

solutionw is in the Paretdront ifw ¢ @suchthatw o).

The optimization of a design problem is a challenging task in the real world, as it involves
multiple objectives, many oivhich are often in conflict with each other. This implies that
enhaning one may harm the other. In this situation, there is a set eflamimated or Pareto
optimal solutions, and none of them is better than the others in terms of objdetjues3-6.
illustrates an example @in optimizatiorproblem with two objectives f1 and f2. Solution (1)
dominates solutions (4) aslution(2), solution (3) dominates solution (2), and solutions (1)

and(3) arenondominated with respect to each other.

fo O Non-dominanted solutions
4 @® Dominanted solutions
2
- O
=) 1
= O
l 35
0 — Tnirl(f]_) fl

Figure 3-6. Bi-objective minimization problem [299]: solution (1) dominates solution (4)
and solution (2), solution (3) dominates solution (2), and solution (1) and solution (3) are
non-dominated.

The multiobjective optimizer aims tenhancehe surface of the nelominated solutions

so that it is as close as possible to the origin.

3.9.1.Evolutionary algorithms (EA)
Comparing each solution to all other solutions is a simple and relatively slow apjpooach

finding the Pareto front sethis procedure has a complexity legeD (@ 0 ), with N denoting
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the number of solutions and Z the number of objectidesce to enhance the effectiveness of
the search for the most suitable solutidb&s have been introducd@96], [299] They exploit
the natural evolutioprinciple the survival of the fittesThese approaches generally employ a
population of randomly selectedlstions.Each random solution is referred to as an offspring,
and a set of these solutions are referred to as a geneEaitniteration consists of updating,
improving and performing several taskeluding crossovecombining solutions mutation
(adding new solutionsfitness assignmetomputingthe cost function for each solutipand

selection(selecting the beslution for the next iteration).

3.9.2.Genetic algorithms(GA)

GAs arepopularevolutionary algorithms whose objective isgietan appoximate solution to
an optimizatiorproblem wherthere is no exact method (or the solution is unknowajitlress

it in a reasonable tim&he GAwas proposé by John Holland et albased on the natural
process of evolution tdetermineanideal solution in a search spgd8@1]. It relies on two key
concepts{(i) Survival of the fittest or competitioand (ii) Inheritance of the child from the
parents' genetic heritag&€he GA initiates itsoperationby generating a certain number of
potental solutions, referred to as the initial populatibollowing this, the initial population is
expected to evolve over a certain number of generatitat potentiasolution,also referred

to as an individual is subsequerdlysessednd assigned a figss measure since the strategy is
to utilize the elites to generate the next generafidre replacement operators, mutation,
parental recombination, and mating selection are all used in the canonicah&£oncept of
evolution involves producinguccessive generations with the goal of generating individuals
with a relevant fitness level after a certain number of generaBynsatingthe elitists from
the initial population, a new generationdisvelopedo replace the previous population, with

the expectation that the new generation will be more suitable for the challenge.

The problem that the GA seeks to define is considered as a black box system with one output

parameter and many input parameters. Specifically, a representation referred to as a

chromosome encodes the input parameters that characterize a potential solution, while the

output parameter is typically the outcome of a function that illustrates the fitness of the potential

solution to the problem at hand@lhe input parameters are reged as genes, and a specific

combination of genes may generate a chromosome that is a potential solution to the problem

being tackled. The objective is to determine a combination of input parameter values that

generates a suitable value for the outputmpatar[302].

76



Once the genetic mappindthe solution range has been defined, the individuals of the first
generation are generated, usually randomly, thus integrating the entire searchA gatien
of the current population of each generation shoalkhbsen to raisthe following generation.
The primary objective is to enable the genes of the best individuals to be inherited by the next
generation. For this purpose, a fitness value is assigned to each individual thanks to a fitness

function.

3.9.2.1. Selection

To developa new generation, some of the individuals in the generated initial population should
be selected once each has been assigned a fitness Sakeral weHknown selection
techniques can be employed, such as rouleteel (also referkto as proportional fithess

selection), tournament selectj@ochastic universal sampling (SUS), and truncation selection.

1 Roulette wheel
In this approach, individuals are first sorted in ascending order according to their fithess scores.
Assume that the-th individual receives the fitness valli@ The second stage involves

computing the relevant normalized fitness value for each individual as follows:

o 79
B Q

0

wherel representhe number of individualslhe probability of choosing theth individual is
actually indicated by the normalized fitness valueln the third phase, a probability interval
is calculated for each individual with respect to the accumulated normalized fithess #icores.
is defired as follows:

(76)

ax 0 Oh 0 0
whered stands for the interval's lower bound for tkté individual. It should be noted that
is equal to zero for the first individu&h the fourth stage, the individual whose interval contains
the random numbéerchosen in the interval [0,1] is then chosen for matimgrder to create a
pool of potential parents for mating, this phase is performed multiple times. The individuals
with high fitness values have a greater chance of being chosen than the rest using this approach.
Moreover, they stand a good chance of being chosen more than once during the selection

process.
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1 Tournament selection
Using the tournament selectiapproachmultiple attempts are conducted to randomly select a
subset of size s from the current populatidvithin each tournament, the most deserving
individual is selected to be the parent who will raise the next generéliermost vulnerable
individuals are lessikely to be chosen if s is a large valua. contrast, when s = 1, the

tournament approach behaves like the random selection approach.

1 Stochastic Universal Sampling (SUS)
The SUStechnique is an extension of the roulette wheel approach that selectsvatuaid
using several evenly spaced points at a time instead of jusifTbasefore, more than one
individual is selected simultaneously from the SUS. The benefit of the SUS is that it gives
weaker individuals ataketo be chosen as wellhis approach ntigates the unfairness of the
roulette wheel approach, which largely overlooks the weaker individndlsee SUS approach,

a random variable r is first chosen from the range [0, k], where k is calculated as follows:
.. O
0 (77)

where F and |, respectively, represent the total fithess values and the number of individuals that

the technique isitendedto selectl pointers are produced as follows in the second phase:
neéQEoQih EM A n i MQpz7Q QEN po €O (78

Similar to the roulette wheel approach, the individual for which the interval conjaiss

chosen for mating for each pointgr

3.9.2.2. Crossover

Crossover is a type of genetic operator that combines génesasiayoal of crossover is to

mix the beneficial gene combinations of the two parents to generate a new individual that
benefits from both parents' gene sefhie parents' genes are combined to create new
chromosomes, which are then used to generate offspriffge crossover operator uses a
probability known as the crossover rate, which often requires a high probability value (for
example, 0.7). Many crossover techniques have been presented includpardajmaultipoint,

Cut and Splice and Uniform crossoverhsigjues.

1 Single-point crossover
In the singlepoint crossover approach, the two mating chromosomes, or the chosen parental
population, are cut at a randomly selected point called the crossover point or pivot point. To
generate two offspring chromosomesil@ren), the genetic material to the left (or right) of the
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point is exchanged between the two parent chromosomes at thi®euest of the genes after

the designated point are interchanged between the two parents, leading to the creation of two
offspring that have the same size as their parefigure 3-7 illustrates the singkpoint
crossover operator.

Parent chromosomes offspring
|

[
Crossover point

Figure 3-7. Singlepoint crossover operator.

1 Multipoint crossover
Multipoint crossover, unlikesingle-point crossover, works with multiple crossover points.
Therefore, the original parent chromosomes are more fragmented. The genetic information
between two selected pivot points that are to the right of an even (or odd) nhumber of crossover
points isswapped to generate two distinct children uiFe$-8 illustratesa two-point crossover

approach.

Parent chromosomes offspring

I

B

Figure 3-8. Two-point crossover operator.

Crossover point1  Crossover point 2

i Cut and Splice crossover
The Cut and Splice technique is comparable to the single point technique; however, each parent
has a distinct pivot point. The two parents swap each gene after each point, resulting in two
children of distinct lengths. Figu9 depics anexampleof the Cut and Splice technique.
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Parent chronimosomes offspring
. 1
Crossover point |
|

| .
Crossover point

Figure 3-9. Cut and Splice crossover.

1 Uniform crossover
In contrast to previous techniques, in the uniform technique the parents contribute to the
generation of the offspring at the gene level rather than at the segment level. Specifically, it is
decided for each gene whether it should be swapped with theponding gene of the other
parent or whether it should remain unchanged. In this technique, each gene is exchanged with
a fixed likelihood, often 0.5, so that each offspring inherits approximately 50% of the genes
from the first parent and 50% from the ged. Figure3-10illustrates an example of the uniform

crossovetechnique.

Parent chromosomes offspring

(I
oJolol1/101]011]000/11]1 /0] O gea @ o
11 11 11 11

Figure 3-10. Uniform crossover.

3.9.2.3. Mutation

A second genetic operation called mutation is applied to a generated offspringiioeadity
to the next generation. In this operation, one or more genes of the relevant chromosome are

mutated.The mutation rate has a much smaller range than the crossover rate. The typical
approach to mutation affects the value of a gene with a prdigadfili-, wherel represents the

length of the chromosome.

3.9.2.4. Replacement

It involves deciding which individuals from the current generation will pass to the riext af

the offspring have been gentd and evaluated. The most common method is to completely
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replace the current population with the new offspring. However, in some advanced techniques,
the parents of the current population are given the opportunity to compete with the offspring
and only a portion of the current populatimgratesto the next geeration.

3.9.2.5.  Termination criteria

Typical termination criteria for genetic algorithms are as follq@&3]: (i) the specified
maximum number of generations is attainég the maximum number of fithess function
evaluations is reachediii) the probabilityof obtaining relevant changes in the following

generations is extremely low.

To define the upper bound of the first two criteaa, appropriatenaximum search length
should be estimated, which requires some knowledge of the problem to be tabklédrd
method(iii) , on the other hand, does matcessitatany knowledge of thproblem It has two
variations: phenotypical and genotypical termination critéftze phenotypical termination
criterion evaluates the progress made oveptbgiousgenerations. The average fitness value
over the last n generations may be used to indmaigress The algorithm ends the average
exceeds a prspecifiedthresholdThe genotypial method ends thgenetic algorithmvhen the
present population reachascertain level of convergence withgardsto the population' s
chromosomesSpecifically, the criterioverifies whether a certain proportion of genes in the
population have convergetihedesigner of the genetic algorithm specifies the convergence of
agene to a certain valu®y establishing a threshold that must be readRedinstance, a gene
is considered to have converged to x if 90% of the chromosomes of a given gene have the same

valueasx. The program then stops when, for example, 80% of the genes have converged.

The operating praureof the Genetic algorithm is summarized in fig@r&1 flowchart.
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Gienerate imitial population

Mutatc population
Lvaluate individuals and assign
Recombine population fitness
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o Satisficd with performance or
Select individuals maximum generations reached ?

Yes

Fxtract best individuals
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Figure 3-11. Genetic algorithmflowchart.

3.9.3.Multi -Objective Genetic Algorithm (MOGA)

Genetic algorithms are weduited tools for dealing wit multi-objective optimization tasks

[304], [305] Within theMOGA, each individual in the population assessd in the space of
multiple objective rather than a single objective. Moreover, rather than generating a solution
that is superior to all others, a set of Pareto solutions is proposed at the ed©A cycle.
Indeed,A parallel searchs conducted in the space bounded by the objectives thanks to the
behavior of the populatiebhased genetic algorithm. The population of potential solutions to the
challenge is produced by the succession of generations. The challenge consists in assigning a
fitness value to express how well a solution has already optimizesp#og#iedobjectives

[306]. The simplesmethodis to use the weighted sum stratelgythis methodyveightis given

to each objective before the research process begins. The weilgutistihef relative importance

of the different objectives. This method has some disadvantages, such as the possibility of an
incorrect search due to inadequate weights. On the other hand, finding the right weights requires

many runs of the optimizer sindes only possible to establish the optimal weights after some
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search. Furthermore, small adjustments to the weights can result in large adjustments to the

objective values, and conversely.

An effective Paretdbased approach for rankimgassuggested ifi307]. In this approach,
the ranking is based on the number of individuals that dominate each indiviligaieans
that the number of other individuslthat dominate it determines then d i vi d uFod 0 s
instance, ifany other individual does ndominate amdividual, its rank will be 0. lftwo other
individuals dominate jtits rank will be 2, anthusif it is dominated by k individuals, its rank

will be k. The concept of Pareto ranking for tgoak ispresengédin figure 3-12.
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Figure 3-12. Pareto ranking [308]

It is common in most applications to establish multiple or varying priorities for the
objectives that the MOGA seeks to fulfill. If all the objectives have the same importanee, thos
who satisfy all of them will have corresponding ranks that are proportional to the number of
individuals who dominate them. Those who do not fulfill certdijectivesare penalized with
a higher rank A Paretebased ranking example for twgoals with the same priorities is

presenedin figure 3-13.
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Figure 3-13. Pareto-based ranking[307]: both objectives have the same priority and

Assuming that the priority of objective 2 is higher than the priority of objective 1,

individuals satisfying objective g2 are ranked according to their ability to optimize objective 1.

In contrast,

must fulfill the defined goals.

other individuals failing to satisfy objective g2 aregassi the worst rank,

regardless of themccuracyin optimizing objective 1Figure 314 presentan illustration of a

Paretebased ranking for two goals, witibjective2 being given a higher priority thabjective
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Figure 3-14. Pareto-based ranking[307]: objective 2 being given a higher priority than

objective land both objectives must satisfy thepecifiedgoals.
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Following the ranking of individuals, tiOGA attributes a fitness value to eantividual
according to itessociatedank.Then the individuals are arranged according to their rank, and
their fitness value is estimated based on a limeagxponential relationship frorine best
individual (i.e., rank=0}o the worstForindividuals with the same rank, a single fitness value
is canputed using an averaging approaie average value is assigned to individuals with the
same rank, tensureghe same likelihood of beinthoseras the next generation's parg3Q6]Ji
[308].

3.10. Radial Basis Function Neural Networks designed by Multi Objective
Genetic Algorithm (RBFNN-MOGA)

The configuration parametersand architecturepf the neural network (i.e., those to be
established from the data) are often identified in an iterative, ad hoc manner, with the focus on
parameter determination. Indeed, the number of possibilities for seleubitg] structurand

inputs is usually very higlurthermorethe design objectives may involve multiple conflicting
goals, making the problem of identifying the model a complex task that requiresbjetiiive

combinatorial optimizatiofi306].

To determine the best posklparameterandstructure of the RBNN, thisstudyexploits
the multiobjective NN model identificatiomapproach suggested [896]. The approach also
enables uso tackleconflicting objectives that occur at the same tiF@. example, the need to
diminish the complexity of the model and improve r&diability at the same time. Another
illustration would be the goal of having a model with a strong generalization capability while

maintaining an extremely low error in thaitring set.

The task of designing aNN based model may be separated into two-malblems, as
described in sectio®.8.

9 NN structure: It specifies the inputs of the network, the number of hidden layers and the
number of neurons in each layer.
1 NN parametersThey are usually defined by an appropriate learning process and depend

on the model that has been selected.

The MOGA framework is used to design tiRBFNN model. The approach combines a
genetic algorithm with a derivativeasedalgorithm.The final outcone of the design process

is a set of noldominated models that have been optimized with respect to multiple conflicting

85



objectives, which are known as Parefatimal solutions. These solutions are obtained after a
specified number of iterations set by tiser.The derivative algorithm estimates the parameters

of each individual model while the genetic algorithm searches the space of inputs and neurons.
Specifically, each potenti&lN topology is formulated as a chromosorfike first component

of the chromosome represents the number of neurons in the hidden layer, and the following
components represent the indices of a selected number of features from the preliminary feature
spaceFigure3-15illustrates the topology of thehromosome

Number of neurons
in hidden layer

\ \
[ \f |
e T
l J
|

Minimum number of feature indices that
can be in each chromosome

Maximum number of feature indices that can be in each chromosome

Figure 3-15. The topology of the chromosome

The parameters of each model are estimated using a modified version of the Levenberg
Marquardt (LM) approacH309]. It takes advantage of the linear/nonlinear separability
characteristic of thé&lN, which results in high accuracy and a fast convergence Thee.
nonlinear parameter€@nd,, ) initial values(see Ejuation (65) are either selected randomly,
or by using a clustering algorithiw is established by linear leassquares solution, and the
process is terminated using the early stopping method within a maximum number of iterations
[282].

AssumingD = (X, y) is a setnade upof 0 input-output pairs, which iglividedinto three
parts: the training sé , the test séD , and the validation s& . Assume that L is a set of
all possible inputharacteristis. The design parameters given to MOGA include the dataset,
the allowed range of hidden neurams ¢ FE[ ], and the input feature range Q[, Q ]
from L. Afterwards, MOGA develops a n@lominated set oRBFNN designs minimizing
[ H ], where* and‘ represent set of objectives with respect to the parameters p of the
RBFNN and its structure, respectivelfhe only objective in* is generally the model

complexity, which depends on the number of hidden newaodshe numbeanputfeatures.

‘ 0 (79
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Equation 80) formulates the complexity of the model (O()):
N P (80)
Where' representshe number ofieurons in the hidden layer ahd is the number of input

features.

The objectives of vary dependingon the specific problem being addressed. Different
problems may have different requirements and goals, leading to different objectives for the

optimization process.

3.10.1.0Objective of  in the classificationproblem
For classification taskshe objectives tbe minimized are mainly the false positives (FP) and
false negatives (FN) criteriblence theassociate@bjectives for aregivenas follows:

‘ "00 FOG ROO HOG (81
Where "O0 , 00 representhe false positives andd0 , O0 ] the false negatives for

training and testinget respectively.

3.10.2.0bjective of - in the estimation task
In the case of estimation tasks, the objectiv¢ ofelies onlowering the error between the
model aitputs and the target values. A nonlinear autoregressive configuration with eXogenous
inputs (NARX) is employed-ence the corresponding objectives for aregivenas follows:

: -0 h'O h O™ (82
Where- (O ) and- (O ) stand folRMSE of the modelvith respecto the training seO and
the testing séD .- ‘OR) "Orefers to the forecast error. It is calculated by summing the RMSEs

over the prediction horizorPH):

5 N (83
SO0 'Yi YOO oo

'0’0Of) "Ois an error matrix defined over the simulation set D, as described in Equ@#jon (

where D consists of a number of consecutive samples with regard to each time instant.

Cplp  Cplt E  CpDC (84)
o Cchp Cclt E C coC
RIS 8 8 E 8
P 0 CPb O0f 8 CHb 0'MC

Where( @i irepresentshe prediction error of the model observed at time i from D to step j over

the prediction horizon PH.
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3.11. Data selection approach

Artificial neural networks approaches are well known learning techniques for addressing
classification and regression problems. In fact, the models designed by these techniques are
datadriven and their performance is therefaféecied by the quality of the traingp data set.

The data should be appropriately selected to cover the entire input range for which the model
will be applied In this section we will present the data selection approach used. It is based on
a randomized convex hull approximation algorithm, Approxhull introducef2%®]. The

method can handle high dimensional data efficiently reasonableuntime and minimal

memorydemandshus facilitating the model design.

3.11.1. Convex hull definition

In Euclidean space, an object is convex if égery coupleof points inside the object, each
point on the straigHine segment connecting them is also inside the object. The convex hull of
a set of dat&is the smallest convex set (area) that includes S. & setonvex if, foreach
couple(x, y)¥ S, and any t [0,1], the point( 1 1 ti9in XMoreover ¥ Sis a convex

set, for anyo I FE 5 ~ S, and any nonnegative numbefsfi ER dB 1  p, the
vectorB | 6 is referred axonvex combination od o FE R . Figure 316 presens an

illustrationof convex and nowgonvex sets.
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Figure 3-16. (a) Convex, (b) Nonconvex
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Fromthe given definitions, the convex hull of a set S of points in Euclidean space can be
described in terms of convex sets or combinatioitonvex[255], [257}

1 the minimal convex set containing S, or
1 the intersection of all convex sets containing S, or

1 the set of all convex combinations of points in S.

From the convex hull definitiomk-simplex is a polytope afimensiork that is the convex
hull of k + 1 affinely distinct points. Basically, a point, a line segment, a triangle and a
tetrahedron correspond tesiimplex, tsimplex, 2simplex, and &implex respectively. In
principle, a ksimplex is made up offi a ¢ e s,  wlhEacheata sanle ke convex hull
set is referred to as a convex vertex or a convex poiaenG convex hull, it can be dedith
using vertices and facets, with vertices denoting the boundary points of the data set and facets
denoting the connections between vertices. faloet's dimension is theame as the dataset's

dimension Figure 317 illustrates the vertices and facets of the convex hull of a set of points.

facet

Figure 3-17. Vertices and facets of the convex hull of a sef points

3.11.2. Approxhull algorithm

An efficient data selection methdtiat enables processing of large datasets by using an
approximation approach basesh randomized convex hulls. Thagorithm reduces the
computational time and memory usage, making it @alidolution for handlindgarge data

[255]. Thealgorithm uses hyperplanes and convex hull distances from computational geometry
to efficiently handle large datasets by approximating the real convex hull and finding
informative vertices. This helps to reduce the memory complexity and processing time of
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data selection procef®57]. In the following sections, we will first explain these two notions

of computational geometry, before tackling ApproxHull algorithm.

3.11.2.1. Hyperplane Distance
Assumingd = 0 Y FERY i s a p o i-wertex facét (each faeet oftimensional
convex hull entails exactly n vertices) d@uls the corresponding hyperl ane of -f acet

dimensional Euclidean space. The equation of the hyperplandefined as follows:

|l o | ® E | o | ™ (85)
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Wherel | denote the normal vector ahds the offset of H.

The distance from the poiftto the hyperplane H can be calculated as follows:

.| w | o E

@
o 6fo ! 1 (86)
| | El

3.11.2.2. Convex Hull Distance

Consideringa setY ® Osa andapoink™ s , the Euclidean distance betwesand
the convex hull o5, represented bgwnd (S) maybe calculated baddressinghe following

guadratic optimization problem:

. (87)
CRub o oo
® C

G phd
whereQ pipfEP ,0 © dando & awith® @ E o .
Assume that the optimal solution &7( isc3; then the distance of poigito cond (S) is

given by:

Q mé £°Y O cwdd & 065 (89)

3.11.2.3.  Algorithm

ApproxHull is an incremental algorithm that starts by constructing an initial convex hull, and
then gradually extends it by incorporating new vertices in each iteréttisrcharacterized by
two main properties that enable it to overcamemoryandtime complexity constraints in high
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dimensions. It is primarily an approximation algorithm that extracts a subset of the most
informative vertices from the real convex hetinsideringa pre-defined threshold. Moreover,

the ApproxHull convex hullis given only by the verticesThe algorithm computes the
hyperplane distance of each sample to the facets of the real convex hull in order to identify the
vertices of the real conxehull. It involves five main stepf255]. The first step involves
normalizing each dimension to the rang#, [1]. In the second stage, the maximum and
minimum samples foeach dimension are determinddhese samples are regarded as vertices

of the initid convex hull.Step 3 generates a population of k facets using the current convex
hull vertices as a baselinéach iteration involves checking the validity of all formed fad®ts.

facet made up of n points in n dimensions is considered to be validnfatiex representing

the facet has full rank'wo tasks are implemented to ensure that the population comprises valid
facets. In the first stage, the validity of a facet of the population is verified when n vertices of
the current convex hull arehosen toform the facet. Invalid facets are disregarded and
substituted with others set of n vertices from the current convex hull until a valid facet is
identified. In the second stagthere is a possibility that invalid facets may be generated
iteratively, the jogging techniquenay be used as an optional step in the data preprocessing
phase to minimize the time spent ignoring invalid facets and creating valid substitutes. In
computational geometry, input jogging is employed to address the accuracy emor. Fo
overcoming the problem of coplanar points that may generate invalid facets, jogging (also
known as random perturbation) consists of changing the input of each cell in the dataset by a
small random quantity (negative or positive).the fourth step, thalgorithm identifies the
farthest points of each facet in the current facet population and considers them as new vertices
of the convex hull, as long as they have not been discovered previewslythe equation of

the hyperplane corresponding to thediagiven by Algorithm 1 in terms of offset and normal
vector is used to find the furthest points. Afterwards, the hyperplane distance of the samples
from the corresponding hyperplane is calculated by equa&&n Actually, Algorithm 1 relies

on the fatthat the distance between the center point and the hyperplane is negative to calculate
the equation of the corresponding hyperplane of the facet. It is in the faomf where|

andf are the normal and the offset of the hyperplane equation, regbhgct
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ALGORITHM 1: OBTAINING THE CORRESP ONDING HYPERPLANE OF A FACET

Input: r{ e P= ¥ as a set of samples and A - as a particular facet so thatis a row vector

whichrepresert a specific sample i6S.

1. Letbe a row vector thaepresentshe center point of all samples @Y
2. 5 09 a2 47
3. U = {}
4. b = {}
5. U == gwheree hFER 1
6. b = 1 + cU
7. - -
t= B & wherek®U for i=1, 2, é, d
u
8 o= %ﬁ: N
9. np =
<

Output nU and nb.

Finally, in step 5, the current convex hull is updated by integrating neetgified vertices
into the current set.
Steps 3 to 5 are executed iteratively until one of the two termination criteatised:
V There are no newlglentifiedvertices in Step 4
V If there are new vertices as a result of step 4, and the difference between the maximum
and minimum ofQb(with ‘Qobeing the maximum of the approximate distances of the
furthest points of the current convex hull at each iteration) over thé liastations is
less than a usetefined thresholfl (default value 0.1) and there is fluctuation in value
of Qin thisw-sliding window, the algorithm ends.
The main concept of the second criterion is to avoid generating new vertices that are very close
to the current convex hull, thus not providing new information in a meaningful way. The dc
shows a decreasing trend otee iterations, as the convex hull formed by ApproxHull grows
iteratively. Therefore, when the difference between the maximum and minimum of dc over the
last w iterations is not large, the newly detected vertices can be discarded and ApproxHull can
be endd.

Since calculating the distance of a point to the current convex hull by resolving the quadratic
optimization problem stated in equatioB7) is complex and timeonsuming in high
dimension, the approximate distance of a newly found vertex to the comewex hull is

calculated based on 2*d vertices in the current convex hull that are the nearest neighbors of the
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newly found vertex, where d refers to the dimension. The Approxhull algorithm is summarized
in Algorithm 2[257].

ALGORITHM 2: APPROXHULL ALGORITHM

Input: -|| e’ Pg " as a set of sample€yrepresert the population size of facets irdimensional

space and is an integer value as width of the sliding window.

1. Scale each dimension of DS to the rande ]

2. Let wrepresentsthe maximum and minimum samples witlyaedsto each dimension in DS;

3. NotFound = False; Diff = False; iteration = 1; DC = {};

4. While (not NotFound and not Diflo

5. Let 0 be an empty population.

6. For(i =7Qi++)do O

7. Let F be an empty facetx 1;

8. While (D'Q do

9. Select randomly a vertaxfrom a

10. If (Uis notin F)then

11. F=F {0} &1

12. 0=0° {F}

13. ceww={};

14. For eachfacet F inb do

15. Let FO be the furthest points to facet F.

16. For eachpoint[|Lin FO do

17. If (Jis not incy) do

18. tewn=tewn {JL);

19. If ¢eww={}) then

20. NotFound = True;

21. If (not NotFound}then

22. Let dc be the maximum of the approximated distances of vertiéesnmto the current convex
hull.

23. oc =0C* {dc}

24. If(iter@thenon O

25. Let® L be the minimum of dc il©OC over last iterations.

26. Let™ L1 ,be the maximum o of dc IBC overy last iterations.

27. If (fluctuating observed in value 6 overv last iteration anc® %4:. = % +,< 0.1)then

28. Diff = True;

29. Else

30. w=w" {tewn};

31. iteration =iteration + 1

Output: V
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The process results in the generation of training, testing, and validatiofigete. 318
illustrates a flowchart summarizing the ApproxHull algorithm.

Coan)

[ Scaling each dimension to the range [~1,1]. }
[

( identifying the minimum and maximum
samples for each dimension. These samples are

defined as the initial convex hull's vertices.
1

Generating a population of k facets based on
current vertices of convex hull. The validity of
all generated facetsis checked in each teration.

'
T
dc is the maximum of the 7 A is user-defined
approximated distances of the | Identifying the furthest points to each facet in the g Ehreshold (default
furthest points to the current current facets' population as new vertices of convex F
p : value of 0.1)
convex hull in each iteration. \hull, if they have not been detected before.

1

.
Updating the current convex hull by adding

the newly found vertices to the current set of
vertices.

\

End : If There are no newly found vertices
Or If there are new vertices and the

difference between the maximum and the
minimum of dc over the w last iterations <}

Figure 3-18. ApproxHull algorithm flowchart [161].
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Chapter 4 Deep learning approach fomon-intrusive load

monitoring

4.1 Introduction

This chapter focuses on deep learAraged NILM techniquedn fact, the accuracy @hergy
estimation and generalization are the most importancapabilitiesthat anNILM algorithm

must fulfill to be viable inpractical application[198]. Although training deep learning
algorithmson a largequantity of data with manycharacteristicgloesnot necessarily ensure
optimal performance owing to potential presence of misleading and unimportant
characteristicshowever the deep learning models can achieve good generalization and high
accuracy if trained on easonableamountof data and/or by dpnizing thehyper parameters

[51], [203]. Moreover, it is possible to achieve low time complexity and good performance with
limited data by selecting the most efficient features. Owing to the inefficiency of the selected
feature(s), thelisaggregatiomcairacyof specificloads may deteriorate in some cases. Hence,

it is necessary to define a comprehensive set of characteristics that can help in identifying all

types of devices with satisfactorperformanceand minimal generalization error.

To tackle sme of these challenges, we propose a hybrid deep learning architecture based
on a convex hull data selectitgchniqueusing active and reactive low frequency power data.
The framework is based on a hybrid architectmesistingof two models. A classifetion
model based on @NN trained with & estimatiormodel based on a bidirectionaTM. The
rest of chapter is structured as follov&ction4.2 discusses the NILM problem formulation
and the proposed optimization approach. SedtiBmpresents the case study house and data
collection methodThe results of the experimerdad a discussion including results from the
literature argepored in Sectior.4. Sectiord.5 summarizes the chapter.

4.2. Proposed Optimization

The basi®bjectiveof energy disaggregatios to break down the aggregate energy of the house
into specific appliance contributions. This involves identifying the operating state of each
device and assessing its contribution to the overall energy consumption of thbdiduBee

problem can be defineas follows: considering a sequence of aggregatedisiatan fE ho

the NILM task is to estimate thenergy consumptiomf each specific device i, w

o FEho hwherei ={ 1, iséhe ind¥xof the device fm a set oN devices), and =
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{ 1, #Bthetiméindex of the sequence with length T. The aggregated data can be described
as the sum of the contributions of the specific devices plus an unspecified part owing to noise,

in the following terms:
=B o I (89

wherd denote the noise term.

The contribution of specific devies is definedby:

© =1 &) (90)

where ¢, is the operator that, wheemployedto the aggregated data, yields the best
prediction of the contribution of each specific tamdgtice The problem of finding an estimate
of the operatof can be regardeds a supervised learning tagke proposed optimization is
based on a superviseeap learning hybrid architecturesing a data selection algorithm,
introduced iM255]. The hybrid network architecture is composed of two subnetworks inspired
by the studies reported [R05], [256] The method employs a distinct classification subnetwork
that is formed jointly with a estimationsubnetwork. The output of the two subnetworks is
combined to form the network output. With the spreading of parameters over associated tasks,
these learning methods enable the models to generalize more efficiently. Furthermore, deep
neural networks have genchant for detecting irrelevant and unrelated appliance activations
[60], [198]. The coupled classifier eliminates these irrelevant predictions, thus considering only
the predictions where the appliance is active. In the general framework of the proposed
optimization each subnetwork is regarded as a subtaNk.® task[256]. On the oneside
theCNN model is used to classify tlappliane 6 s st ates. The objective
the appliance is turned ON or OHheappliance is deemed to be "OWNhen its energy usage

surpasses a predetermined threshdlte outcomef the classification subnetwork is the state

of the appliancé ={i FEHR 1}, wherel ~ {0, 1} denotes the ONDFF state ofppliarce
i at timet. The CNN hypemparameters were tuned using the tdatlerror procedur¢l61].
The architecturef CNN with the best hypgparameterss presentedn table 2.
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Table 2. Classification subnetwork CNN architecture

Layer index Layer
1 Input shape (length defined by the appliance data)

2

1D CNN layer (filters=32, kernel size=3, activation = ‘ReLu’)

3 1D CNN layer (filters=64, kernel size=3, activation = ‘ReLu")
4 1D CNN (filters=128, kernel size=3, activation = ‘ReLu")

5 Maxpool layer

6 dense layer (activation ="ReLu’, number of units = 1024)

7 dense layer (number of units = 1)

The power sequence of the appliance, on the other hamédieed using a bidirectional
LSTM model. The use of recurreNN allows the modeo achieve a reliable estimatiohthe
energyusageof eachdevice while maintaining the scalability of the werk architecture.
Minimizing the MSE loss function yields the be&tSTM model fit. The following is the

regression model's subnetwork architecture with the best parameters:

Table 3. Regression subnetwork bidirectional LSTMarchitecture

Layer index Layer
1 Input shape (length defined by the appliance data)

12

Bidirectional LSTM layer (activation = ‘ReLu’, number of hidden units = 32,

Dropout layer with dropout = 0.3

s W

Bidirectional LSTM layer (activation = ‘ReLu’, number of hidden units = 64,)

L]

Dropout layer with dropout = 0.3
Bidirectional LSTM layer (number of hidden units=128, activation= ‘ReL.u’)
Dropout layer with dropout = 0.3

dense layer (activation ="ReLu’, number of units = 1024)

O 0 23 O

dense layer (number of units = 1)

Considering® A8 ) where'Q denotes the appliance state classification modekand
is the input of the models. Assume thiats "Q @ whereQ representhe estimationmodel.
The outcome of the classification sabtwork is multiplied by the estimated power values of

the estimation subetwork, as showim (91), to obtain the overall disaggregation output.
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®  (HRH (91)

wherew denotes the disaggregation output of devied timet, \Hand i Hu representhe
regression and classification subnetwodtgput respectivelyFigure 4-1 presents the full

architecture of the proposed optimization model.

Classification subnetwork
|

I\

| Flatien Denselaver |
Sliding windovis Approchl dat se]ectionll Convolutional Convolutiona] Convolutional  Max _

layer+Relu Layer +Relu layer +Relu___pooling Dense laver Disaggegted
Apggregated / layer
1 5 _,. LN L B B L B I
O ‘\‘ Target appliance -

Aggrezated / /‘ E E — A
active iowei

\state 8}

Bidirectional LSTM  Bidirectional LSTM Bidirectional LSTM [ ®:> N \

layer + Relu layer + ReLu layer + Reln

—

H

/ !
’ "Targetappliance R
POTE SEQUENCE fif
e

= e = o

Dense lay

drapout drapout dropout | |
Dense layer

Regression subnetwork
Figure 4-1. Architecture of the proposed optimization model

4.3. Data Collectionin the case study house

The studyemploys data gathed from a residential hou$®Id located in Algarve region of
southern Portugal. It is a singi@mily houséold, with two floors and 20 different spaces (such

as halls, garden, etc.). The house contains a solar panel installation consisting of 20 Sharp NU
AK panels[270] organized inwo strings and with a maximum power of 300 W per panel. The
battery is a BYD Battery Box HV H11[271], which has a storage capacity of 11.5 kWh. It is
controlled by an inverter called Kostal Plenticore Plus converter[@a2]. Figure4-2 depicts

thev ew of the buildingds PV system.
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Figure 4-2. Case study house details: (a) photovoltaic panels, (b) inverter, (c) battery.

Actually, the house is equipped with a variety of household electrical appliances, and a json
file was generated using the NILM toolkit formi@49] to describe the house's rooms and
equipment. The electrical panel of the house includes a Schneider panel with one triphasic and
16 monophase circuit breakers. An Intelligent Weather Station ([&73), a few TRLink
HS100 WiFi Smart Plugs (SHR74], and a few SeHPowered Wireless Sensors (SPWS) are
also available in the household for monitoring room climate variables. Following that, a
monitoring system for several electrical variables was implemented. A Carlo Gavazzi (EM340)
[275] 3-phase energy metesupplies the aggregate data required for the NILM task. The
electrical measurement is performed usingwair2 Modbus RTU connection on the Class X
certified Carlo Gavazzi meter. 45 separate electrical variables are supplied by the EM340,
measured at 1 H For each circuit breaker, additional electrical variables are measured to
supply a ground truth approximation for the NILM task. In this case, the measurement tools are
Circutor Wibees (WBSs|276]. They are wireless plugndplay meters that measure ethécity
usage. Each one of them supplies a hotspot so that the initial configuration can be performed
via a manufacturer's mobile app. The WB automatically transfers the collected data to a free
web service from the manufacturer. This functionality matub@ed off and the collected data
are still available via the Modbus IP protocol or via an internal web interface/service. Since the

appliances utilize Hall effect technology, certain calibrations are necessary in order to obtain
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accurate readings. Foreti6 monophasic circuit breakers and subsequently for each phase of
the triphasic, variables including current, voltage, frequency, apparent power, active power,
reactive power, power factor, active inductive reactive and capacitive reactive energy are
measured every second. The WBs measure 198 variables in total every second. It should be
noted that the time instants of the circuit breakers are not the same since the measuring meters
are not synchronized.

A Kostal smart energy meter (KER)Y 7] and inverteprovide information on the variables
regarding the energy produced by the PV, stored in the battery and injected to the grid. The
inverter also provides measurements of the house's power consumption. The Kostal Intelligent
Energy Meter (KEM) and thKostd Plenticore Plus converteK[) measure a total of 21 and
47 variables, respectively using a sampling interval of one minute. The Modbus IP protocol is
used to access data through a cable IP network. Smart Plugs are utilized for on/off control of
certaindevices. They also enable separate measurement of sockets that are part of the same
Circutor Wibees These tools utilize an initial access point and a mobile app from the
manufacturers to connect to an alreadyablished wireless network. A cloud API adieect
internal web service might be used to read and control them. Presently, 4 Smart Plugs are used
in the house, allowing 6 variables to be measured for each plug every second.

Thelntelligent Weather StatiodW/S) is used to monitor relative humidigjy temperature,
and global solar radiation and forecast their changes over-dedigléd time period. A two
step method is used to make these predictions. The nearest neighbor technique is used when
minimal measurement data are available while neurabork based predictive models are
automatically built offline and loaded onto the IWS for fi#ale use when sufficient data are
available. For further information about the operation of the IWS, pleas2&je

The SelPowered Wireless Sensors (SPW&gasure room data including relative
humidity, air temperature, door status, and window status (open or closed), light, walls
temperature, and room movement. They are Woa-Power equipment that uses the 2.4 GHz
or 868 MHz ISM radio band to communicaléey are intended to measure thermal comfort
for use in developing predictive control of certain air conditioners in the household. More
details regarding the use of SPWS for HVAC predictive control can be fouf2¥8®h

Data transfer from and to the maemment equipment is handled by Gateways and a
technical network. A wireless network and a technical IP cable network were established using
a network router installed in an extension of the electrical panel box. The home network is
separated by the routétom the technical network. All the equipment is connected to this

network, except for the SPs and SPWS. EasyGatd@/&y] are utilized to perform data
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acquisition from existing appliances. It is a fault tolerant 10T gateway that supports a range of
receve/acquire protocols such as SNMP, Modbus, serial http, and Easy modules, as well as a
set of data delivery connectors (DDCs) generally used in 10T environments like AMPQ and
MQTT. Five of these gateways are employed inside the electrical panel box te #msu
necessary acquisition rates, and the readings from the EM340, WB, KI, and KEM have been
distributed within and between them. There is also a separate internal EasyGateway for the
weather station. In order for the SPWS to communicate, an additiasgGateway is placed

in a centralized position in the residence. Since EasyGateways always operate @iirsutae

rate, the data collected by the measurement equipment attached to each EasyGateway are
packed and transferred at that rate.

The gateways can provide information to up to three separate DDCs. In this case, two DDCs
and two IoT platforms are deployed. One platform employing an EasyMqgs DDC, is used inside
the house, and another, employing a Generic AMPQ DDC, in the cloud. ThéoJaptatform
is used within the cloud and inside the house. It collects information from the configured
message queue servers. A set of phggconfigured for each type of entity on the platform is
used to pass the arrived data. A comprehensive desaorigtihe 10T platform can be found in
[279].

The system includes a web page where the end user can configure a set of specifications for
data management and storage. The data may be downloaded in 4 common formats: csv, xIsx,
mat, and npz. It also providalata visualization using graphs organized by sensor category.

Figure 39 illustrates a diagram of the data acquisition system.
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Figure 4-3. diagram of the data acquisition systenfi2z80].
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The distribution of some appliances with respect to the circuit breakers of the house is

shownin table 4.

Table 4. Distribution of appliances through circuit breakers

Breaker # Devices
1 Alarm
2 Swimming Pool Pump (utility,4), Incandescertamp (outdoors)incandescent

Lamp (outdoors).inearFluorescent.amp (utility,4),LED lamp (outdoors),
LED lamp (outdoors),

LinearFluorescent.amp (outdoors)air Dryer (outdoors)LED Lamp
(utility,5)

3 LED Lamp (bedroom,4ompactFluorescent. amp (bedroom,2)Compact
Fluorescent.amp (bedroom,3),ED Lamp (bathroom,2), LERamp
(bathroom,2), LEODLamp (hall,2), LEDLamp (hall,2) CompactFluorescent
Lamp (hall,2) CompactFluorescent amp (study, Compactluorescent lamp
(study),CompactFluorescent. amp (study)CompactFuorescentamp (study),

CompactFluorescent.amp (study)

4 LinearFluorescent.amp (garage)CompactFuorescent.amp
(hall,1),CompactFluorescent.amp (hall,1) LED Lamp (bathroom,1),ED
Lamp (bathroom,1;ompactFluorescentamp (bedroom,1)Compact
Fluorescent.amp (bedroom,1RunningMachine (bedroom,1¥lotheslron

(bedroom,1)Electric Air Heater (bathroom,1Hair Dryer (bathroom,1)

5 Air Conditioner (study)

6 Motor_1 (garage)Motor_2(garage)

7 Air Conditioner (bedroom,3Air Conditioner (bedroom,?2)

8 Electric WaterHeating WashingMachine Broadbandrouter,Dryer
Machine(utility, 2),

9 Dish washer (kitchenMicrowave (kitchen)Fryer (kitchen)Kettle (kitchen)

10 Air Conditioner(bedroom,4)

11 Fridge Freezer (kitchen)Coffee Maker (kitchen)Toaster (kitchen)-ood

Processor (kitchenmall Cooking Device(kitchen), Television

(kitchen),Fridge Freezer (hall, 2)|.ED Lamp (outdoors)CompactFuorescent

lamp (hall, 2) CompactFluorescent.amp (utility, 1)
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CompactFluorescent.amp (utility, 2),Compact fluorescent lamp (dining

room)

12 CompactFluorescent.amp (lounge)Television (lounge)Audio System

andSet top box (lounge)

13 CompactFluorescent amp (bedroom,4Compact Fluorescent.amp
(bedroom,4)LED Lamp (bedroom,4CompactFluorescentamp
(bedroom,3)CompactFluorescent. amp (bedroom,2BroadbandRouter
(bedroom, 2)Electric Air Heater (bathroom,2Electric Air Heater (hall,3),
ImmersionHeater (study)AquariumPump (study) CompactFluorescentamp
(study),DesktopComputer (study)l-aptopComputer (study)l-aptopComputer
(study) Television (study)audio system (studyprinter (study)Broadband
router (study)

14 Air Conditioner (lounge)

15 LinearFluorescent.amp (kitchen)CompactFuorescent.amp

(lounge),CompactFluorescent. amp (lounge)lLLED Lamp (outdoors)

16 BurnerStove_1 (kitchen)
17 Oven (kitchen)

18 BurnerStove_ 2 (kitchen)
19 Data acquisition system

Data are beingollected since November 2019 totaling over 2 years of data. The aggregated
data are collected using the thygease EM340 energy meter. The distribution of devices

associated with each phase according to their circuit breakers is presented in table 5.

Table 5. Distribution of devices through EM340 phases
Phase Breakers #

I 1,4,7,10, 13, 16
Il 2,6,8,11, 15, 17
I 3,59, 12,14, 18

The distribution of rergyconsumption in the houkeld during the period from January

2020 to December 2021 (2 years of data) in terms of phases is presented u+4igure
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Figure 4-4. Distribution of energy consumption in the case study house

4.4. Experiments andResults

4.4.1.Data Pre-Processing

Data were gathered over sevenaeksin the householgresentedn Section4.3 usinga 1
secondsampling rate. Although only 1 month of data is considered in this experiment, each
device actually accounts for roughly 2.4 million sampldse EM340 phase 2's aggregated
active and reactw powers readings are retrievédsliding window of 20 variabkeis created

at each time point, 10 of which are lagged active power values and 10 lagged reactive power
values. The ApproxHull algorithmutlined inSection 3.5.Xeceives these data along with the
label (device ON/OFF) if a classification is desired or the current active power if an estimation
is sought. Four relevant appliances (swimming pool pwvgshing machine, Fridgend
electric water heatgmare considekto evaluate the proposed optimization. These appliances
are among the main consumers in the case study household. Each device's actisarsver

is extraced manually using data from the smart plugs and Circutor Wibee readings. An
approach similar tohat employed in NILMTK[249] is used to déne the ONOFF state of
eachappliance Basically, the device ideemedON when itsenergyconsumptionsurpas a
predefined threshold value for a minimum period of time. In fact, for certain-staté devices,

the power consumption may decrease below the threshold value for a short period of time
without being turned OFF. In this case a minimum time threshold is predefined during which
the power consumption is maintained below the threshold. If the periodefitinmg which

the power does not exceed the power threshold is longer than the predefined time threshold,
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then the device is considered OFF. Moreover, the ON state is defined considering strictly
consecutive samples above the ptedainedthreshold, and the data sequences below the
predefined time threshold are excluded. The parameters used to creapplthecelabels,

some statistics regarding the number of activations, the maximum and average activation time,
and the total active engy consumed by eadpplianceduring the considered time period are
summarized in Table 6.

Table 6. Appliances statistics

Max Power

Time Energy
Devices Power threshold Activations ON duration(s)

threshold (s) (kWh)

(W) (W)
Max average

Fridge 200 50 60 708 7045 2100 36.1
WM 2500 20 3 17 8696 2250 9.5
EWH 1700 1200 3 663 10169 561 122.9
SPP 1200 500 3600 28 25202 24985 159.1

WM: Washing machine, SPP: Swimming pool pump, EWH: Electric water heater.

The entire dataset is processed using the ApproxHull algorithm to create training, testing,
and validatiorsets for each devidd month of data sampledsecondnterval totaling around
2.4 million samples)A separate dataset is generated for each dévatl®wing that, the convex
points covering the entire input range where the model is intendedappbedare creted.
The identified convex points are subsequently incorporated into the training set for each device
data. The r&t of samples are then randongfpaed over the remaining training, testing, and
validation sets in the proportions of 60% %20and 20%, respectivelfJ.able 7 displays the
average number of vertices found and the dimensions of the training, testing, and validation

sets for each device dataset.

Table 7. Size of training, testing, and validation sets.

Appliances CH Vertices Training set  Testing set  Validation set
Washing machine 170 1451513 483839 483837
Electric water heating 118 1375956 458652 458652
Swimming pool pump 109 1375956 458652 458652
Fridge 106 1375956 458652 458652
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4.4.2. Training and Testing

The studies werearried outconsidering data from March 1, 2021, to March 28, 2021, for the
washing machine and data from June 2, 2021ute B0, 2021, for the other applcas.A
separate model is trained for each appliafite bet hyperparameter settings were obtained
through hyperparameter tweaking. The model is trained using Adam's optimization approach
[281] with a learning rate of 58 and a batch size of 512. For the clasatfan subnetwork and

the estimaobn subnetwork, espectively, the binary crogntropy loss function and thdSE

loss function were employed. The loss functions of the two subnetworks are combined to obtain
the loss function for the design proces$s. avoid overfitting,early stopping approad82]
wasusd. This is also referred to as implicit regularization, as it terminates training when the
error on the validation set starto increaselables 8 and 9 present the results obtained in the
test dataset for state detection and power consumption poadicttach device, bottvith and

without the ApproxHull data selection strateggpectively

Table 8. Performance evaluation results without ApproxHull data selection approach
Appliance TP TN FP FN R P F1 MAE (W) SAE EA

Washing machine 9872 469495 3959 511  0.95 0.71 0.81 8.90 0.46 0.66
Electric water heating 74424 380307 3107 814 0.98 0.95 0.97 18.5 0.007 0.96
Swimming pool pump 126772 331301 379 200 0.99 0.99 0.99 6.6 0.016 0.98
Fridge 201218 105227 28595 33612 0.89 0.91 0.90 17.5 0.17 0.83

R: Recall, P: Precision, SAE: Signal Aggregate Error, MAE: Mean absolute error, and EA:
Estimation Accuracy.

Table 9. Performanceevaluation results using ApproxHull data selection approach

Appliance TP TN FP FN R P Fl MAE (W)SAE EA
Washing machine 13034 469737 547 519 0.96 096 096 1.64 0.050 0.93
Electric water heating 55157 403053 158 284 0.99 0.99 0.99 5.0 0.007 0.98
Swimming pool pump 134803 323699 64 86 0.99 0.99 0.99 4.92 0.002 0.98
Fridge 326212 99553 25862 7025 0.97 0.92 0.95 12.72 0.090 0.88

The results presented in tables 8 and 9 showeliability of the model in identifying and
predicting theenergy usagef each appliance. The proposed data selection strategy has
considerably improved the performancetled model compared to the approadthout data

selection strategy, especially for medtate appliances (fridges and washing machines) which
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have comple signature behavior and, therefore, are not easily identifiable (wort F1 score

values).

Actually, the data selection strategy enabled to reduce the MAE for the fridge and the
washing machine by 27% and 81%, respectively. For the swimming pool pumpeaiedatnic
water heater, the MAE was lowered by 25% and 73%, respectively. Regarding the F1 score,
the identification performance of the washing machine and the fridgeenbencedy 18%
and 5% respectively using the proposed data selection strateggenhi&cation performance
of the electric water heater was improved by 2%. In terms of estimation accuracy (EA), the
prediction performance was improved by 40% for the washing machine and 6% for the fridge
by using the data selection strategy while ttggrmance of prediction of electric water heater

was improved by 2%.

The swimming pool pumpand electric water heateould beidentified with quite good
accuracy owing to their basic architecture. Nonetheless, using the data selection strategy, the
overall performance showed improvements with slightly higher values. The comparison of the
EA and F1 score ((i) without the data selectioratsgy, and (ii) using the data selection

strategy) is shown in Figure5 and Figured-6 for all appliances involved in the experiment.

B -1 with Approxull
F1 without Approxull

1.0 +

0.8

F1 score

0.4 -

0.2 H

0.0 -

‘Washing machine Electric water heater Swimming pool pump Fridge

Figure 4-5. Comparison of the F1 score with data selectioand F1 score without data

selection strategy
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Figure 4-6. Comparison of estimation accuracy (EA) with and without data selection

strategy.

The data selection strategy has resulted in a more accurate disaggregation of energy
consumption for each appliance, regardless of the complexity of -statié appliance
architectures. Figurel-7 to figure 4-10 present some examples of the results of the
disaggregation. Figuré-7 compares th@rediced active power consumption of the washing
machine to its actual active powaardthetotal aggregated active power. Figut@ shows the
fridge's predicted activeower versus its actual active power. The aggregated active power can
be viewed in figuret-9 and figure4-10 where figure4-9 shows theactual predicted active
power for the electric water heatand figure4-10 the actual and estimated active powethef
swimming pool pump.

Washing machine
T T
——ground truth active power
predicted active
5 aggregated active power

2 mr\ Wiyt
.

1 |
|
o o Lymwmv‘\w i &WJWWW‘ ‘

1
10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00
Time Mar 25, 2021

Figure 4-7. Washing machine's disaggregation output. Reghredicted active power;

Blue, actual active power; yellow, aggregated active power.
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Figure 4-8. Fridge's disaggregation output. Redpredicted active power; blue, actual

active power.
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Figure 4-9. El ectric water heat erpbedictedl activeppwer,egat i o
yellow, aggregated active power and blue, actual active power.
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Figure4-10. Swi mmi ng pool pumpdés di saggregation

power; blue, actual active power; yellow, aggregatedctive power.
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Figures 47 through 410 show thathere is a fairly accurate consistenbgtween the
predicted and the actuahergy consumptiofor the four devicesinderstudy. The predicted
and actuahctive power consumption signals are very close. It isialportant to note that

each of these dex@s showed very satisfactory results.

4.4.3.Cross Validation

Five-fold crossvalidation was conducted in order to evaleiathe reproducibility of the
experimentThe design data was diwd into five noroverlapping segments of equal size. One
segment was usedns the test data to test the model, while the remaining four segments were
utilized to calculate the model's parameters and determine its accBrauhar to the initial
experiment, training was done using 80% of the data, and testing with 20%. The test subset is
circulated alternately k times in the procegable 10 displays the F1 score results of the five

fold crossvalidation for the fridge and washimgachine.

Table 10. F1 score using Cross validation

Kk 1 2 3 4 5
Washing machine 0.963 0.961 0.959 0.958 0.959
Fridge 0.944 0.938 0.950 0.934 0.947

4.4.4.Comparison with Other State-of-the-Art Techniques

As discussed in chapters2ction 29, it is difficult to directly compare NILM approaches due

to the ambiguity of the performance indicators, which depend on the data and the context of the
studies. Tk methods presented in this experiment esngéda gathexd from ehouseholdising

a sampling rat®f 1 Hz. Both active and reactive powers are used as inputs in the proposed
model design. However, only active power readings are available in the majority of currently
publicly available lowfrequency NILM dataset§209], [232] Theefore, a reasonable
gualitative comparison of the approaches using different data sets is not feasible. Meanwhile,
to illustrate its effectivenesa comparison wasndertakerwith stateof-the-art techniqueso
benchmark the proposed approach.oTeemmony used multistate appliaces forassessing

NILM approachesare washingnachineand fridge Table 11 contrsis the present NILM
approacho thecurrentstateof-the-artNILM techniques for washing machinEhe comparison

of the fridge's performance thithe stateof-the-art method can be seen in Table 12.
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Table 11. Results of omparison with existingNILM approaches for washing machine.

Method Recall Precision F1 MAE (W) SAE EA
Online-NILM [283] 1 0.60 0.70 118.11 - -
MFS-LSTM [198] - - 0.76 14.42 0.51 0.74
CNN [284] 0.78 0.20 0.32 18.38 - -
LDwWA [205] - - 0.69 11.17 - -
CNN [60] 0.98 0.87 0.92 - - 0.92
TP-NILM [50] 0.86 0.87 0.86 8.31 0.01 -
Proposed 0.96 0.96 0.96 1.64 0.05 0.93

Table 12. Results of omparison with existingNILM approaches for the fridge.

Method Recall Precision F1 MAE (W) SAE EA
Online-NILM [283] 0.73 0.87 0.79 4.34 - -
MFS-LSTM [198] - - 0.87 19.60 0.46 0.76
CNN [284] 0.97 0.80 0.88 7.90 - -
LDwA [205] - - 0.86 19.81 - -
TP-NILM [60] 0.89 0.85 0.87 17.03 10.05 -
Proposed 0.97 0.92 0.95 12.72 0.09 0.88

The resultgeportedn Tables 11 and 12 demonstrate that the proposed framework is quite
successful in detecting the operating states of apgliancesand predicting the power
consumption of eachevice. The proposed optimation achieved the best performaside
terms of MAE (1.64 W), F1 score (96%)precision (96%)and EA (93%) for the washing
machine. However, it achieved slightly lower recall (96%) than the CNN (98%) proposed in
[60] and the OnlineNILM (100%) presented if283].

The proposed framework for the fridge shows consistent superioritystateof-the-art
metodsin terms of precision (92%), recall (97%), estimation accuracy (88%), and F1 score
(95%). On the other hand, tMAE of 12.72 W obtained by the proposed framework is slightly
worse than the MABf 4.34 W achieved by the OnliidiLM method[283].

From these overall results we can conclude that the proposed optimization approach
successfully disaggregates the contribution of specific appliances with a better F1 score and a
more reliableEA compared to statef-the-artworks.
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4.5. Summary

This chapter descrédal a NILM approachhat utilizes a combination of deep learning and a
convex hull data selection strateghhe data were gathered fromhauseholdocatedin the

region of Algarve, South Portugal.

The first step was to select the data using a randonvex hullapproximation The
approach consists in selecting the most informative vertices of the real convex hull. Thereafter,
themodel is designed by combining two subnetwork models. Each subnetwork is considered
as a subtask of the over&lILM task The main architectureelies ona CNN-baseddevice
state identification subnetwork model and an energy estimation subnetwork model based on
bidirectionalLSTM models Actually, the energy estimation subnetwork tends to estimate some
irrelevant energy conseptions that do not belong to the targppliane. Therefore, the age
of a subnetwork for appliance operating state identification enablepréukction of the
ON/OFF state of the appliance and, thus, eliminates all estimates that do not belong to the target
appliance.The outcomeof the model is geneted by merging the outputs of the two sub

models.

The results of the test showed that the data selesttiategy has considerably improved the
resultsof the proposednodel, especially for mukstate appliances. Furthermore, the results
demonstrated that the proposed framework successfully disaggregates the target appliances

with better energy estimatiaaliability and higher F1 scotban the statef-the-art techniqus.
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Chapter 5 Shallow neural networks approach for non-intrusive

load monitoring

5.1. Introduction

A trend in theNILM field is the search for low sampg rate disaggregation approastie
enable potential compatibility with readily available residential smart meters. Recently, an
increase IMNILM research has been spurred by advances in deep learning methods, with very
promising results, as discussed in Chaptétowever, thestechnguesrequire a lot of training

data to accomplish a satisfactory performafif#l]. Owing to the scarcity of highuality
labelsanddurable dataets, this represents a significant challengé\iéiM algorithms[41].
Moreover, these approaches benefitstdarably from a large number of training paraengt

which in most cases necessitapeocessing capacity that is neither cheap nor readily available
[201]. Furthermore NILM framework must meet a number of requirements, including
sufficient accuracy toecognize the appliance operating state as well as accurate estimation of

power usageow-complexity models, and inexpensive hardware.

To tackle these challenges, a NiLA\pproachbased on a lowsampling power data, thus
enabling the usagef low-cost metes, andusingshallow neural network models with low
complexity is proposed. The framework is based on the design of radial basis function neural
networks by a mukidobjective genetic algorithm (MOGAThe rest of Chaptas structued as
follows: Section5.2 describes the proposed radial basis function neural networks designed by
multi objective genetic algorithm (RBFNMOGA) approach for NILM The experiments
conducted, the data preprocessing approach, the evaluation metrics used, the parameters as well
asthe results obtained using tBaggestd framework are described in sectf. Since a
comparative analysis was conducted to benchmanpetiermance of the proposed framework
with some classification methods, the results of degelomd classificatio methods are
presented in Sectidh4. Sectionss.5 and5.6 discuss the results of the comparative analysis
and the experiments conductesingthe public data sefThe energy consumption in the case
study house is discussed in Sectiohand Sectiorb.8 summarizes the chapter.

5.2. Proposed approach
TheNILM process, as described in Chapter 2, encompasses data collection, feature extraction,
device classification, and energy estimatfid], [35], [37], [38], [48] Figure5-1 presents an

overview of theNILM framework. The first step of an energy monitoring systededicated
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to data acquisitiofrom a snart meter. Then, certain deviaharacteristicsnust be selected
and processed. ®arningalgorithmis employed tgredictwhich devicesare active at a given
time, as well as their dts. From this knowledge, the energy usage of appliarestimated.

o
Data Feature Ap]_:rlianc_e
collection extraction classification

Appliances
models

Figure 5-1. NILM Overview

The promsed NILM approach employs a RBFNWOGA, with designdata selected
throughan approximate convex hull algtinm. Initially, the data selectiomethoddescribed
in Chapter 3 section Bl is employe toconducta data selection based on ttlentificationof
the most informative vertices of the real convex hull. Then, an RBRXINGA classifier is
designed telassify whether a specific appliamisactiveor not The RBFNNMOGA classifier
is designed with thgoalof loweringthe complexity of the model agell as the number of false
positives and false negatives. If the devicaaBve its energy consumption is then estimated
using an RBFNNMIOGA estimator, designed in a similar way to the RBFMRGA
classifier. In this case the RBFNMOGA estimator is dagned with theyoal of loweringthe
complexity of the models and the root means square @MEES)in the desigrses. Figure
5-2 presents a flow chart summarizing the processesrringin the design of the RBFNN
MOGA model. It should be noted that foe using MOGA the data selection approach
presented irChapter 3ection3.11is applied tocreatethe training, testing and validation set.
The MOGA design approach has been utlizin the literature to tackle several classification
and estimatiomproblems [297], [298], [310], [311].
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Figure 5-2. Overview of the design approach.

Once the models are designed, the online functioning process is illustrditgareb-3

flowchart
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5.3. Experimental Results

The following sectionseportthe results of the experimesnconducted on the data gathered in
the case study household describe@hapterd, Sectiord.3. The data have been gathered for
over two years period and are availabl¢3d2]. The experiments considered data gathered
over a onanonth period, from March 1, 2021, to March 28, 2021, for the washing machine and
from June 2, 2021, to Ju@8, 2021 for the otheappliarces, fora total of roughly2.4 million
samples for each applian&ince the preliminary data, which were acquired with asewend
sampling period, were too big to be handled by the MOGA framework, the dateea@nepled

at a oneminute rate

5.3.1.Data preprocessing

Following the data collection, the next step is thegaeessing of the data sets. Tioéal

aggregatgowers were retriead from the EM340 meter data. Tgeund truthactive power
sequence of the device wadtraced manually using the CW and SPaddthe ONOFF labels
of the appliances were created using a methimdar to that presented in ChapterSection

4.4.1 using a sampling rate of 1 minute. One data set is generated for each device.

5.3.2.MOGA design radial basis function neural network results

To generatethe optimal final solution, the systemeeds to train a considerable number of
RBFNN models. On one sideertain limitations need to be set on the size of the datasets that
will be fed into MOGA inorder to make the process completed within a reasonable time frame

on the other side, tensurethe quality ofthe training set to be utilizedo do this, the data
selection algorithm described in chapter 3 sectidf.3s employed. First the initial teset is

given to the algorithm. For device stadentification the input features are a sliding window
containing 20 variables (10 delayed aggregated active power values and 10 agtpggdted
reactive power values). For energy estimation, the detdyswo exogenous variables
(aggregated active and reactive powers, 10 for each variable), as well as 10 lags of the modeled

variable (active power of the device) are provided to the data selection algorithm.

All convex hull points of the relevant datangales are created using the ApproxHull data
selection algorithm. The generated convex points and random data samples are then used to
construct the MOGA training set, resulting in 60% of the dakee remaining random data
samples are used to create test @alidation sets for MOGA, 20% for each sets important

to notethat the initialdata sets cleaned up before being fed into the ApproxHull data selection
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algorithm. Thus, rows with nenumeric values, rows with missing values, equal columns
(identical features), duplicatrows (equal samples) are exdddto reduce the risk that
ApproxHull generates a singular matrix that corresponds to a random invalidfaeatesults
created by the ApproxhulipproacHor the classification and estimation models as well as the

size of the data set created for each device are presemadteib3 andtabe 14 respectively.

Table 13. Approxhull results for classification models

Devices CH vertices Training Testing  Validation
Fridge 441 24493 8164 8166
Washing machine 810 24185 8061 8063
Electric water heater 731 8212 2737 2739
Swimming pool pump 673 12655 4218 4220

Table 14. Approxhull results for estimation models

Devices CH vertices Training Testing  Validation
Fridge 842 24185 8061 8063
Washing machine 753 24185 8061 8063
Electric water heater 1497 8212 2737 2739
Swimming pool pump 640 12655 4218 4220

In terms ofdevice stateclassification, the MOGAnodels werdrained with thegoal of
loweringthe complexity of the model, the number of false positives and negatives in the training
and test setfor each device.

In terms ofestimationof energy the objectives that MOGA minimizésclude the RMSEs
of training set O ,testset ‘O , the complexity of the model, and the prediction efror
(Ds,0"0. The prediction horizon (PH) wasven a value of 1, and D&asds for a given period

retrieved from the active power time series of the device (with s consecutiveonfputt pairs).

The parameters used for tiRBFNN-MOGA are as follows:In order to lessen the
complexity of the models in alhe experimentsthe number of input features was defined
the range of [1, 20] for classification models and in the range of [1, 30] for estimation models,
while the numbeof hidden layer neuronsag definedn the range of [2, 30] for both models.
The number of generations wasfinedto 100, with a population size of 100. The proportion
of random immigration was set to 0.01. A crossover rate of 70%adapted while the
selective pressure was $e2. Each individual in the population was given 10 training sessions
under distinct initial conditions, and the best training trial was chosen using the proximity of

origin criterion. An early stopping criterion with a limit of 50 iterations is adopésdthe
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termination criterionThese parameters have proven to be effective in the design of RBFNN by
MOGA based on the experiences of previous research &8k§ [297], [298], [311]

At the end of one MOGA rurthe dimensions of the nedominated setsemerated for the

estimation models and for the classification models for each device are presented in Table 15.

Table 15. Dimensions ofNon-dominated sets

Devices Classification Estimation
Fridge 274 45
Washing machine 89 171
Electric water heater 414 329
Swimming pool pump 153 172

For each device, the performance statistics in thedoominated sets in terms of minimum
and average false positives (FP) and false negatives (FN), as well as the corresponding model

complexities in the classification phase are presenttabla 16.

Table 16. Classification performance in the nordominated sets
Training Testing Validation Model

Devices complexity
FP FN FP FN FP FN

Fridge Min 1722 0 534 0 550 O 6
Mean 2638 295 843 96 836 103 139

Washing machine Min 0 20 0 10 O 7 8
Mean 24 220 4 56 6 55 282

Electric water heater Min 58 1 24 0 25 O 6
Mean 231 231 79 68 60 71 162

Swimming pool pump Min 6 0 2 0 2 0 6
Mean 84 49 23 14 23 12 143

Table 17 presents the performance statistics for the trairgsg, andvalidation sets
performed in the nordominated sets during the estimation phase in terms of minimum and

mean root mean square error values.
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Table 17. Estimation performance in the Nondominated Sets

Devices RMSE Training Testing  Validation
Fridge T 0.131 0.124 0.133
Tr 0.136 0.129 0.136
Washing machine T 0.010 0.018 0.010
Tr 0.031 0.032 0.025
Electric water heater i 0.250 0.221 0.239
Tr 0.298 0.260 1.710
Swimming pool pump T 0.063 0.048 0.057
Tr 0.069 0.048 1.790

After some further evaluation, for each device and each designed model, the optimal model
of nondominated sets with better performance and low complexity is chOses.the optimal
models are defined, tloptimalclassification model is mainly used to detect whether the device
is active or notn the next sample. If the appliemis active, then the optimal estition model
is used to predigheenergy usagef theappliarce. Table 18 shows thesults of classification
on the valdation set utililng the optimal model in terms Bfecision, Recall, F1 scoraumber
of features, number of neurons in the hidden laetmodel complexityor each appliace.

The resuis of estimationutilizing the optimal estimation models in termsSAE MAE, EA,
number of featuresrumber of neurons in the hidden laygrdmodel complexitare reported
in table B®.

Table 18. Device status classificatiomesults

: R P F1 Number of Number  Model
Devices ,
features of neurons complexity
Fridge 0.98 091 095 7 30 240
Washing machine 0.97 097 0.97 4 30 150
Electric water heater 0.99 0.97 098 12 29 377
Swimming pool pump 1 1 1 8 25 225

R: Recall, PPrecision
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Table 19. Energy estimation results
MAE (W) SAE EA Number of Number  Model

Devices i
features of neurons complexity
Fridge 400 0.010 096 4 6 30
Washing machine 1.1 0.030 0.93 23 20 480
Electric water heater 66.7 0.043 0.95 27 18 504
Swimming pool pump 15 0.004 0.99 7 14 112

The analysis of the results reported in Tall@and19 shows the ability of the modseto
identify the appliance status and estimateptwerconsumed by eaatkevice. The results of
theappliance state classification (Tall® show an F1 score of over 95% for the fridge, 97%
for the washing machine, 98% for the electric water heatel @@ for the swimming pool
pump.The complexity of the classification models varies from 150 for thghimg machine
(with 30 neurons in the hidden layer afhthput features) to 377 for the electric water heater
(using 29 neurons in the hidden layer and 12 input featu¥es}he fridge(30 neurons in the
hidden layer and 7 input features) and the swingnpiool pum25 neurons in the hidden layer
and 8 input features), the complexity of the classification models is 240 and 225 respectively.
The results in terms of energy estimation (Table 19) show that the ersaxggpf the washing
machine was estimatevith an EA score of over 93%, the electric water heater was estimated
with an EA score of 95%, and an EA score of 96% was observed in the disaggregation of the
fridge whereas the swimming pool pump was estimated with an EA score of T98%.
complexity of theestimationmodels varies from 30 for Fride (6 neurons and 4 input features),
112 for the swimming pool pump (14 neurons and 7 input features), 480 for the washing
machine (20 neurons and 23 input features) and 504 for the electeicheater (18 neurons

and 27 input features).

An illustrative example of the results of the disaggregation process in terms of active power
is presented ifigures5-4 to 5-7. Theactualand predicted active power of Fridgepiesentd
in figure 5-4. Figue 5-5 illustratesthe estimated and the actual active power of washing
machine.Figures5-6 and 5-7, respectively, show thprediced and actual active powef

Electric water heater ar8vimming pool pump.

121



Fridge

0.16 T T
—ground truth active power
0.14 - - . H
—estimated active power
0.12 - q
~—
B 0.1+ .
4
N—"
+— 0.08 - B
&
% 0.06
A~
0.04
0.02

260
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The analysis of Figurés4 to 5-7 shows an accurat®nsistencypetween th@redided and
measured active power for @lle appliances the experiment. It can babservedthat the
estimatedpower signals are very reliable. In view of #& experimental results, we can
conclude that thelisaggregation resultare quite satisfactory, with models of very low

complexity and working onneminutedata.

5.4. Results of other implemented classification methods
Five experiments employing a distinct range of classification techniques, inclB¥iNg
KNN, DT, LSTM, and CNNclassifiers were conducted on the same -onenthof data from
the previous experimento improvethe robustness of the training operation aocelerate its
process, the data has been standardie@pproach similar to that described%1] was used
to standardize the aggregated datsee mean and standard deviatidreach sequence are first
determired. Afterwards, the mean is subtractedm the input sequence which is then divided
by the standard deviation to generate the standardized seqlibaqaocess is formulated in
the equatiorf97).

8 5 1, mip

A

Where X represents t he deviatipruof thesnpu seguanceg gnd |

(97)

the mean of the input sequence.
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For all the models, the data seseparaténto training set (80%) and a test set (20%). As
in the previous experiment, a sliding window of 20 variables (10 aggregated active power
values and 10 aggregated reactive power valued)lisad as input to the models. The output

of the models is the ODFF status of the devices.

5.4.1. Support Vector Machines (SVM) results

The model was trained to identify the opeargtstates of the appliancéhe goalis to detect
whether thaleviceis active or not. For each appliance, a single model is trained. The Gaussian
rbf kernel was employetb train the modelThe spreading parametéand the penalty C, are

tweaked to minimize the error function debed in (98).
Qi i o go 6 & (98)

Where w denotes the weight vector, anthe slack variables. The search for hyperparameters
that reduce the loss of fivield crossvalidation was performed automatically. Tabler@fors
the results of the tests conducted in the test dataset in teRnsotgion RecallandF1 score

Table 20. SVM results

Devices Recall Precision F1

Fridge 0.91 0.90 0.91
Washing machine 0.91 0.75 0.82
Electric water heater 0.98 0.96 0.97
Swimming pool pump 0.98 0.99 0.98

5.4.2. K Nearest Neighbors (KNN) results

As for SVM, the KNN model was trained to identify thppliarce's operating states. For each
appliarce, one model is tra@d. Given that k is a user predeteradmparameter, a tri@nd
error process was performed to selectsthigablek that suits the data. The resulting best value
obtained was k = 5. Tabl presents the results within the test dataset in termsecision

Recall andF1 score.
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Table 21. KNN results

Devices Recall Precision F1
Fridge 0.90 0.92 0.91
Washing machine 0.91 0.73 0.81
Electric water heater 0.98 0.95 0.97
Swimming pool pump 0.99 0.99 0.99

5.4.3. Decision Tree (DT) results

Thealgorithmwas trained to identify the operating states ofapgliarces. For eachppliarce,
a single model is trained. Through a cross validati@thod the training data was randomly
splitinto ten subset3.hen, €n new trees are generated within each of the suibsets of data.
Afterwards, using data that was not involved in thetng, the prediction accuracy of each
new tree is assemd. This provides a reliable estimate of the predictedialility. The ideal
leaf node observations (MinLeafSize) mininmgithe crossalidation loss was determined
using an automatic hyperparameter optimizatidre results of the test®nductedn the test

dataset in terms drecision RecallandF1 scorearerepored in Table 22.

Table 22. Decision tree results

Devices Recall Precision F1

Fridge 0.87 0.93 0.90
Washing machine 0.94 0.73 0.82
Electric water heater 0.98 0.93 0.95
Swimming pool pump 0.98 0.99 0.98

5.4.4. Long Short-Term Memory (LSTM) results

The fourth experiment was to designLz8irM classifier to identify the device operating states.
The binary crosentropy loss function and Adam's optimizer were used to train the model.
Through a trialand-error procesghe loss function was minimized in order to obtain the set of
parametershat best suits the taskhe search fonyper parametershich minimize the loss of
five-fold crossvalidation was performed using hypparameter optimizationThe design
parameters usedith the suitable yper parameter values is reptin table 23. Table 24
repors the results of the test performed in the test dataset in teffnsa$ion, RecalandF1

score
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Table 23. LSTM structure

Layer number of hidden units activation
Input

LSTM 32 RelLu
Dropout (dropout=0.3)

LSTM 64 RelLu
Dropout (dropout=0.3)

LSTM 128 RelLu
Dropout (dropout=0.3)

Fully connected dense 1024 RelLu
Fully connected dense 1 sigmoid

Table 24. LSTM results

Devices Recall Precision F1

Fridge 0.89 0.83 0.86
Washingmachine 0.82 0.96 0.88
Electric water heater 0.98 0.94 0.96
Swimming pool pump 0.97 0.99 0.98

5.4.5. Convolutional neural network (CNN) results

In the fifth experiment, a CNN classifier was trainedclassify the operating states of the
devices. As for LSTMthe Adam optimizer and the binary cremstropy loss function are used.
The design was conducted using a tamtterror process to find the best suited set of
parametershat minimize the loss functiomable 25 presents a summary of the architecture
used with thesuitablehyperparametersThe results of the tests conducted on the test dataset in

terms ofPrecision Recall andF1 scoreare reported in Tabl26.

Table 25. CNN structure

Layer filters kernels activation
Input

Conv1D 32 3 Relu
Conv1D 64 3 Relu
ConvlD 128 3 RelLu
Max poolinglD

dense (1024) RelLu
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dense (1) sigmoid

Table 26. CNN results

Devices Recall Precision F1

Fridge 0.92 0.91 0.91
Washing machine 0.96 0.90 0.93
Electricwater heater 0.95 0.98 0.96
Swimming pool pump 0.99 0.99 0.99

5.5. Discussion

The results of the experimemnspoted intables B, 20, 21, 22, 24 and 26 show that all the
models considered can identify tbperational statethe different applianceJ o highlight the
performance of the proposed approach, the obtained F1 score value has been compared to the
other implemented classification approaches. The comparative histogram of the different

approaches is shown in figubes.
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Frigde Washing machine Electric water heaterSwimming pool pump

Figure 5-8. Classification performance in terms of F1 score.
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From the analysis of the comparative results shown in Figi8rat can beobservedhat
the proposed model obtained the best F1 score of 95% for the fridge, while the LSTM obtained
the worst F1 score of 86%. The other classifiers (SVM, KNN and CNN) identified the operating
states of the fridge with similar F1 scores of 91% and a slidhiler score of 90% for DT.

For the washing machine, thoposed model achieved the highest F1 score of, 97%
whereas the SVM and DT models achieved similar F1 scores of 82%. Also, the deep learning
models performed slightly better than the SVM and D e, with the CNN achieving an F1
score of 93% and the LSTM an F1 score of 88%. KINB model obtained the worst F1 score
of 81%

For the electric water heater, the MOGA framework achieved an F1 score of 98%, while
the SVM and KNN models achieved a comgide F1 score of 97%. The LSTM and CNN

modelsachievea similar F1 score of 96%. THEI model (95%) obtained the lowest F1 score

For the pool pump, the proposed framework achieved an excellent F1 score of 100%
whereas the other models (SVM, KNN, DENN, LSTM) performed well with F1 scores
ranging from 98% to 99%.

Globally, it can benotedthat the best performances are achieved in the classification of
high-power appliances, vile most of the models struggte correctly classify the operating
statesf devices like washingnachinesand fridge. This stems from the complex architecture
of multi-state devices, wherdentificationis morechallenging and may lead to a high number
of false positivesOverall, it can be concluded that the propasedrachperforms better than

the other classificatiomethodsn terms of identifying the operating states of devices

Since the same data were used for each of Himseesix experiments, the performance of
these approaches can be qualitatively benchmarkied. is generally not the case when
evaluating the performance of statethe-art approachesowing to the distinct nature of the
data used and the context of the experimétasvever, br illustrative purposes,@mparative
study with the most recestate of the art metha@dhas been performedwo of the most
commonly used multistate devices for evaluatiigM stateof-the-art techniquesare the
washing machine and the fridge, and thus they will be considered in this anbises27
illustrates a cmparison of the proposed NILM framework with some stdtthe-art NILM
techniguedor washing machineThe effectivenessf the MOGA framework compared to

stateof-the-arttechniqus for fridge disaggregation is presented in TableA®, to be noted
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that the optimization approach proposed in Chaptevhich we will call deepOpt) uses the
same data as those used to design the MOGA framework, bulistitict sampling interval
(1 second for deepOpt and 1 minute for MOtB@mMework.

Table 27. Washing machine performance comparison

Approach S (s) R P F1 MAE(W) SAE EA
[283] 1 1 060 070 1181 - -
[198] - - 0.76 1442 051 0.74
[50] 60 0.86 0.87 0.86 8.31 0.01 -
Prop. deepOpt 1 0.96 0.96 0.96 1.64 0.05 0.93
Prop. MOGA 60 0.97 0.97 0.97 1.1 0.03 0.93

S: sampling frequency, R: Recall, P: Precision, Prop.: proposed

Table 28. Fridge performance comparison

Approach S(s) R P F1 MAE(W) SAE EA
[283] 1 0.73 0.87 0.79 4.34 - -
[198] 1 - - 0.87 19.60 0.46 0.76
[50] 60 0.89 0.85 0.87 17.03 0.05 -

Prop. DeepOpt 1 0.97 0.92 0.95 12.72 0.09 0.88
Prop. MOGA 60 098 0.91 0.95 4.00 0.01 0.96

From the analysis of the performance comparison results shown in tables 27 and 28, the
proposed approach outperformed the optimization approach presented in 4liBptpOpt),
especially in terms of estimation accurdBy) for the fridge (96% versus 88% for DeepOpt).

For the washing machine, the mean absolute error was lowered by 32% using the proposed
approach compared tde optimization approach illusteat in Chapted (DeepOpt). It is
important to notéhat the proposeMlOGA approachand the optimization method reported in
Chapterd performed better than the statkthe-art approaches reported in Tables 27 and 28.
Since MOGA's design of RBFNN does not involve too much training data (about 8212
sampls to 24493 samples), while performing comparably or better than approaches involving
more training data (about 1.3 million samples to 1.4 million samples for DeepOpt), it can be
seen that resampling the data from 1 second to 1 minute did not alter thhenpexde of the

MOGA framework and considerably lowered the proportion of data to be processed.
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5.6. Experiment on AMPD public dataset

An experiment was conducted in the public dataset AMPD (Almanac of Minutely Power
datasetqg224]). The AMPD dataset containsater datg natural gasdatg and electricity
consumption datadm a Canadian household over a period of two years, in which electrical
features such as currentoltage, active, and reactive powseare captured at onainute
resolution The experiment wsaconducted using data collected from April 1, 2012, to April 30,
2012.The same configuration as the proposBAGA frameworkwas used to train the models.
The fridgeand the clothes dryer were considered in otdeassesshe effectivenesf the
propose techniquewithin the AMPD public datasefable 29reportsthe results of the test
performed on the validation set in terms mdwer estimation andidentification of the

operational states of the appliasc

Table 29. Results onAMPD public dataset

Devices MAE (W) SAE EA R P F1
Fridge 9.13 0.10 090 091 093 0.92
Clothes dryer 3.53 0.01 094 0.99 1 0.99

The analysis of the resultspored in Table 2@lemonstratethat the operating states of the
clothes dryer and the fridge were identified with a high F1 score of 99% and 92% respectively.
The performance in terms of energy estimation shbetsthe clothes dryer was pretdid with
an estimationaccuracy of more #n 94%, whereas the fridge obtained an EA score of 90%.
Figure 5-9 depicts somexamplesof disaggregatiomutcomefor the fridge. An example of

disaggregation oabmefor the clothes dryer is shown in Figu€.0.
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Figure 5-9. Fridge AMPD. Red, predicted active power, Hue, actual active power
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Figure 5-10. Clothes dryer AMPD. Red, predicted active power, blue, actual active
power.

From the analysis of Figurds9 and5-10, a reasonable consistenbgtween the actual
active power and thestimaed active poweof the applianes is observed. The estimated active

power signals are vetyustworthy.

A comparative study was conductediwihe workrepored in[313] and[314] which use
the same AMPD public data setadeed, he authors 0f313] suggested a modified cress
entropy (MCE) algorithm based on a combinatorial optimization approach to identify load
states. The method involvgenerating a load decomposition while iteratively updating the
likelihood of the appliance operation and considering the penalty function constraint to find the
optimal combination of stateln [314], the authors proposed@ethodbased on the probability
of time-segmented states. In orderdollectthe power signatures of the load and count the
probabilities of the segmented states over time, they applied an affinity propagation clustering
technique. The function chooses the best matrix following tleetien of the device state after
producing a variety of matrix representations of the device states using the likeliabtei30
presents the results of performance comparison of the fridge and clothes dryer in terms of
operatingstatedetection(F1 scoe) with the worksreported if313] and[314].

Table 30. F1 comparison

Devices [313] [314] Prop. MOGA
Fridge 0.92 0.88 0.92
Clothes dryer 0.23 0.29 0.99

The analysis of the results illustrated in Table 30 shows that the proposed framework
achieved an F1 score of 92% comparable to the F1 score achieved by the work ref#it&d in

while the work presented {814] achieved the worst F1 score of 88%. Hw tlothes dryer,
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the proposed framework obtained the best F1 score of 99% whigpneachs presented in
[313] and[314] obtained the lowest scores of 23% and 29% respectively. From these results it

can be concluded that the proposed MOGA frameworlopas very well.

5.7. Energy consumption estimation in the case study house

The MOGAtechniqueproposed to disaggregate the fdevicespresengd in Sectiorb.2 was
extended to other appliances in the case study home. These appliances are within the range of
appliances that consume the most electricity in the house. The experiment was conducted using
one month of data. The results obtained from the data selectébthe size of the dataset for

each appliance in terms e$timation and classificaticare reported in table 31 and table 32.

Table 31. Data selection results for classification models

Devices CH vertices Training Testing Validation
AC 1 913 28777 8925 8927
AC 2 1170 28505 9501 9503
AC 3 569 26777 8925 8927
AC 4 799 26777 8925 8925
BS 1 714 26777 8925 8927
BS 2 638 26777 8925 8927
Oven 1164 26777 8925 8927
DM 993 24185 8061 8063
EAH 1 900 26777 8925 8927
EAH 2 1386 26777 8925 8927
EAH _3 1384 26777 8925 8927

AC: Air conditioner,DM: Drying machine BS: Burner stoveEAH: Electric air heater.
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Table 32. Data selectioresults for estimation models

Devices CH vertices Training Testing Validation
AC 1 1993 26777 8925 8927
AC 2 913 28505 9501 9503
AC_3 543 26777 8925 8927
AC 4 565 26777 8925 8927
BS 1 881 26777 8925 8927
BS_2 698 26777 8925 8927
Oven 1249 26777 8925 8927
DM 835 24185 8061 8063
EAH_1 1982 26777 8925 8927
EAH_2 1309 26777 8925 8927
EAH_3 2180 26777 8925 8927

The results obtained after one run of MOGA for each device is an ensemble of the non
dominated models. Table 38port thedimension®fthenond o mi nat ed sets f or

classification models and the energy estimation models.

Table 33. Dimensions of noadominated sets

Devices Classification Estimation
AC 1 444 145
AC 2 281 86
AC_3 663 126
AC 4 131 159
BS 1 827 81
BS 2 256 256
Oven 539 213
DM 561 59
EAH 1 636 80
EAH_2 654 231
EAH_3 768 443

Once the nodominated sets are obtained, an analysis is conducted to select the optimal

models with both good performance and low complexity among thedommnated sets.
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Therefore, two models (one model for classification and one model for estimaé@@lected

for each appliance. The results regarding the device operating states identification using the
selected models in terms ofodel complexitynumber of featuresiumber of neurons in the
hidden layer, Precision, Recadlind F1 scoreare presented in Table 34. Regarding device
energy estimation, the results using the selected models in teMSEOSAE EA, number of
features, number of neurons in the hidden layer and model complexity are presented in Table
35.

Table 34. Device state classification results

. Recall Precision F1 Nb of features Nb of neurons Model
Devices .
complexity

AC 1 0.92 0.94 0.93 13 20 280

AC 2 0.97 0.98 0.97 5 30 180

AC 3 0.94 0.90 0.92 11 28 336

AC 4 1.00 1.00 1.00 9 11 110

BS 1 0.59 0.81 0.68 5 23 138

BS 2 0.86 0.97 0.91 12 29 377
Oven 0.80 0.97 0.88 19 29 580

DM 0.96 0.98 0.97 17 29 522
EAH 1 0.98 0.95 0.96 4 30 150
EAH 2 0.91 0.89 0.90 9 30 300
EAH 3 0.74 0.76 0.75 9 18 180

Table 35. Energy estimation results
. MAE SAE EA Nb of features Nb of neurons Model
Devices )
(W) complexity

AC 1 191.0 0.011 0.87 14 18 270

AC 2 11.0 0.002 097 3 17 68

AC 3 11.0 4e-4 098 7 10 80

AC 4 9.0 0.003 0.97 15 18 288

BS 1 90.0 0.004 0.86 3 20 80

BS 2 37.0 0.002 090 3 4 16

Oven 43.0 0.005 0.73 22 19 437

DM 0.009 4e4 098 3 9 36

EAH 1 28.0 0.010 0.95 12 13 169

EAH 2 100 0.004 099 3 12 48
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EAH_3 14.0 0.006 0.87 16 6 102

From the analysis of the classification resukpared in Table 34, it iobserved an
excellent F1 score of 100% for the air conditioner {Cwhile the poorest F1 scores were
obtained in the detection die electric air heater (EAB: 75%)andthe burner stove (B$:

68%). In the first casgeit may be possible to use a higleampling rate, wike in the second
case, the appli@e is rarely used and there is a scarcity of detectable Ta¢aremaining
devices were identified with good F1 values, varying betweét &8 98%.Regarding the
energy estimation, the resufiseseng¢d in Table 35 demonstrate that the energy consumption
of the electric air heater (EAR) was predicted with an excellent estimation accuracy (EA) of
99% while the poorest performance was obtained in the estimation of the energy consumed by
the oven (73%)This poor disaggregation performance results from the fact that the oven has
many distincimodesof operation, with distinct power consumption, as well as a wide range of
temperaturesThe other appliances were disaggregated with a good estimatmmacy
varying from 86% to 98%fFigures.5-11 to 521 illustrate the eamples of disaggregation
outcomein terms of estimated active power (red line) gnolund truthvalues of active power

consumption (blue lindpr thedevices considered
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Figure 5-11. Air conditionner (AC -1). Red, predicted active power, lue, actual active
power.

135



ﬁ —ground truth active power
—— predicted active power

) Ul
I

1.5

Power (kW)

0.5
O | | | | | I | |
5400 5500 5600 5700 5800 5900 6000 6100
Samples
Figure 5-12. Air conditionner (AC2). Red, predicted active power, ue, actual active
power.
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Figure 5-13. Air conditionner (AC3). Red, predicted active power, bue, actual active
power.
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Figure 5-14. Air conditionner (AC3). Red, predicted active power, ue, actual active
power.
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Figure 5-15. Burner Stove (BS1)Red, predicted active power, lbue, actual active
power,.
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Figure 5-16. Burner Stove (BS2)Red, predicted active power,blue, actual active power
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Figure 5-17. Oven.Red, predicted active power, ue, actual active power.
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Figure 5-18. Drying Machine. Red, predicted active power, bue, actual active power.
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Figure 5-19. Electric air heater (EAH-1). Red, predicted active power, bue, actual active
power.
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Figure 5-20. Electric air heater (EAH-2). Red, predicted active power, ltue, actual active
power.
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Figure 5-21. Electric air heater (EAH-3). Red, predicted active power, lbue, actual active
power.

Following the design of the models, an experimenreaictthe energy consumption of
somedevices in the case study house using the designed models was conthetdgeriment

consideredonly the aggregated data of Janu&®22 The energydisaggregation results
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obtained using the designed models are presented in3&f[lbe consumption distribution of
the devices per phase is reported since the aggregatesletataollected using the EM340 3
phase smart meter

Table 36. Distribution of energy consumption in the case study house

Phase Appliances E(kWh)
Air conditioner (AC1) 11.97
Air conditioner (AC2) 91.98
1 Burner stove (BS1) 14.42
Electric air heater (EAH1) 24.56
Electric air heater (EAH3) 28.40
Electric air heater (EAH2) 95.52
Drying machine (DM) 13.36
Electric water heater (EWH) 114.54
I Fridge 17.80
Washing machine (WM) 13.73
Swimming pool pump (SPP) 153.14
Oven 19.22
Air conditioner (AC3) 16.32
III Air conditioner (AC4) 71.74
Burner stove (BS2) 19.27

From the results of the energy disaggregation presented in Table 36, the swimming pool
pump(153.14 kWh) andhe electric water heatét14.54 kwWh) account for the highest energy
consumption during the month of January 2022 in the case study Adwsair conditioners
(AC2 and AC4) and the electric air heater (EHA2) have consumed roughly 91.98 kWh, 71.74
kWh ard 95.52kWh respectivelyduring the month of January 202he consumption of the
remaining devices is estimated in the range of 4.22 kWh to 28.40 Kkéhdistribution of
electricity consumption in the case study house during the month of January 2022 is

summarized in the pie charts presented in Fi§t22.
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Figure 5-22. Distribution of electricity consumption in the case study house.

The overall consumption of the case study hbakkduring the month of January 2022
accounted for 1070 kWh, consisting of 380 kWh for phase I, 470 kWh for phase Il and 220
kWh for phase lll. The devices considered in the study represent 66% of the total monthly
energy usage in the case study hbos® The majority of these devices are programmable
besides being responsible for the largest consumption of electrical energy in the house, which
means that it may be possible to modify their operations without creating too much
inconvenience for the users. Thésparticularly the case for HVAC devices (Air conditioners
(AC 1-4), Electric air heaters (EAH-3), Washing machine (WM), Drying machine (DM),
Swimming pool pump (SPP), and to some extent Electrienteeater (EWH)), which represent
for 60% of the totBhousdrold consumption. This means that thera sgnificant flexibility to
design the electrical profile of the house to meet energy management obj&iticeshe case

study house is equipped with photovoltaic panels and an electricity storagae, dist@nline
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operation of certain of these electrical devices shall be considered mewheesign of the

modetbased predictive control of the HEMS systeraposed if315].

5.8. Summary

This chapter introduced a leeomplexity NILM framework for energgisaggregation based

on radial basis function neural networks designed using a-olyéctive genetic algorithm
(MOGA). The approach involves the collection and selection of residential house data, the
extraction of characteristics, the classificatiomppliances, and the estimation of enefgye

data were acquired within a rddke scenario in a houseld located in Faro, Portugal,
employing a lowfrequency sampling rat&he proposed framework demonstrated an excellent
ability to disaggregate the d@mce specific consumption while reducing the data sampling
from 1 second to 1 minute to enalthee usageof low complexity models (a few hundred

parametersandof low-cost meters.

Moreover, a comparative analysis was conducted with other computatibelfibence
classifiers in order taentify the operating states of the apptan.The experiment focused on
implementing and testing on the same data as those used for the propossdbfkanthe
classification algorithm such asSVM, DT, KNN, LSTM, and CNN. The analysis of the
comparative results demonstratedttthe proposed framework perfaethbetterin terms of
identifying the operating states of the appliandéstthermore, the effectiveness of the
proposed framework in obtaining the bestraatie of the energy consumed by eappliarce
in the houskold was highlighted by comparing it with other stafethe-art technique using
both distinct and common data.

The proposed NILM framework enabled the disaggregation of the energy consumption of
appliarces representing 2/3 of the total electrical consumption afabe studyousdold over
a onemonth period.Additionally, it revealed that nearly 60% of the consumption was
associated with programmable devices, providing more flexibility to the SiE&ployed in
the house.

143



Chapter 6 Application of MOGA design to a large amountof data

6.1. Introduction

In this chapter, we will analyze and discuss the application of the MOGA dassignlong

period of dataSince electricity consumption isfluencedby various socieconomic and
environmental factors, the distribution of electricity consumption datatisvenly distributed

over time and within the consumption patté®everal works have shown that existing NILM
solutions are not well suited faealworld applications due to their low disaggregation
accuracy over a larger amount of new da&s]. Indeed nonelectric elements also influence
energy consumption in buildings. Energy use patterns, for example, are influenced by building
and consumefactors such as number of occupahtsising typeand consumebehavior In
addition the performance of machine learning algorithms tends to degrade in new contexts, for
instance when usage patterns are not similar to those on which the algorithmgainece
Meanwhile,the generalizability and transferability of the models within an-elranging data
distribution isa challenging taskor NILM algorithms Therefore, the ability of the models to
adapt tahesechanges and, obviously, to other houses without the need for intensive retraining

should be considered.

To tackle thischallengewe will analyze the application tiie proposedMOGA approach
designedusing asmall amount of datg3 weeks)to along periodof data(one year) The
remainder of the chapter is structured as follows: Section 6.2 presents a data @iithkysiase
study houseThe results of the experimentenducted are presented in section 6.3 and a

discusion in ®ction6.4. Section6.5 summarizes the chapter.

6.2.Data Analysis

As previously mentioned, data are being collected in the case study house since November 2019
until today (2023).The data are recorded with a resolution of one second which represents
several tens ahillions of recordsWe have considered a year of data from May 2020 to May
2021 to analyze the electricity consumption trend in the case studyhlotiidégure 6-1

presend the total monthly consumption in thase study house during one year
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Figure 6-1: Monthly electricity consumption in the case study house. EM represents the
data measured by the triphasic smart meter and WB(Wibee) represents the data
collected by the different circuit breakers.

As it can beseen,the monthly consumption varies from month to month witlarge
increase in December and a peak in January. This can be explained by the meteorological
conditions, whichrecord very low temperatures during these months. Since the smart meter
used is a threphasemeter,we can observe the electricity consumption related to each phase.
Figure 62 depicts histograms of monthly electricity consumption related to each pivaisg d

the year.
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Figure 6-2. Monthly electricity consumption in the case study house by phas@) Phase
1, (b) Phase 2, (c) Rase 3

The trend of consumption differs from one pbaoanother This is because different
loads are attached to each phésee Table 4 chapter 4) The consumptioof phase 1 and 3
show the same peaks as the total consumptiole the consumption related to phase 2 exhibits
a slightly different profile.lt can also be observatiat the devices related to phase 2 are
responsible for the consumption of more than 53% of the total consumption while phase 1 and
phase3 represent roughly 31% and 16% respectivi$yalready indicated in chapter 4 section
4.3 intable 5 the circuit breakers or wibees (1, 4, 7, 10, 13 and 16) are associated with phase 1,
the wibees (2, 6, 8, 11, 15 and 17) are associated with phase 2 and the wibees (3, 5, 9, 12, 14
and 18) with phase 3.Figure 63 presents the distribution of thmonthly consumption
measured by the circuit breakers associated with phd$e thonthlydistribution ofelectricity
consumption measured by the cirduiéakers associated with phase 2 and phase 3 are presented
in figure 64 and figure & respectively.
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Figure 6-3. Monthly electricity consumption in the case study house by circuits breakers
(phase 1).
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Figure 6-4. Monthly electricity consumption in the case study house by circuits breakers
(phase 2).
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Figure 6-5. Monthly electricity consumption in the case study house by circuits breakers

(phase 3).

The distribution of devices by circuit breakers is already presented in table 4, section 4.3
of chapter 4It should be noted that the circuit breakers (wibees 1, 3 and 6) are not represented

because they are responsible for an insignificant part of theuogotion (less than 1% of the

house consumption). This is because the devices attached to these circuit breakers do not

consume much energy (e.g. alarm for wibee 1, lighting for wibee 3 and motors for wibee 6)

6.3.Experiments and Results

In this experiment, we considertdte one year of dataA set of appliances within the range of

the most consuming ones in the case study house and attached to individual circuit breakers are
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used These include air conditioners, burner stogasmmingpool pump, and oveng/e have

given theone year of aggregated data to the MOGA previously trained with the 3 weeks of data
(see chpter 5). The purpose is to idégt the operating states of the apptias. The
classification esults are repted in Table37.

Table 37. Classification results on one year of data

Devices Recall Precision F1

AC 1 0.50 0.86 0.63
AC 2 0.19 0.29 0.23
AC 3 0.88 0.35 0.51
AC 4 0.% 0.85 0.90
BS 1 0.50 0.27 0.35
BS 2 0.4 0.89 0.37
SPP 0.99 0.50 0.67
Oven 0.68 0.76 0.72

6.4. Discussion
The analysis of theesults reported in Table 37 remothat the overall performance of the
models decreased when applying the models on a large data distribiteamwhile the
models were able to identify the aonditioners with an F1 score rang from23% for AC_2,
51% for AC_3, 63% for AC_1 and 90% for AC_Bor the burnestovesthe models identified
BS_1 with an F1 score of 35% and BS_2 with an F1 score of 37%. The swimming pool pump
(SPP)and the oven weridentified with an F1 score of @&and 72% respectivelfrhese low
performances, especially for ACs and B&n be explairieby the fact that these dees are
occasionally used in the case study house, resulting in a low number of activations dnd a hig
number of false positive3he devices also have a similar consumption pattern that makes it
challenging to identify when two of the same type are operating at the same time. Moreover,
the aggregate energy consumption distribution changes drasticadigdieg on, for instance,
the months of the year, the occupancy of the house, etc., thus changing the consumption pattern
and leading to the deterioration of the performandglbM models

The MOGA models were designed using the data selection approlaich, eonsists in
selecting the most informige convex points from the traininget. We analyzed the
distributions otheconvex pointsn thetrainingsetandtheoneyeartest dataconsidering only
one delayfor theactive and reactive powelSigure 6-6 showsthe ses of data covered by the
training setand the full one year of datand thedistributionof false positives detected the

one year of datbor Burner stove.
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Figure 6-6. Convex points inthe training set and the distribution of false positives

Analyzingthefigure 6:6 we can see that the convex points of the training set cover only a
part of the data when considering thiee year data. The features patteused to train the
models havettanged radically which leads to a high number of false posituss alternative
is to consider a widedistribution of data to train the models in order to capture the maximum

range of feature patterns.

6.5. Summary

This chapter presented the application of MO@&&ignednodels on a long period of data. We

first conducted a statistical analysis in the case study house. Following this, the exipperimen
focused on data fromneyear periodThe results showed the litation of the models to detect
certain types of devices with good performance over a long period of data. There are several
reasons for these limitations including the amount of training data representing only a small

fraction of the applianceonsumption pa¢rns meteorologal and socieeconomic factors etc.
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Chapter 7 Conclusions and future work

This chapter summarizes the content of this thesis and discusses the limitations of the proposed
work as well as the prospects for future work in the deploymentapptication of NILM
systems.

7.1.Conclusions

In this thesisvork, computational intelligence techniques KILM were studiedin fact, the

total electricity consumption is usually collected at a single point, usually the interface between
the supplier andhe customer.Then, usingcomputationalintelligence techniques, this
aggregated consumption is breakdown into the consumptispeaificdevice attahed to the
household electric paneproviding the consumer with detailed electricity consumption by
device Devicespecific information has been shown to be an effective tool for enhancing
energy efficiency at the residential level, which is of the utmost importance in the current
context of climate change and environmental concéoseover, this informatin would help
homeowners to understand how their house consumes energy, allowing them to make wise
choices about how to reduce energy consumption. This is generally thought to be a very
individual and dynamic decisiemaking process that would consider arigty of factors,
including the characteristics of theudse the homeowners' comfort level, financial constraints

etc Furthermore, deviegpecific power consumption is also beneficial in several areas due to
its applicability to home energy managemsydtems, fault detection, ambient assisted living,

human activity recognitiomemote load monitoring services, etc.

Within all the approaches explored by the research communityth#sssfocused on the
optimization of deep learning models ahe design of radial basis function neural networks
using the multi-objective genetic algorithnfor nonintrusive load monitoring as their
capabilities and promising performance are at the forefront of feasiblncementsSince the
primary challenge ofNILM involves the disaggregation of energy, the research work of this

thesis can be summarized in the following points.

In Chapter 1, the research context marked by the concerns regarding the increasing global
energy consumption, the alarming decline evfergy resources and climate change was

discussed. Then, the importance of NILM technology to optinieeenergy use in the
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residential sector was highlighted and its main challenges were briefly discussed. The research

objectives of this research work reethen introduced.

In Chapter 2, a detailed and comprehensive overview of the current state of thilak of
is presentedFirst, a brief introduction to the concept of load monitoring is presented. Next, the
problem of energy disaggregation has beely dtated, followed by a review of the original
NILM framework. Then, the main components of a NILM system vgtuelied The data
collection process, including low frequency data collection and high frequency data collection,
was presented while highlighg the relationship between sampling frequency and device
signatures. Following this, the background and research on device electrical signatures,
particularly steadsystate, transient, and ndraditional signatures, was discussed. Finally, a
review of he main evaluation metrics typically employed and a survey of the different public
datasets available in the literature were outlifdek study exposed a number of observations,
including the fact that the majority of studies have focused on exploringedggnatures, and
that there is still a need to create a comprehensive set of features that can accurately describe
all forms of signals. An alternative is to use rarergy features that could be mixed with the
energy features to allow for more accurdégtection. Regarding thevaluationmetrics, there
iS no consensus on the most appropeat@uationmetric to usen orderto report the success
of a NLM algorithm. Therefore, the selection of the most appropnaiea&ionmetricsseems
to depend on theethoddeveloped. Regarding the publicly available datasets, although several
datasets have been proposed in the literature, there are sadeadtageshat limit their
practical use, including different data formats, missing,dadgering only some developed
countries, and limited labeling data. Another challenge for-statiee-art NILM approaches is
the disaggregation of mulstate devices, which seems to be much more difficult than the

disaggregation of twgtate devices.

In Chapter 3, a brief overview of the theoretical background for the development of this
thesis work is presented. First, the basic concepts of machine learning methods were introduced.
Then, the methods used, CNNs, LSTMs, SVMs, KNNs, and DTs, are brisflyilded. Since
the MOGA is used as a framework to define the parameters and input features of RBFNN, its
associateparameters and inpuharacteristicsgiven the specified objectives, are studied.

Finally, an overview of the data selection approach usedoutlined.

In chapted, machine learning and deep learnlvagsed approaches for NILM were tackled.
Many studies initeraturehave focused on HMMs and their variants generally operating on low
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frequency data. However, it has been shown that the coitypleikthese models grows
exponentially as the number of target devices increases. Moreover, their scalability and
generalization capabilities are not very promising. Also, the existing infetedeeiquedor

state estimation are extremely sensitivedal optima, which limits their application in the

real world. Thus, since the complexity of the NILM problem increases exponentially with the
number of devices, it is necessary to address the complexity of the model, e.g., by optimizing
the solver or by educing the dimensionality of the input. In this perspective, one of the
contributions of this thesis is the proposal of an optimization approach based on a hybrid deep
learning architecture and a convex hull data selection apprdachackle the problenof
scarcity and quality of data sets discussed in Chapter 2, low frequency poweredata w
collected in a typical house as part of a4l#alscenario inMontenegro Portugal.The case

study house is equipped with a multitude hadfuseholdsload and several variables are
monitored. A rigorous analysis of the differaictrical featuresvas conducted and thus the
aggregated active and reactive powers sampled at 1 Hz were adopted as input to the models.
The data selection approach was to seleentost informative vertices of the real convex hull

by randomly approximating the convex hull. The proposed hybrid deep learning architecture is
composed of a classification model based @N& jointly trained with @ estimatiormodel

based on a bidirgcinal LSTM model The results achieved demonstrated the efficiency of the
proposed approach, reaching F1 values up to 99% and estimation accuracy values up to 98%.
It was shown that using thgroposeddata selection approach significantly improves the
performance of the designed model, especially for nsti#tie loads Furthermore, the
comparative analysis conducted has shown that the proppseuzationapproach accurately
disaggregates the targappliarces with better power estimation reliability antl $core than

the stateof-the-art method.

Chapter5 is devoted to the proposal of an energy disaggregation algodithfact, the
guest for low sampling rate disaggregation algorithms to enable potential compatibility with
widely available residential st meters is a trend in the NILM sector. Recent developments
in deep learning techniques have increased interest in NILM research, with extremely
encouraging results, as exposed in Chagitétowever, to achieve satisfactory performance,
these techniqueteed a lot of training data. This is a significant challenge for NILM algorithms
due to the scarcity of highuality labels and durable datasets. Moreover, these methods benefit
greatly from a large number of training parameters, which in most cepeige expensive or

not readily available processing capacity. Furthermore, NILM algorithms must meet a range of

155



criteria, such as sufficient accuracy to identify the device's operating statepihoplexity
models, and lowcost hardwareln orderto tackle thee challenges, we proposed &M
framework based on a lomsolution datathus enabling the use of levost meters, and using
shallow and low complexitidN models. The frameworlsibased on the design RBFNN-
MOGA, with design data selected byapproximate convex hull algorithilany experiments

were conducted. The first experiment consisted of designing disaggregation models for devices
exposing a range of power characteristics, fromsvate devices to complex characteristics of
multi-state deices. The proposed RBFNMOGA framework achieved very satisfactory
performance, with models of very low complexity and operating orrnunate data. A
comparative analysis was conducted to evaluate the RBANKA framework against the
optimization approdt proposed in Chaptet. The results of the analysis showed that the
RBFNN-MOGA model does not require too much training data, while achieving similar or
better performance than approaches using riman@ing datatherefore the down sampling of

the dataampling rate from 1 second to 1 minute did not affect the performance of the RBFNN
MOGA framework andconsiderablyreduced the amount of data to proceBse second
experiment consisted in using the same data (the data uské RBENNMOGA design) to
assessthe proposedframework versus the statd-the-art classification methods. Several
classifiers includinggVM, DT, KNN, CNN and LSTM have been implemented. The results of
the comparative analysishowed that the RBFNNMOGA framework outperformed the
implemented methods in terms of identification of device operating séatether experiment

was conducted in the public dataset AMPD. The RBAWNBIGA framework was used to train

the models. A comparative study was conducted to benchmark the proposed fitamivo
stateof-the-art approaches using the public APMD data. The results of the experiment showed
that the RBFNNMOGA framework performed better than the state¢he-art approaches on

the same dataset§he experiment was then extended to other apg@gmn the case study
houséold. Considering one month of data, the RBFNKDGA framework allowed to identify

the most energy consuming appliances (the swimming pool pump with 153,14 kWh and the
electric water heater with 114,54 kWh during the month ofag2022) Moreover it enabled

the disaggregation of the energynsumption of deees that were responsible 6% of the

total electrical consumption of the case study hibolksiover a onanonth period. Furthermore,

it revealed that nearly 60% of the consumption was associated with schedulable appliances,
thus providing greater flexibility to the HEMS system deployed in the house.
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In Chapter 6, the application of the MOGA desmyrer a long period of data is tackled.
First, a statistical analysis was conducted in the case studyhodadisensidering a long period
of data to highlight the trend and consumption patterns of the house. Then, the experiment was
conducted using one yéadata. The results, including the performance and limitations of the
models, were discussed. It was shown that the fegpatesrnsof the house consumption are
influenced by several factgrsvhich leads talifferent appliance signatures resulting ireth
deterioration of the models' performanbast existing NILM models are designed to learn to
disaggregate data that are faithful to the target device data used for validation, leveraging
adequate and varied training data. However, this constitutes tationi for NLM models,
making it challenging to adapt them to new data. One alternative is to consider invariant features
that are more likely to generalize.

In summary, the methods proposed in this thesis have proven to be effective in addressing
some ofthe challenges outlined in Chapter 1 regardiMigM algorithms. The proposed
methods could be further investigated from both a scientific and practical application
perspective.

7.2.Future works

The research conducted in this thesis has led to some intrigaamgyfor further scientific study.

One of the challenges of current NILM research is the lack of labeled datasets for a
comprehensive evaluation and comparative analysis of NILM approddtieshortcoming is

mainly due to the fact that the existing |lhbg procedure still relies on laborious, time
consuming, and errggrone manual inspection, which prevents the formation of alternative
labeled datasets. Future research should take this into account and consider the development of
labeling tools forNILM datasets that would allow users to review automatically created
annotations, thereby significantly reducing the workload associated with human annbtation.
fact, the study of disaggregation algorithms should focus on the robustness, disaggregation
reliability, and scalability of NILM for a larger number of devices so that the detailed device

consumption information provided by the available smart meters becomes more tangible.

The discussions in thithesiswork showed that computational intelligenmxhmiques
achieve very high performance when evaluated on the same data domain. However, further
research will be needed, especially to improve the portability of the NILM architecture, but also
to acquire more knowledge about invariant feature extractiomrder to generalize the

resulting models to other hous@mne of the main points we want to study is the state duration,
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which represents the probability that a load remains in a given state for a given amount of time.
This can help to enhance the classifion of loads operating at similar power consumption by
introducing an additional singularity.

Finally, although the disaggregation algorithms are primarily focused on -giogie
electrical energy use, a possible direction of research would be wrexpher features such
as time of the day, day type (weekday, weekend, or holiday), season and/or local weather
information, devices combinations (e.g., stoves and hoods are frequently used together), and
occupant preferenc¢l0]. For instance, the avaga outdoor air temperature and consequently
the season have a strong correlation with HVAC system consumitevever, the effort to
consider all of these parameters will be a significant challdhgealso worth noting that the
information extractedrom NILM techniques has the potential to be used in other applications
such as home energy management systems, energy efficiency recommendation systems, fault

diagnosis applications, ambient assisted living, recognition of activities of daily living, etc.
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