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Resumo

O aumento da eficiéncia energética € uma das principais solugbes para mitigar o impacto das
alteragdes climaticas. O uso de ferramentas de monitorizagdo nao intrusivas (NILM em Inglés) per-
mite adquirir um conhecimento detalhado sobre o funcionamento dos equipamentos elétricos evitando
a utilizagao massiva de equipamentos de medigao.

Esta dissertagao de mestrado tem como foco explorar e avaliar diversas abordagens para detegao
e classificacdo de eventos usando diversos algoritmos de NILM. O trabalho desenvolvido comecgou
por testar uma biblioteca existente, nomeadamente o NILMTK, que oferece um conjunto abrangente
de algoritmos e ferramentas para desagregagao de consumos. A partir dessa investigacao inicial, foi
testada uma abordagem mais recente baseada em redes neuronais profundas. Além destes métodos,
foi desenvolvida e testada uma nova metodologia centrada na utilizacdo de algoritmos existentes na
libraria scikit-learn.

Nesta dissertacao sdo destacadas as principais caracteristicas de cada abordagem, assim como
os pontos fortes e limitacdes de cada uma. Com o intuito de permitir uma compreensao abrangente
dos desafios enfrentados no desenvolvimento de solugdes NILM, sdo também apresentados os princi-
pais obstaculos encontrados ao longo do desenvolvimento deste trabalho. Além disso, sdo propostas
algumas recomendacdes que podem ser adotadas para melhorar a performance dos métodos utiliza-
dos. Entre os algoritmos utilizados, € de destacar Random Forest, Gradient Boosting e Support Vector

Regression que demonstraram um grande potencial de aplicagdo no dambito do NILM.

Palavras-chave: Monitorizagdo nao intrusiva de consumo (NILM), desagregacédo de con-

sumo, detecgao de eventos, monitorizagao de consumo de energia elétrica
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Abstract

One potential solution for addressing the pressing issue of global warming lies in the energy effi-
ciency and power consumption of residential buildings. Non-intrusive load monitoring (NILM) emerges
as a promising approach to optimize energy consumption by providing detailed insights into individual
appliance usage.

This master’s thesis focuses on exploring and evaluating various approaches for event detection and
classification within NILM. The research begins by testing the NILMTK toolkit, which offers a compre-
hensive set of algorithms and tools for energy disaggregation. Building upon this initial investigation, a
more recent approach based on deep neural networks is examined. Additionally, a novel methodology
centered on leveraging the capabilities of scikit-learn is designed, developed, and presented.

The thesis highlights key findings from each approach, discussing their promises and limitations.
Detailed accounts of the encountered obstacles throughout the development pathway are provided,
allowing for a comprehensive understanding of the challenges faced in the field of NILM. Furthermore,
potential improvements and enhancements are proposed in order to successfully perform the energy
disaggregation.

In this research, a plethora of machine learning algorithms, both in the categories of classification
and regression, are explored as potential solutions for NILM. A collection of solutions proposed in this
dissertation - i.e. Random Forest Regression, Gradient Boosting Regression, and SVR - demonstrates
a significant potential for advancing the NILM field and energy disaggregation. Moreover, these findings
offer promising insights on feasibility of implementation of different approaches as well as the effective-

ness of the methods that have been studied in the extent of this dissertation.

Keywords: Non-intrusive load monitoring, Load disaggregation, Event detection, Machine learn-

ing, Energy monitoring
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Chapter 1

Introduction

Rapidly deteriorating climate and the ongoing process of global warming has spurred an interest and
the development of areas of science that did not get so much attention before. One of those fields is
demand side management and related to it energy efficiency. Development of those areas was aided by
advancement of technologies such as artificial intelligence (Al), internet of things (loT), smart meters,
and smart grids. The common goal is to promote responsible use of resources, conservation of the
environment, and improve societal well-being. Energy management is a key aspect of this development,
which focuses on the efficient utilization of energy resources to achieve sustainability and self-reliance
of energy systems. Nevertheless, as humanity is growing and developing, the consumption of energy is
increasing, which has become a challenge, leading to climate change and global warming.

To mitigate these issues, efforts are being made to reduce carbon emissions in various sectors,
including buildings, industrial, and transportation. The building sector contributes significantly to energy
consumption, and optimizing energy usage in residential/commercial buildings would help reduce carbon
emissions. Energy wastage (or just inefficiency) can be avoided by using advanced energy monitoring
systems to monitor energy consumption and provide feedback to consumers. In recent years there
could be observed a massive roll-out of smart meters being installed in buildings to monitor overall
energy consumption. However, in most of the cases, these provide only information at the building level,
which may not significantly impact consumer behavior.

One of the ways to address the above mentioned issues is through development and implementation
of non-intrusive load monitoring (NILM). Monitoring appliance level energy consumption is expensive
due to the installation of energy meters, additional cables, and space requirements for each appliance.
By using NILM the cost of implementation and adaptation of energy efficiency measures could be dimin-

ished significantly, making it an accessible solution to the vast majority of the residential customers.

1.1 Motivation

The motivation behind this Master’s thesis is rooted in a significant concern for the constantly wors-

ening state of global warming and an unwavering commitment to making a meaningful contribution to



halt this destructive trend before it reaches irreversible levels. This motivation resonates with the deci-
sion made 2 years ago to pursue a comprehensive master’s degree in Sustainable Energy Development
offered by EIT InnoEnergy’.

At the core of this research lies the recognition that emission reduction through energy efficiency
represents a powerful solution for combating carbon and methane emissions. In this context, investi-
gating non-intrusive load monitoring methods becomes intriguing, as they hold significant promise for
reducing energy consumption at the household level. While the emissions reduction achieved from a
single household may appear relatively modest, when multiplied by the hundreds of millions of houses
worldwide, the cumulative impact would become tangible and highly relevant. As one of the ingredients
in this transition, the non-intrusive load monitoring methods could become a key enable towards making
this projection a reality.

Moreover, the importance of energy efficiency measures is underscored by their integration into var-
ious policy frameworks, such as the European Union directives "REpowerEU” and *fit for 55”. These
directives highlight the growing emphasis on energy efficiency in the public sector. Additionally, there
is a notable surge of interest in energy monitoring, optimization, and efficiency enhancement within the
private sector and business domains. In the past couple years prominent companies like Shell and
bp are actively acquiring start-ups specializing in home energy monitoring, such as net2grid, bidgely, or
auto-grid, to name a few. These companies leverage Al and big data to optimize processes, decrease in-
efficiencies, and enhance energy consumption of residential customers or distribution and transmission
grid networks.

The personal dimension of motivation further reinforces the willingness for choosing this thesis sub-
ject. It stems from a recognition of the potential benefits that the entire research and development
process can bring to my future career. Prior to starting this endeavor, | had limited experience in data
engineering, computer science, machine learning, or neural networks. Taking this leap into uncharted
territory has proven to be a rewarding decision, as it has provided me with invaluable knowledge and ex-
panded my horizons immeasurably. | am immensely grateful for the opportunities for growth and learning
that this undertaking has provided me.

By addressing the above mentioned dimensions of motivations, this master’s thesis seeks to make
a valuable contribution to the field of event detection and classification for disaggregation of energy
consumption metering data which could ultimately lead to advancing sustainable energy practices and

combating climate change.

1.2 Topic Overview

Non-intrusive load monitoring (NILM) is a technique used to determine the energy consumption

of individual appliances in a building by analyzing the overall power consumption of the household.

Thttps://www.innoenergy.com/for-students/master-school/master-s-in-sustainable-energy-systems/
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Although the first mention of NILM appeared around three decades ago, its biggest growth can be
observed in the last 10 years. The most promising value that can be brought from applying NILM
technology worldwide is the potential to significantly improve energy efficiency and reduce energy costs
for all.

NILM is typically implemented using a combination of techniques from signal processing, machine
learning, and data analysis. One of the key challenges in NILM is that the power consumption of in-
dividual appliances can be difficult to distinguish from the overall power consumption of the building.
To overcome this challenge, many NILM algorithms use a variety of techniques such as feature extrac-
tion, clustering, and classification to identify patterns in the power consumption data that correspond to

specific appliances. Some of the most common building blocks that are used in NILM include:

» Feature extraction: This involves identifying relevant features in the power consumption data that
can be used to distinguish between different appliances. Some common features used in NILM

include power spectral density, wavelet coefficients, and time-of-use patterns.

+ Classification: This involves using the features extracted from the power consumption data to
classify the energy consumption of individual appliances. Some common classification techniques

used in NILM include decision trees and neural networks.

+ Disaggregation: This is the process of breaking down the overall power consumption of the building
into the specific energy consumption of individual appliances. Disaggregation can be performed

using techniques such as combinatorial optimization, hidden Markov models, and neural networks.

Research in NILM has been growing rapidly in recent years. A lot of work has been done on NILM
technique, several datasets have been proposed and a lot of algorithms have been developed in order
to improve the accuracy of NILM.

In general, non-intrusive load monitoring is a viable solution that has the potential to significantly
improve energy efficiency and reduce energy costs by providing detailed information about the energy
consumption of individual appliances in a building. However there is still a gargantuan amount of work

and research needed in order to improve the accuracy and applicability of those techniques.

1.3 Objectives and Deliverables

The main objective of this dissertation is to experiment and evaluate the feasibility of implementing
non-intrusive load monitoring methodologies and performing the load disaggregation in a specific sce-
nario. This particular scenario refers to a predisposed set of parameters, assumptions, and datasets that
were provided at the beginning of this research endeavor. By employing advanced data analytics and
machine learning techniques, the aim is to achieve a comprehensive understanding of energy consump-
tion patterns and identify individual appliance-level load characteristics. Furthermore, an evaluation of
the effectiveness of multiple classification and regression algorithms applied in the described process of

load disaggregation is being executed.



To achieve the main objective, at first, a rigorous evaluation process of the existing NILM imple-
mentations is undertaken. These toolkits are meticulously assessed, examining their effectiveness in
performing the energy consumption data disaggregating. Through a series of carefully designed ex-
periments, an analysis of their viability for implementation is made. Building upon the aforementioned
findings, an original solution tailored to the unique requirements of the studied households is proposed.
This solution addresses the identified challenges and limitations encountered during the experimentation
with previous toolkits.

In addition to that, this thesis provides a comprehensive introduction to the field of NILM and energy
disaggregation. By examining the underlying principles, algorithms, and methodologies employed in
NILM, a solid theoretical foundation can be established. This introductory section highlights the impor-
tance of NILM in the context of energy engineering, discussing its potential applications, benefits, and
challenges. By understanding the current state-of-the-art techniques and approaches, a better under-
standing can be reached.

In order to successfully perform the necessary experiments and disaggregate given energy con-
sumption data, various libraries, tools, and environments are harnessed. This dissertation provides a
detailed overview of the specific libraries and software frameworks utilized, elaborating on their func-
tionalities and explaining their relevance to the research objectives. On top of that and to ensure trans-
parency and the ability for the implementation to be reproduced, the thesis includes a link to a dedicated
GitHub repository? containing all the necessary code used in the research. This repository serves as a
valuable resource, allowing interested parties to access and examine the implementation details, algo-
rithms, and methodologies employed in the described experiments.

Finally, the findings and results obtained from the experiments are presented in both graphical and
numerical formats. Through visual representations the thesis illustrates the performance and efficacy
of the proposed solution. Additionally, comprehensive numerical analyses and statistical evaluations
provide expanded insights into the accuracy, reliability, and efficiency of the solution. This ensures
a comprehensive understanding of the experimental outcomes and enables meaningful comparisons

between different approaches.

1.4 Thesis Outline

The content of this thesis is structured in the following order. First of all, the genesis of NILM is
presented together with a brief demonstration of the process of development of that field. Secondly,
a theoretical overview and in depth explanation of the theoretical models that are lying at the core
of the non-intrusive load monitoring is shown. Following that an implementation phase is described
meticulously in the form of a step-by-step description of the processes and experiments developed for
the sake of this thesis. Afterwards comes a presentation of the result and the analysis of obtained

values and metrics. The dissertation is finished by a chapter that presents conclusions including the

®https://github.com/mickiewp/thesis_NILM
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main achievements of this study as well as a number of suggestions regarding possible pathways that

could be taken as a future work.






Chapter 2

Background

2.1 Literature Review

The genesis of the topic of nonintrusive load monitoring is assigned by many researchers to a specific
research paper titled "Nonintrusive Appliance Load Monitoring” written by George William Hart, and
published in the Proceedings of the IEEE in 1992 [1]. It focuses on the concept of nonintrusive load
monitoring (NILM) and its potential applications in the field of energy consumption analysis.

As an introduction, the author provides an overview of the need for load monitoring techniques.
The importance of understanding individual appliance energy usage within a building for effective en-
ergy management is highlighted. At that time, traditional methods of load monitoring involved intru-
sive techniques that required attaching sensors or meters to each individual appliance, which can be
cumbersome and expensive. In contrast, NILM aims to estimate the energy consumption of individual
appliances using only aggregate power measurements at the main power supply.

In [1], author describes the fundamental principles behind NILM and presents a comprehensive
framework for its implementation. The paper discusses various signal processing techniques, such as
time-domain and frequency-domain analysis, which are employed to extract appliance-specific features
from the aggregate power signal. Feature extraction methods, such as transient detection, steady-state
power estimation, and pattern recognition, are explored in detail.

The author emphasizes the importance of developing accurate and robust load signatures for differ-
ent appliances, as these signatures serve as reference patterns for appliance identification and energy
disaggregation. Hart discusses different approaches for signature acquisition, including supervised and
unsupervised learning techniques, and provides examples of signature-based appliance recognition al-
gorithms.

The paper also highlights the challenges and limitations associated with NILM, including the pres-
ence of noise, transient events, and overlapping power signatures. The author proposes possible solu-
tions and discusses future research directions to address these challenges.

Furthermore, the author discusses the potential applications of NILM beyond energy monitoring,

such as fault detection, security monitoring, and demand-side management. To support his arguments,



Hart presents case studies and real-world examples to illustrate the effectiveness and practicality of
NILM in these applications.
This paper serves as a foundational reference for researchers and practitioners interested in the field

of NILM and its applications in energy management and beyond.

Another publication which is frequently cited and lays at the core of the NILM development is the pa-
per titled: "NILMTK: An Open Source Toolkit for Non-Intrusive Load Monitoring”. It introduces NILMTK, a
comprehensive open-source toolkit designed for Non-Intrusive Load Monitoring. As already mentioned,
NILM is a technique used to estimate the energy consumption of individual appliances within a building
by analyzing the aggregate power signal [2].

The authors address the need for a standardized and open-source platform in the field of NILM and
present NILMTK as a solution. The toolkit provides a collection of pre-processing, feature extraction,
and disaggregation algorithms, along with evaluation metrics and visualization tools. It aims to simplify
the development and evaluation of NILM algorithms, fostering collaboration and enabling reproducible
research.

The paper discusses the architecture and design principles of NILMTK, highlighting its modularity and
extensibility. It emphasizes the use of a common data format, facilitating data sharing and comparison
between different datasets and algorithms. The toolkit supports various data types, including high-
frequency voltage and current measurements, and accommodates both single- and multi-state appliance
models.

Furthermore, the authors provide a detailed overview of the toolkit’s core components and function-
alities. They describe the data loading process, data preprocessing techniques such as resampling and
noise removal, and feature extraction methods like transient detection and statistical features. The pa-
per also presents different disaggregation algorithms supported by NILMTK, including factorial hidden
Markov models (FHMM) and combinatorial optimization.

The evaluation metrics and visualization capabilities of NILMTK are discussed, enabling researchers
to assess the accuracy and performance of their NILM algorithms. The authors also highlight the toolkit’s
integration with other open-source projects, such as Pandas and scikit-learn, further enhancing its ca-
pabilities and interoperability.

The paper concludes by showcasing the impact and adoption of NILMTK within the research commu-
nity. It discusses several case studies and research projects that have utilized the toolkit, demonstrating

its effectiveness in advancing the field of NILM.

Influenced by rapid development in other machine learning fields like speech recognition or image
processing a novel approach to load disaggregation based on deep neural networks is being intro-
duced. In [3], authors adapt existing solutions to non-intrusive load monitoring and load disaggregation
purposes. In specific, three deep neural networks are redesigned and presented in this paper. First is
based on a form of recurrent neural network called ’long short-term memory’ (LSTM). Second utilizes a
neural network which regresses the start and end time as well as the average power drawn by the spe-
cific appliance during an activation period. Third is an adaptation of denoising already existing solutions

for autoencoders. Furtherly, these three neural networks are tested and evaluated on their accuracy and



efficiency metrics. Last but not least, the performance scores of these novel disaggregation algorithms
are juxtaposed against the conventional approaches like combinatorial optimization or hidden Markov
models.

Authors of [3] suggest that non-intrusive load monitoring (NILM) or energy disaggregation are all
interchangeable terms that describe a computational technique, whose main goal is to distinguish a
specific energy consumption pattern of each electric appliance from a load recording of a whole house
metering. It is pointed out that this technique is nothing new in modern research.

The first wave of interest about topics related to load disaggregation came as far back as the 1980s
with the seminal work of George Hart [4]. Nevertheless, the technology approximately 40 years ago was
on another level than it is now. For example, the first studies were devised using 1 Hz or slower data
collection, whilst nowadays the sampling frequency can be performed at the rates of couple kHz and
sometimes even reaching MHz values.

A couple of potential use-cases or future implementations are mentioned in this paper. Among
them, the most promising are the following: increased performance in grid monitoring and demand side
management capabilities, faster identification of faulty appliances inside a household or a factory, more
informative way of communicating the end users their energy consumption and a possibility to create
more suitable energy quotas from energy companies.

In this specific publication [3], authors want to examine whether the use of neural networks can be
applied to the field of non-intrusive load monitoring. Three aforementioned approaches are studied in
detail. The idea is to check if the algorithms used and developed in different fields of machine learning
could be adapted for the purposes of energy disaggregation and what would be the performance and
accuracy of such an adaptation.

One of the huge advantages of this neural network is that once it is trained on publicly available
datasets it can be applied to any household without a need of a ground truth data for this building.
After the initial training of the algorithms, the network should be capable of disaggregating the energy
consumption and be able to locate the working periods of each appliance based on their characteristic
working patterns. This feature is particularly useful, as it significantly lowers the effort that a homeowner
would have to put into implementation of NILM solutions into his or her household, which is one of the
major obstacles on a way of growth of this field.

The [3] highlights that in order to make the disaggregation algorithms more effective there should be
more variety in databases and also the data collection should be performed in a more structured way.
Using the example of a UK-DALE dataset, it is pointed out that for 5 households recorded, only 3 has
a ground truth recording of a washing machine, and from these three examples consumption patterns
of different machines and their varying load curves make it hard to disaggregate this appliance with a
decent level of accuracy. Authors mention image classification field, and on this base, they suggest that
a bigger variety in data available would greatly enhance the performance of the deep neural networks

for non-intrusive load monitoring purposes.

Feature selection is essential for the classification section of the NILM methodology application [5].

It determines which elements of the recorded electric signal of the appliance will be used for the sake



of distinguishing this specific appliance from other equipments inside the house. Examples of features
that could be used include active or reactive power, peak voltage, maximum current, rms (root mean
square) current, total harmonic distortion of current, enclosed area of voltage-current trajectories with
consideration of trajectory direction [6]. In this publication 33 of such features are listed. Furtherly, they
are divided into two groups, steady and transient features.

This paper presents two important contributions to the field of non-intrusive load monitoring. First is
a comprehensive review of the existing feature selection approaches. Second identifies which features
are bringing the biggest value to improving accuracy and efficiency of the load classification process. On
top of that, combinations of a couple of features joined together are taken into consideration and tested
on the publicly available PLAID dataset. This experiment concludes that some of the combinations can
result in much better outcomes than taking only a single feature.

In general, the authors in [5] compellingly show that selecting the right features to be applied in the
load classification process is a very important step.

The single features that are proved by this paper to have the greatest positive impact on load classi-

fication accuracy are the following (in the order of highest to lowest impact):

1. Total harmonic distortion of current

2. Enclosed area by VI (voltage-current) trajectory with consideration of trajectory direction
3. Energy of detail wavelet coefficients at i-th scale

4. j-th current harmonic coefficient

5. Normalized real power

It is also mentioned that things like the impedance of a nonlinear load or distinct power consumption
patterns in different operating states of multi-state load appliances like a washing machine or a dryer,
are furtherly deteriorating the accuracy of disaggregation and classification algorithms. These instances
pose a significant obstacle on a way of non-intrusive load monitoring development. The paper lists
washing machine, heater, fridge, air conditioner and laptop as the appliances with the worst accuracy,

regardless of any factors.

Belonging to another subcategory of NILM methodologies are solutions that depend on event-based
disaggregation. Reportedly, it brings greater efficiency and accuracy than the previously presented
approaches [7]. Authors of this paper define breakthroughs in smart grids technology, especially smart
meters, as a reason behind the increase in popularity of topics like non-intrusive load monitoring. It is
mentioned that although the field is growing rapidly, there is still much room for improvement.

Data sampling rate is presented as one of the imperative culprits on the path of NILM development.
As far as smart meters are able to collect data at several kilohertz frequency, the problem arises at the
step of transmitting this data to the central station where it can be processed and utilized. One of the
possible solutions is to send this data from a smart meter through the home area network to cloud based

services.
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Moving on, authors present that a major chunk of the present research related to non-intrusive load
monitoring is still relying on the low sampling rates - 1 sample every 1 to 10 seconds. They are mostly
eventless NILM algorithms that are based on probabilistic methods like for example hidden Markov
models (HMM) and deep neural networks. Their main premise is trying to predict or guess a state of a
specific appliance at each point in time. Nevertheless, this approach is in most of the cases only relatable
to big electronic devices like washing machines or electric stove. The drawback of this method is that
the computational power needed to perform disaggregation increases significantly with every appliance
in the household.

To address the aforementioned issues, authors are pointing towards event-based NILM algorithms.
In this scenario higher sampling rates could be harnessed. As a result, features like transient states
during the ON and OFF periods, higher order harmonics or even electromagnetic interference could be
detected.

Event-based NILM algorithms can be distinguished into two categories. First being event detection
and second, event classification. Event detection is focused on finding transient states. For that part it
is critical to apply signal filtering and normalization to accommodate for any irregularities, like voltage
drops, that can disturb proper functioning of the algorithm. On the other hand, event classification is
designed to learn specific load signatures and assign them to corresponding appliances afterwards.
Active or reactive power waveform, current waveform of voltage-current trajectories are among the most
popular features to be employed for that.

Authors in [7] point out that two identical appliances could have different load signatures, which fur-
ther complicates the processes of disaggregation and classification. For example, a washing machine
designed by one manufacturer could have a varying energy consumption pattern than a washing ma-
chine produced by some other company. Even if there would be two identical washing machines, but
they were working in different washing modes, one could be mistakenly classified by the algorithm as
some other appliance, like a notebook or an airfryer.

Although event detection algorithms incorporating probabilistic methods for load disaggregation can
work more efficiently than other solutions, authors highlight that these still require a training process
and labeling. These two aspects are increasing in a substantial way the burden for the end-user and
complicates the implementation.

The methods implemented in [7] introduce a new way of creating a load signature of appliances. The
novel method is based on active, reactive and distortion power trajectories. To compose this vector a
transient state as well as adjacent steady states right before and right after the transient are taken into
consideration. As it is proved in the paper on the example of around 100 distinctive households and
appliance brands, this approach is able to reach 98 % recognition accuracy even if the same type of
appliance is placed in a different household or manufactured by different companies. As a result, the
algorithm is uncannily versatile and relatively easier to apply. Furthermore, the scalability of the NILM

algorithm is greatly enhanced thanks to that.

In the similar subcategory of event-driven methodologies is a following research paper which brings

a novel approach that enhances the usability and effectiveness of the non-intrusive load monitoring [8].
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This method is based on a convolutional neural network (CNN). Additionally, the event-driven detection
procedure helps to locate and classify start and stop points of electric appliances through.

The authors in [8] mention advancements in smart metering and increasing climate-consciousness
as main reasons for growth in popularity of load monitoring and disaggregation. They confer that the
development of the NILM processes is beneficial for both consumers and producers. From household
perspective, by knowing their consumption patterns people can actively switch their most energy inten-
sive to the off-peak hours, therefore lowering their expenditures for electricity. From the side of energy
companies, either working in generation, transmission or distribution, the management of the energy
and balancing the grid is facilitated.

What this paper is using as an input to feed into the NILM algorithm is the raw current data obtained
from the electricity meter. These current waveforms are then transformed into gray-scale images for
each appliance. Later, pattern recognition is applied to locate the start and stop moments in time per
each appliance.

Authors are confident that thanks to using this approach the problems like data dimension reduction
or information loss are avoided. Therefore the higher sampled current data can be utilized. That, as a
consequence, brings the accuracy of the identification results to a higher level. Moreover, computation
complexity and computation time are taken into careful consideration throughout the whole process of

development of this new algorithm.

In opposition to the previous two academic publications - [7] and [8] - comes the paper, which points
out that the majority of the existing publications is focusing on event-based approaches for disaggrega-
tion purposes. This means that the algorithm is looking for a special event, which for example can be
a turning on of the appliance and based on the pattern of this particular transient state it can recognize
this appliance and discern it from other electrical equipment in the house. On top of that, it is highlighted
that these methods cannot reach high enough disaggregation accuracy without obtaining specific load
consumption sub-metered data per each appliance for the training purposes. Therefore, it is not suitable
for real-world applications [9].

To address these issues, the paper presents a non-event-based probabilistic model. This approach
focuses on the whole load consumption patterns and not only on the specific points. It learns specific
parameters of each appliance model and takes into consideration load signatures. In the final step, it
utilizes those two components to recognize state transitions of appliances within the aggregated load
consumption recording.

This study narrows down the scope of disaggregation to the office environment. Even more specif-
ically, it examines a scenario where multiple computer screens, laptops, lamps and other desk level
equipment are connected to the same power socket.

In this particular study, the authors decided to examine a model based on probabilistic methods,
which is called the factorial hidden Markov model (FHMM). It is presented that is able to disaggregate
desk level appliances of both characteristics, single-state (in this paper called 'binary state’ or ON/OFF)
like lamps, or multi-state like computers. The paper points out that the majority of existing publications

focuses on detecting single-state appliances, which is not practical, because much of the equipment
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used in daily life is operating in more elaborated fashion.

Moreover, the method herein presented is using low-frequency data measurements. Consequently,
scalability and introduction of this solution to the market would be greatly facilitated.

It is shown in the paper that this approach, after sufficient training of the model, would be capable
of performing a disaggregation process in real time. It is a major distinguisher from other proposed
solutions. This feature opens the door to deploying the system in a form of ready to use live application.

After performing intricate experimentation of the proposed non-event-based approach to load disag-
gregation, authors present that in case of single-state appliances the accuracy is around 90%, whereas
with multi-load appliances this value drops to 80%. Furtherly, it is shown that the accuracy decreases
significantly with every new equipment added to the load. This makes the approach impractical for a
household application, as usually houses contain more than two or three appliances that would have to

be disaggregated if non-intrusive load monitoring were to be implemented.

The main goal of the subsequent publication is to introduce a new NILM algorithm based on deep
learning and benchmark it using publicly available datasets and compare the results with other already
existing algorithms to show whether it is indeed more effective than the past approaches. This break-
through method harnesses the possibilities of unsupervised learning based on spiking deep neural
networks [10].

The authors, as a motivation for their work, point out three distinctive impediments of the current dis-
aggregation solution. First is limited communication, which relates to a problem highlighted in other re-
search papers, that is data acquisition and data transfer. Second shows that implementing non-intrusive
load monitoring methods is not yet systematized therefore there is a necessity to adjust and accommo-
date the features with respect to particular household or facility. This significantly amplifies the amount
of time and effort needed. Consequently, the cost also rises making the whole project uneconomic.
Last but not least, the issue of priceyness of highly specialized hardware is raised. This in effect further
expands the costs of implementation.

Authors of [10] ascribe a recent uptake in the NILM popularity to the emergence of the field of Internet
of Things, and specifically the smart plugs, which are able to measure voltage and current usage per
each device in the household. This fact makes the process of disaggregation much easier. Nevertheless,
it is called to attention that implementing this on a large scale is unfeasible. The main reason being that
to collect and process influx of data from dozens of smart plugs belonging to the local network would
require powerful computational units, like graphic processing units and such. The solution to this part of
a problem is proposed to be a simple component built from a resistor and capacitor, which imitates the
process of neurons sending electric signals inside the brain.

Another problem is related to the field of machine learning and deep learning, specifically the topics of
data compression and computation cost reduction. Although methods of reducing this load are already
existing in case of NILM and sample frequency of 20 kHz for example would still be a considerable
burden even if lowered by 80%. On top of that comes the struggle of training the neural network in a
supervised learning manner so it would be adjusted to each specific household respectively.

The solution that is proposed by the authors is a new deep learning scheme, which is called ’spiking
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neural networks (SNN)'. It is based on a mechanism in which neurons in the human brain are sending
signals between themselves. Specifically, this approach mimics the flow of an electric impulse that is
discharged between synapse and dendrite and how it activates a specific neuron as an effect. Authors
argue that this interplay that is happening in the brain can be resembled by an elementary electric
circuit build from a resistor and a capacitor (RC circuit) and nothing else. Moving forward such a neural
network could be processed by an integrated circuit like metal-oxide-semiconductor-field-effect transistor
[11]. This would significantly bring the costs of implementing NILM methodology down, as the usage of
sophisticated GPUs could be abandoned.

What is more, the training of this neural network would also become much easier. The only input
that would be needed from the user would be a one time labeling post training (spike-timing-dependent
plasticity (STDP)). In theory, having multiple neuron excitement patterns obtained from the process of
training the neural network the final user would have to assign one pattern to one appliance and from
this moment onward the algorithm would be able to perform disaggregation and classification of the load
on itself.

Lastly, this approach addresses the problem of extremely high frequency of data collection and trans-
mission that is necessary for developing non-intrusive load monitoring algorithms. Furtherly, this solution
also facilitates to perform a more efficient distributed computation. By presented example, it is shown
that it is easier to compress binary vectors used by SNN than an 8 or 16 bits of analog data used in
currently prevalent analog neural networks (ANN). Thanks to this, a first layer of processing data could
happen on a smart outlet and afterwards a refined/filtered data would be sent to a local server - the

second layer.

A comprehensive review that presents the state-of-the art methodologies in the NILM field comes
from [12]. This paper similarly to [2] links a development of non-intrusive load monitoring field to in-
creased prevalence of smart meters. Moreover, it also adds noticeable progress in the areas of artificial
intelligence, and smart grids as vital causes behind this growth. All in all, authors assign these com-
ponents to a major category of smart sustainable cities, which promotes efficient use of resources,
improving the overall well-being of its citizens and environmentally conscious solutions. Following that,
it is highlighted how important is the development and improvement in this specific category in relation
to the huge ongoing process of global warming and how it could help in its mitigation.

In short, this paper does not contribute any new method or algorithm to the field of non-intrusive load
monitoring. It serves as a review and a big picture summary of what has been achieved up until this
point, what are the state-of-the-art solutions being introduced and developed at this point in time as well
as what are the outlooks for the future. It also provides a plethora of explanations of basic concepts,
which in effect makes it easier for a reader who is not accustomed with the field of NILM to follow the
contents of this paper.

In [12], authors are referring to findings published by [13], which implies that due to increase in global
population the surge in energy consumption can be observed. This ever-growing demand would finally
result in shortages or blackouts leading to overall energy crises, which will harm economies of the whole

countries and its populations. Based on this line of reason the point is made of how important the field of
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energy management is. By in detail monitoring of present energy consumption and analyzing the past
records an energy optimization algorithm can be applied. As a result, any inefficiencies or losses might
be avoided. That is also where the topic of non-intrusive load monitoring would come into the picture.

There are two approaches to lowering the intensity of carbon emission related to the building sector.
One is to create well insulted, energy efficient building, which are made from sustainable materials
as 4-8% of total global CO2 emissions come from concrete [14]. The other option is to improve the
energy efficiency of already constructed buildings. As calculated by [15], in 2021 emissions related to
the operation and construction of buildings accounted for 30% of global final energy consumption.

The paper mentions a couple of thought-provoking findings, which points out that by monitoring
energy usage and providing feedback to the consumers regarding their consumption patterns and how
they can improve them there is a potential of lowering their energy usage. Nevertheless, there are
different values presented in specific papers. In one of them, it is mentioned that this reduction could
drop by 3% [16]. Meanwhile the other study calculates that this percentage of potential energy savings
can grow to as much as 9% [17]. On the other hand, analyses made by [18] show that there is no
reduction in energy consumption whatsoever.

As an introduction, the authors are presenting four building blocks of the non-intrusive load monitor-
ing, which are data acquisition, event detection, feature extraction and finally energy disaggregation. It
also highlights that most of the methods are based on artificial intelligence or machine learning. More-
over, the training of the algorithms can be divided into supervised or unsupervised. In order to detect
a specific energy consumption waveform of an appliance, also called signature, one can refer to either
steady state or transient features.

A vital point that this paper is raising is the role that sampling rate of the data is playing in the whole
process. In a perfect scenario, without taking into consideration all other factors or things, the higher
the sampling rate the better. Nevertheless, there is an issue related to that. To obtain higher sampling
there would be a necessity of more advanced and therefore more expensive metering devices. On
top of that, gathering, sending, and processing such huge amounts of data would additionally drive
the expenses even higher. This stands in direct opposition to the basic premise of non-intrusive load
monitoring, which intends to make it more accessible and affordable for the end-users to get feedback
on their energy usage. As a name states itself, it should be ’non-intrusive’.

The benefits of a successful implementation of NILM are presented here from a two main points of
view. As a household owner, by getting detailed feedback on an energy consumption for specific appli-
ances in your house, you could adjust your consumption patterns and start applying energy efficiency
practices. What’s more, it would be possible to detect any deviations from a normal operation of any
appliance. From a perspective of a utility or an energy service company introduction of NILM would
potentially facilitate operations related to demand side response. Detecting faults in a grid would also
happen quicker and it would be much easier to find the points of failure.

Beyond already mentioned applications of the NILM methodology in smart grids and distribution
energy resources, authors also ponder about the opportunities for the future. Two particularly interesting

and at first glance non obvious areas are mentioned. The first is related to the military and the second
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with elderly people. As for the military, the shipboard of the US Navy is given as an example. It is
written that by installing proper measuring devices and applying NILM techniques any problem of the
electrical system or an electrical machine could be found and repaired much faster. The other creative
implementation would be into assisted living of elderly people. Through non-intrusive load monitoring
of households in which seniors are dwelling alone, it could be monitored and detected if they are doing
fine, by looking at anomalies in their daily usage of home appliances.

Besides numerous advantages of NILM and its vast potential for making a positive impact on human

development, there are also a couple of drawbacks that should be mentioned:

1. Data Management Challenges: One of the primary challenges in NILM lies in the process of data
collection, transmission, and storage. The ability to capture appliance signatures with extremely
high sampling frequency is crucial for accurate energy disaggregation. However, the efficient trans-
mission of such vast amounts of data to the cloud over wireless broadband remains a significant
bottleneck. Furthermore, the potential for data losses during each step of the process raises con-
cerns regarding the reliability and integrity of the collected data. Addressing these challenges is

essential to ensure the effectiveness of NILM systems in real-world applications.

2. Technology Immaturity: Despite the rapid growth witnessed in the field of NILM in recent years, it
can still be considered in the research phase of technology development. To achieve widespread
adoption, there is a need for specialized hardware specifically designed for non-intrusive load
monitoring purposes. Just as the introduction of GPUs revolutionized computer gaming, graphics,
video processing, and artificial intelligence, a similar shift is required to propel NILM into the mass
market. The ideal solution should be easily accessible, user-friendly, and cost-effective, enabling

seamless integration into existing energy management systems.

3. Algorithmic Complexity: NILM heavily relies on machine learning algorithms to disaggregate en-
ergy consumption. However, the complexity and computational demands associated with training
these models pose significant challenges. Training accurate and reliable disaggregation models
can often take days, and user input may be required, making the process time-consuming and
costly. Overcoming these challenges is crucial to develop more efficient algorithms that can de-
liver accurate appliance-level energy consumption without excessive computational requirements

and user intervention.

4. Consistency in Data Formats and Methodologies: While efforts have been made to standardize
data formats and methodologies in NILM research, the field remains somewhat chaotic. The lack of
consistency poses challenges for researchers and practitioners in navigating the existing literature
and developing meaningful contributions. Achieving a higher level of standardization will enable
researchers to build upon each other’s work, fostering collaboration and advancing the field more
effectively. Establishing common protocols, data formats, and evaluation metrics will streamline
the development and evaluation of NILM algorithms, ultimately leading to more robust and reliable

solutions.
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2.2 Experimental Setup

2.2.1 Dataset description

The data was collected and provided by a Portuguese electric utility. A set of hardware that could
potentially be deployed for the sake of this project is presented on Figure 2.1. Presumably, using such
devices it would be possible to collect, record and send the necessary measurements. In the top-left part
of the figure are presented two smart plugs units that could collect specific data from each equipment
inside a given household and provide the so called 'source of truth’, a crucial element for performing load
disaggregation. Next to them, in the top-right corner of the figure is a smart meter that could measure
and record the data from the power consumption of the whole house providing a specific part of the
dataset that is later in this thesis referred to as 'mains’ or raw data’. At the bottom of the figure, a
communication device can be seen, which possibly is used for preliminary validation of collected data,

packaging this data into tangible files, and sending them to the assigned directory.

Figure 2.1: An ensemble of edp redy products that can be used for the
home monitoring purposes. source: https://www.sato-project.eu/news/
edp—new-completes—-demonstration-activities-in-seixal-residential-pilot

The data was collected from two single family households. In the first one, called "House 07, there

lives a family of four (2 adults and 2 kids). On the other hand, the second house, referred to as “House
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1” is inhabited by three people (2 adults and 1 children). It was mentioned in the internal communication
that both of the houses are located in Portugal. No further detail related to a more precise location had
been provided.

In theory, the time frame of power consumption of each of the houses should span for exactly 1 week
or 7 days. Meanwhile, reality turned out to be slightly different. The data was sent as a collection of
folders containing recordings from each day from 30 September 2021 till 11 October 2021. According
to datasheets there should be data recorded for the House 0 starting at 00:01 on 30 September 2021
and ending at 23:59 on 06 October 2021. For House 1 the start date of data collected is at 00:01 on 5
October 2021 and ends at 23:59 11 October 2021. Nevertheless, there was only one folder for a day of
05/10/2021 and one for 06/10/2021, instead of two pairs - one for House 0 and the other for House 1
respectively. As it turned out, the data contained for those two days indicated above was related to the
recordings from House 1. Therefore, instead of having 7 day recording for House 0, there was only 5
days of data available for this household.

Separately to this recording from the mains, another set of data was provided. It was sent in the
form of two csv files, first for House 0 and second for House 1. Each of the files contained energy
measurements from special smart-plugs that were monitoring power consumption of specific appliances
or groups of appliances inside the house. These recordings were meant to serve as the “source of truth”
in the subsequent part of this research.

For House 0 these devices are bundled in the following groups:
1. ‘Fridge + Freezer’

2. '‘Oven + Microwave’

3. ‘Bimby / Kettle / Air fryer’

4. ‘Stove’

For House 1 these devices are:

1. ‘Fridge + Freezer

2. ‘Washing Machine’

3. “Microwave / Coffee Machine / Kettle / Toaster’

Beside the above mentioned electric devices that were monitored, there were also other non-monitored
equipment that are important to list, because they are also a part of the energy consumption of the whole
house and therefore they might influence the experiments with disaggregation and classification under-
taken on this house. For House 0 these devices are: TVs, TV Box, Sound Bar, 2x Laptops, Sandwich
Press Girill, Toaster, Electric Blinds, Garage door electric monitor. On the other site, in the House 1 the
unmonitored equipments are: TVs, TV Box, MiniPC, Game Console, 2x HVAC, Bathroom Heater, 2x

Laptops, 2x Displays.
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In the following part of this research the predicted values from either classification or regression
experiments were juxtaposed to the “source of truth” files to evaluate effectiveness of aforementioned
algorithms.

The time resolution of those data recordings is 1 sample per minute. On top of that, there data
measurements in more sparse resolution of 1 sample per 15 minutes was also provided. Nevertheless
the decision was made to omit them as such resolution would not give any valuable insight from the non-
intrusive load monitoring and energy disaggregation perspective. Table 2.1 provides a brief overview,
presentation and comparison of the most popular datasets in the field of NILM, which are listed next to

the dataset incorporated in this dissertation.

Table 2.1: A collection of the most popular datasets used for NILM

Dataset Country Buildings Duration Sampling Publication
[LV: 15 kHz
REDD United States 6 2-4 w P:1 Hz [19]
OA:4s
ILV: 12 kHz
BLUED United States 1 1w P.Q: 60 Hz [20]
OA: 1 Hz
ILV: 16 kHz
UK-DALE  United Kingdom 5 655d PQ: 1 Hz [21]
OA:6s
PLAID United States 55 n/a 30 kHz [22]
IAWE India 1 74d 1 Hz [23]
DRED the Netherlands 1 6m 1 Hz, 1 min [24]
this thesis  Portugal 2 5-7d WV T.5 KHz n/a

OA: 1 min, 15 min
| = current, V = voltage, P = active power, Q = reactive power, OA = one appliance

The dataset obtained from the external entity was shared in compressed gzip file format. Gzip is
a popular data compression and file packaging format. It is commonly used to compress single files
or concatenate multiple files into a single compressed archive. Consequently, the initial task involved
decompressing all the folders to obtain a readable dataset that could be utilized for the purpose of this
dissertation. Additionally, it was necessary to execute the parsing step.

After performing aforementioned steps, the datasets were aligned in the following order. The whole
recording from 30 September 2021 to 11 October 2021 was divided into folders containing 4 hours of
data recording. First folder being called "20210930_.00h_04h ” and the last one “20211011_20h_24h".

One folder contains either 240 elements, that are 1 minute recordings of a mains signal in a csv format.
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An exemplary name of such a file is the following: “20211005.040250”. As a sampling frequency is
equal to 7.5 kHz, inside each singular file there are 450001 rows of data, with the first row being a
description of each column. First column is a timestamp, which denotes a specific minute at which
data was collected, written in a 10-digit epoch time format. Second, third and fourth columns contain
measurements of instantaneous voltage, instantaneous current, and instantaneous power respectively.

One csv file has a size of approximately 10.8 MB. Having 240 files in one folder and a total number
of 72 folders the aggregated size of all the data from mains recording collected accumulates to around
176.4 GB worth of data.

The initial observation and inspection of dataset quality is performed at the point of collection of
data, which in this specific case is inside the given household. Among the actions that are performed
to ensure a decent standard of data are: checking max absolute and delta values, performing continuity
checks, constant monitoring of the frequency of mains.

It is useful to present the internal structure of each 1-minute file, so that a better understanding of it
and its impact on the experiment can be reached. The file is divided into 12 columns named: ‘id’, ‘col-
lectionDate’, ‘macAddress’, ‘messageType’, ‘operationType’, ‘localld, date’, ‘ActiveEnergyConsumed’,
‘AverageVoltage’, ‘ActiveEnergylnjected’, ‘ActiveEnergyProduced’, ‘ActivePeakPowerConsumed’. Each
column has a length of around 10060 rows, where the number of rows is varying slightly from appliance
to appliance due to some missing recording in those 1-minute files. It is necessary to mention that
from the 5 last columns that are directly related to the energy measurement indicators only one called
‘ActiveEnergyConsumed’ contains any data and the other 4 are empty.

On the other side, the structure of data recordings from the mains was divided into one column
containing a timestamp signature and following that additional 3 columns called: ‘voltage’, ‘current’,
‘power’. Each of those 3 specific energy measures recordings contains 450000 rows. As it is elaborated
in the following chapter of this dissertation at the latter stage of the experiments the lengths of 1-minute

files and the raw data file containing recordings from main had to be adjusted in a proper manner.

2.3 Tools and methods

2.3.1 NILMTK toolkit

One of the most popular tools in the field of non-intrusive load monitoring is a toolkit called: NILMTK.
It is an open-source package of functions and algorithms, whose goal is to enable the comparison
of energy disaggregation algorithms in a reproducible manner. It was developed and published in [2]
by researchers from Indraprastha Institute of Information Technology Delhi, Imperial College London,
University of Southampton, Columbia, and UCLA. Although the paper was published almost a decade

ago, to this day it is one of the most widely used resources and references in the field of NILM.
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This paper is a pioneering work on the possibility for comparing a variety of disaggregation ap-
proaches among multiple data sets, which are publicly available. On top of that, the toolkit presented in
the paper is also equipped with supplementary tools and functionalities that are intended to facilitate the

comparison process even further. In the initial version the tools at the disposal are:
+ data preprocessing - checking continuity, deleting repeated values;

* parsers, which helps to adapt the datasets to format and proper layout that can be then inputted to

the disaggregation algorithms;

* two reference benchmark algorithms: Combinatorial Optimization and Factorial Hidden Markov
Models;

+ accuracy metrics, which helps to assess how effective the algorithm and the process is (True

Positive, Recall, Precision, etc.).

It is pointed out that although the topic of nonintrusive appliance load monitoring was primarily intro-
duced in the 1990s, there still is an extensive field of unexplored opportunities and functionalities waiting
to be discovered. It is mentioned that in the last couple years prior to the publication of this paper, the
topic of non-intrusive load monitoring regained interest and attractiveness due to the fact of increased
prevalence of smart meters as well as decreased cost of electricity sensors applicable to retail con-
sumers. This rise in popularity could be quantified by the number of papers released on the topic as well
as a number of startups being founded at that time.

The crucial problem that is singled out by the authors of this paper is that the comparison between
different disaggregation algorithms is virtually impossible. Consequently, the speed and quality of further
development of the non-intrusive load monitoring is significantly suppressed. There are three main
issues presented as a component of this problem. Firstly, the variability of data sets used, appliances
measured, sampling frequency, measurement location, time frame and a plethora of other aspects are all
responsible for creating bigger and bigger divergence among obtained results. These differences make
it excruciatingly difficult to reproduce given experiments. Another side to the problem is that there are no
benchmark algorithms publicly available. As a result, there can be no juxtaposition of an algorithm used,
and therefore it cannot be said whether a presented approach is more or less accurate and effective than
an alternative one. Thirdly, the lack of commonly used accuracy and performance metrics for evaluation
of a given approach prevents a direct and precise comparison between two or more disaggregation
algorithms. On top of that, it was observed that due to the lack of some benchmark implementation
examples with open-source access, a phenomenon of reimplementation is fairly common in the field.
This directly leads to loss of time and resources. In effect it impedes the growth of the NILM area of
research in general.

Having all these impediments in mind the authors are introducing an open source tool, which they
call: NILMTK. The creation of such a toolkit is furtherly motivated by references of such tools already
existent in other fields, such as 'PhysioToolkit’ in the biomedical research community, or ‘'CRAWDAD’

related to the field of wireless networks.
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The authors mention 3 main attributes of the NILMTK toolkit, which are believed to be giving the
tool its unique advantage. First is the fact that the toolkit and its documentation are released as open-
source software. It can be easily accessed through the Github platform'. This way the barrier to entry
to the NILM related topics is believed to be lowered, thus possibly spurring the interest and accelerating
general development of the field. Second is a modular design and clear API design based on scikit-learn
machine learning software. Third attribute is that most of the code is written in Python language, which

is one of the most popular programming languages in the world.

Among a series of contributions of the NILMTK toolkit it is worth to highlight a few. One of them is
an introduction of a uniform data format called NILMTK-DF, which thoroughly described and evaluated
in [25] or [26]. A conception of this format is supported by the fact that there was, and still is, a major
diversity of data formats in which measurements of energy consumption of whole households and then
specific appliances are recorded and stored. Consequently, it is almost impossible to use one data set
as an input to the disaggregation algorithm that was created for an entirely different data set. Another
contribution is that inside the toolkit there are two disaggregation algorithms provided. The first is based
on combinatorial optimization and the second on the factorial hidden Markov model. They can serve
as a benchmark for any new disaggregation approach proposed by future research. On top of that a
variety of functions needed to perform an initial data preprocessing are also provided. Lastly, a couple
of accuracy metrics are proposed, which are also hoped to be serving as a benchmark for the sake of

future development of the NILM field.

Combinatorial Optimization

Having in mind that combinatorial optimization (CO) is one of the two methods included in the
NILMTK package it is worth briefly mentioning the basic logic behind it. In this way, this method could

be superficially compared with other algorithms implemented in this experiment.

The main application of combinatorial optimization is to find the best solution among a set of possible
solutions for a problem with discrete variables. This area of mathematics and computer science seeks
to optimize an objective function over a discrete set of feasible solutions by finding the best combination

of variables that allows to reach a desired output [27].

Examples of problems that can be solved using combinatorial optimization techniques include the
traveling salesman problem, where the objective is to find the shortest possible route that visits a set of
cities and returns to the starting point or the graph coloring problem, which aims to find the minimum
number of colors required to color the vertices of a graph such that no two adjacent vertices have the

same color [28].

Combinatorial optimization algorithms use various techniques to search the solution space, such as
branch and bound, dynamic programming, genetic algorithms, and other methods. These algorithms
can help solve complex optimization problems that would otherwise be impossible to solve using brute
force methods.

Thttps://github.com/nilmtk/nilmtk
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Factorial Hidden Markov Models

The other of the two methods on the disposal inside the NILMTK toolkit is Factorial Hidden Markov
Models (FHMM). This algorithm originates from the one called Hidden Markov Models (HMM). To better
understand the latter it is best to start with the HMMs.

A HMM is a statistical model that is used to model systems that are assumed to be Markov processes
with hidden states. In other words, HMMs are models that are used to describe situations where you
observe a sequence of outputs (e.g. a sequence of words), but the underlying state that generated
those outputs is not directly observable. Each hidden state has an associated probability distribution
over the possible observable outputs. The probability of moving from one hidden state to another is also
governed by a set of probabilities [29].

A Markov process is a mathematical model that describes a system in which the future state of the
system depends only on its present state and not on any of its previous states. It is a memoryless
stochastic process which only takes into account the probability distribution of the future state. A Markov
process is typically defined by a set of states and a set of probabilities that describe the probability of
transitioning from one state to another. These probabilities are often represented as a transition matrix.

On top of that the FHMMs were created. Both FHMMs and HMMs are probabilistic models used
for sequence modeling. However, there are some important differences between the two. The main
difference is that FHMMs allow for multiple, parallel, and independent hidden state sequences, while
HMMs only have one hidden state sequence. In other words, FHMMs can model interactions between
multiple sequences, while HMMs can only model one sequence at a time. FHMMs are often used for
modeling complex time series data, where there may be multiple sources of variation or multiple related

time series that need to be modeled together.

2.3.2 Scikit-learn

Scikit-learn is a widely-used machine learning library in Python that provides a comprehensive set
of tools for data analysis, predictive modeling, and pattern recognition [30]. It is built on top of NumPy,
SciPy, and matplotlib, which are fundamental Python libraries. Scikit-learn is designed to be user-
friendly, efficient, and accessible to both novice and experienced machine learning researchers.

The scikit-learn library offers a wide range of algorithms and functionalities for various machine learn-
ing tasks, including classification, regression, clustering, or model selection. It supports both supervised
and unsupervised learning approaches, making it suitable for a diverse range of applications. With its
extensive documentation, rich set of examples, and an active community, scikit-learn is an excellent
resource that can be deployed with a considerable straightforwardness by anyone wanting to conduct
research in the field of machine learning [31].

One of the key strengths of scikit-learn is its emphasis on simplicity and consistency. It provides
a unified and intuitive interface for working with different algorithms, making it easy to create a variety
of experiments and compare different models. The API follows a consistent structure, allowing users

to seamlessly switch between algorithms without needing to rewrite their code. This consistency also
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extends to the representation of data, where scikit-learn relies on the widely-adopted NumPy array
format, ensuring compatibility with other scientific computing libraries.

Scikit-learn incorporates a wide range of machine learning algorithms, spanning from traditional
techniques to state-of-the-art methods. All the models are implemented with efficiency in mind, lever-
aging optimized numerical operations from underlying libraries. The library also includes preprocessing
modules for data transformation, feature extraction, and scaling, which are crucial steps in the machine
learning pipeline. On top of that, scikit-learn provides tools for model evaluation and validation. It offers
metrics for assessing the performance of models, cross-validation techniques, and hyperparameter tun-
ing methods to optimize model settings. These evaluation and validation procedures enable researchers
to make informed decisions about their models and ensure reliable and reproducible results.

Scikit-learn is a powerful and versatile machine learning library that simplifies the development and
deployment of machine learning models. lts ease of use, extensive documentation, and broad range of

functionalities make it an essential tool for researchers and users in the field.

2.3.3 K-fold cross-validation

K-fold cross-validation is a popularly used approach for effectively evaluating and validating predic-
tive models. It addresses the ubiquitous in machine learning challenge of increasing the performance of
predictive models, which are crucially dependent on the quality and quantity of the available data. Such
obstacles are especially pronounced when the dataset is limited. This specific cross-validation tech-
nique achieves the task by partitioning the available data into k subsets or "folds” [32]. The underlying
methodology that drives this technique can be described sequentially.

First step is the data partitioning in which the original dataset is divided into k roughly equal-sized
subsets or folds. Each fold contains an approximately equal distribution of samples. Following that
comes the iterative training and evaluation. At this point the model is trained and evaluated k times.
During each iteration, the model is trained on k-1 folds, while the one remaining fold is left aside as
a validation set to later on evaluate the model’s performance. Thirdly, there is a step of performance
aggregation. All of the performance measures (e.g. accuracy, precision, recall, or F1 score) obtained
from each iteration are at this time averaged or combined and respectively an overall assessment of the
model's performance is computed. Last but not least the model selection and hyperparameter tuning
can be performed. By systematically evaluating models across multiple folds the k-fold cross-validation
helps in selecting the best-performing model or finding optimal hyperparameter settings.

There are a number of advantages of k-fold cross-validation. First to mention would be its robustness
in performance estimation. It provides a more reliable estimate of a model’s performance compared to
a single train-test split. It also reduces the risk of overfitting or underfitting due to the randomness of the
train-test split. Another advantage would be the efficient use of data. As each sample gets to be part of
the training set and the validation set in different folds this validation approach utilizes a larger portion
of the available data for training. This is especially beneficial when the dataset is limited. One more

advantage to mention is an overall better model generalization. By evaluating the model on multiple
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validation sets k-fold cross-validation gives a better indication of how well the model will perform on
unseen data. It provides a more realistic assessment of the model’s ability to generalize, which indicates
how successful this model would be when applied to a new untrained dataset.

In essence, k-fold cross-validation is bringing an enormous value into evaluating and validating pre-
dictive models in machine learning. By partitioning the data, iteratively training and evaluating the model,
and aggregating performance measures, it provides a reliable estimate of a model's performance and
helps in selecting the best model for the specific task. Its efficient use of data and ability to assess

generalization make it an exceptionally popular choice for model evaluation.

2.3.4 Classification

Classification is a process in machine learning that involves assigning data points into different
classes or categories. It is a type of a supervised learning algorithm that is used to predict the class
label of a new data point based on the information contained in a set of training data, which consists of
a set of features or attributes and the corresponding class labels. The classification algorithm learns the
relationship between the features and the class labels and uses this knowledge to predict the class label
of new data points [33].

Classification algorithms can be broadly categorized into two types: binary classification and multi-
class classification. In binary classification, the task is to predict the class label of a data point that
belongs to one of two possible classes. In the context of NILM would be for example, predicting whether
a specific device is turned on or off at a certain moment in time would be a binary classification problem.
In multi-class classification, the task is to predict the class label of a data point that belongs to one of
several possible classes. For example, predicting the type of an electrical equipment based on more
than one characteristic, like current curve, active and reactive load profile, voltage drops, etc.

Classification is used in a wide range of applications, including image and speech recognition, fraud
detection, sentiment analysis, and recommendation systems. It is a powerful tool that enables machines
to make intelligent decisions based on the patterns and relationships in the data. However, the accuracy
of the classification algorithm depends on the quality of the training data, the choice of features, and the

selection of the appropriate classification algorithm for the specific problem at hand.

Logistic Regression

Logistic regression is a popular type of a classification algorithm, where the goal is to predict a binary
outcome (e.g., true/false, 1/0) based on a set of input features. A simplified operation of classification
can be seen on Figure 2.2.

The basic idea behind logistic regression is to use a logistic function (also called the sigmoid function)
to transform a linear combination of the input features into a probability value between 0 and 1. The
logistic function takes any real-valued number as input and returns a value between 0 and 1. The output

of the logistic function can be interpreted as the predicted probability of the positive class [34].
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Figure 2.2: Example graph of a logistic regression curve fitted to data. The curve shows the probability of
passing an exam versus hours spent studying. source: https://en.wikipedia.org/wiki/Logistic_
regression

The goal of training a logistic regression model is to learn the optimal values of the weights of the
logistic regression model assigned to each input value such that the predicted probabilities are as close
as possible to the true values in the training data. This is typically done by minimizing a loss function such
as the binary cross-entropy loss using gradient descent or maximizing the Area Under Curve (AUC).

Once the logistic regression model is trained, it can be used to predict the probability of the positive
class for new input data points, and a decision threshold can be set to convert the probabilities into

binary class labels.

Random Forest Classifier

Random forest is a type of ensemble learning algorithm that combines a multitude of decision trees
to create a more accurate and robust classifier. The idea behind random forest is to build a large number
of decision trees, each trained on a random subset of the training data and a random subset of the input
features, as it can be seen on Figure 2.3 The final prediction of the random forest is then based on the
majority vote or average of the predictions of the individual trees [35].

The first step in building a random forest classifier would be a random sampling process in which a
random subset of the training data is selected to train each tree in the forest. This as an effect helps to
reduce overfitting by introducing diversity into the training data for each tree.

Following that is a random feature selection. At this point at each node of each decision tree, a
random subset of the input features is considered for categorizing the data. This helps to reduce the
correlation between the individual trees and make the random forest more robust to noisy or irrelevant

features.
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Figure 2.3: Graphic simplified representation of Random Forest algorithm. source: https://www.
freecodecamp.org/news/how-to-use-the-tree-based-algorithm-for-machine-learning/

After that ensues a step of building decision trees which is built for each subset of the data and
features using a specific criteria. The decision tree splits the data into smaller and smaller subsets
based on the selected features. In that, each final node represents a class label.

As the last step comes a process of combining just generated decision trees. The predictions of all
the decision trees in the forest are combined to make the final prediction. Each decision tree can cast
one vote as to what a class label is according to it based on the preceding categorization of data. In a
classification problem, the class with the highest number of votes from the individual trees is selected as

the final prediction.

Gradient Boosting Classifier

Gradient Boosting Classifier (GBS) is another classification algorithm popular in the field of machine
learning. It works by combining multiple weak prediction models to create a strong prediction model.
Similarly to the previous method of classification, this one also is based on decision trees, nevertheless
it uses them in a different manner. The algorithm starts by creating a simple decision tree that makes
predictions based on a single feature. Then, it evaluates how well the tree performs by comparing its
predictions to the actual outcomes. Nexti, it creates a new decision tree that focuses on the samples that
were misclassified by the first tree. Following that proceeds a number of iterations where the process is
repeated multiple times, with each new tree trying to correct the errors made by the previous ones. What
can be also seen on Figure 2.4 is that in the end, all the trees are combined to create a final prediction
model that is significantly more accurate than any of the individual trees [36].

The term "gradient boosting” refers to the use of gradient descent optimization technique to minimize
the loss function [37]. The loss function is a measure of how well the prediction model is performing
on a set of given input data. During the training process, the algorithm calculates the gradient of the

loss function with respect to the predicted values. It then uses this gradient to update the weights of
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the prediction model, so that it can make better predictions. The gradient descent process is repeated

multiple times, with each iteration improving the performance of the prediction model.
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Figure 2.4: Graphic simplified representation of Gradient Boosting algorithm. source: https://
datascience.eu/machine-learning/gradient-boosting-what-you-need-to-know/

Gradient Boosting Classifier is known for its high accuracy and ability to handle large and complex
datasets. However, it can be computationally expensive and requires careful tuning. Overall, gradient
boosting is a powerful tool for classification tasks and has become one of the most popular machine

learning algorithms in computer science.

Support Vector Classifier

Support Vector Classifier (SVC) is a machine learning algorithm used for classification purposes.
It is based on the idea of finding the hyperplane in the feature space that separates the data points
into different classes. It achieves the task by finding the maximum margin. The margin is defined as
the distance between the hyperplane and the closest data points from each class, as showcased on
Figure 2.5. Ultimately, the goal of the SVC algorithm is to find the hyperplane that maximizes this margin

while also minimizing the classification error [38].

In SVC, each data point is represented as a vector in a high-dimensional space. The algorithm then
finds the hyperplane that separates the data points with the maximum margin. To achieve this, SVC
uses a mathematical technique called Lagrange multipliers to optimize a cost function that balances the
margin with respect to keeping the classification error as low as possible. The resulting hyperplane is
called the maximum margin hyperplane and is used to classify new data points based on which side of

the hyperplane they fall.
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Figure 2.5: Graphic representation of a hyperplane, support vectors and the margin in a Support Vector
Machine source: https://ch.mathworks. com/discovery/support-vector-machine.html

2.3.5 Regression

Regression is a statistical method used in computer science to determine the relationship between
one or more independent variables and a dependent variable. In simpler terms, regression helps in
predicting the value of one variable based on the values of other variables. It is a popular technique
used in machine learning, data analysis, and other related fields. The aim of regression is to establish
a mathematical relationship between the variables so that future values can be predicted with greater
accuracy [39].

There are two main types of regression: linear and nonlinear. Linear regression assumes that the
relationship between the predictor variables and the outcome variable is linear, which means it can be
represented as a straight line. Nonlinear regression models, on the other hand, allow for more complex
relationships between the variables, such as curves or other nonlinear shapes.

Regression analysis involves identifying the variables that have an impact on the dependent variable.
These variables are known as predictors or independent variables. The other crucial component of a
regression analysis involves determining the strength of the relationship between both the independent
and the dependent variables.

Once a model is built, it can be used to make predictions about the outcome variable based on the
predictor variables. The accuracy of the predictions depends on the quality of the model, which can be
evaluated using various metrics such as the mean squared error or the R-squared value, which will be

explained in more detail in the following part of this dissertation.

LinearRegression

Linear regression is a statistical modeling technique used to establish a linear relationship between a
dependent variable and one or more independent variables. It is one of the simplest and most commonly

used techniques for predictive modeling and is widely used in various fields such as finance, economics,
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social sciences, and engineering. The basic idea of linear regression is to find the best fit for a line (or
hyperplane in higher dimensions) to the data points in such a way that the distance between the line
and the data points is minimized. The line represents the best linear approximation of the relationship
between the dependent and independent variables, as it is graphically presented on Figure 2.6.

In computer science, linear regression is often used as a supervised learning algorithm for predicting
numerical values based on input data. For example, it can be used to predict the price of a house based
on its size, number of bedrooms, location, etc. The algorithm learns from a training set of input-output
pairs and then uses this knowledge to make predictions on new input data. The process of learning
involves estimating the parameters of the linear equation that best fits the training data. This is typically
done by minimizing the sum of squared errors between the predicted and actual output values using

techniques such as gradient descent or the normal equation.
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Figure 2.6: Graphic representation of an exemplary Linear regression model. source: https://www.
analyticsvidhya.com/blog/2021/10/everything-you-need-to-know-about-linear-regression/

One of the strengths of linear regression is its simplicity and interpretability. The model can be
easily visualized as a line or hyperplane, and the coefficients of the model provide insights into the
relationships between the variables. However, linear regression also has some limitations. It assumes
a linear relationship between the variables and may not capture complex nonlinear relationships. It is
also sensitive to outliers and can be affected by multicollinearity (high correlation between independent

variables). To overcome these limitations, more advanced regression techniques should be utilized.

RandomForestRegressor

The main difference between a Random Forest Regressor and a Random Forest Classifier is the
type of problem they are used to solve. A Random Forest Regressor is used for regression tasks, where

the goal is to predict a continuous output variable. For example, predicting the price of a house based
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on its features such as the number of bedrooms, square footage, and location. On the other hand, a
Random Forest Classifier is used for classification tasks, where the goal is to predict a categorical output
variable. For example, predicting whether an e-mail is spam or not based on its features such as the
sender, subject line, and content [40].

While both algorithms use decision trees and ensemble methods to improve the accuracy of their
predictions, there are some differences in how they work. In a Random Forest Regressor, the final
prediction is the average of the predictions made by each decision tree. In contrast, in a Random Forest
Classifier, the final prediction is based on the majority vote of the predictions made by each decision
tree.

Another difference is the evaluation metric used to measure the performance of the algorithm. In
a Random Forest Regressor, the most commonly used metric is the mean squared error (MSE), which
measures the average squared difference between the predicted and actual values. While both Random
Forest Regressor and Random Forest Classifier use similar techniques, they are used for different types

of problems and have some differences in how they work and how they are evaluated.

GradientBoostingRegressor

Gradient Boosting Regressor (GBR) is another commonly used type of machine learning algorithm
that falls under the category of ensemble learning methods. It is a popular technique for regression
problems. GBR works by combining multiple weak regression models, typically decision trees, to create
a stronger model that can make more accurate predictions. It builds a sequence of trees, where each
following layer of trees corrects the errors made by the previous layer of trees. The process continues
until a predefined stopping criterion is met, for example, by reaching a predefined number of iterations
or achieving a minimum error rate [41].

At each step of the process, the algorithm calculates the gradient of the loss function with respect
to the current prediction, which represents how much the prediction needs to change in order to reduce
the error. Then, it fits a new tree to the negative gradient of the loss function, effectively minimizing the
residual error of the previous tree.

GBR is a powerful and flexible algorithm that can handle various types of data and has been shown to
produce high-quality predictions. However, it can be computationally intensive and may require careful

tuning of hyperparameters to achieve optimal performance.

Support Vector Regressor (SVR)

There are many similarities between SVR and previously explained SVC. Both of these approaches
are based on the operating framework of Support Vector Machine (SVM), which involves finding a hy-
perplane in a high-dimensional feature space. They both utilize support vectors, which are a subset of
training examples that are utilized in order to determine this hyperplane. Both algorithms incorporate

the concept of margin and regularization. They aim to find a hyperplane that maximizes the margin

31



or tolerance for errors while also minimizing the model complexity. SVR similarly to SVC can handle
nonlinear relationships in the data by using kernel functions. These specific functions allow for implicit
mapping of the data into a higher-dimensional space, where a linear hyperplane can be better fitted to
the transformed data [42].

The main difference is that SVC aims to find a hyperplane that best separates different classes in a
dataset. lts main objective is to classify data points into different discrete categories or classes. On the
other hand, SVR focuses on finding a hyperplane that best represents the relationship between input
features and real numerical values. It is tailored for regression tasks and to deliver the output in the form

of continuous numerical predictions.
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Chapter 3

Implementation

3.1 Dataset preparation

Data preparation is a crucial step in conducting an in-depth analysis of energy consumption metering
data for event detection and classification. To ensure the dataset’s suitability for subsequent analyses, a
series of steps were undertaken.

The data provided from an external entity was shared in a form of a series of compressed gzip files.
Therefore, the first step to be performed in order to have a legible set of data that could be used for the
sake of this dissertation was to decompress all the folders.

In the subsequent step, the raw data obtained from a 24-bit Analog to Digital Converter (ADC) re-
quired segmentation into meaningful chunks and transformation into real values representing times-
tamps, voltage, and current measurements of the mains record. This task was accomplished using a
specialized parsing function. The parsing script was fine-tuned specifically for the purpose of this thesis,
ensuring optimal extraction of relevant information.

To maintain data integrity and improve its quality, various algorithms were implemented as part of an
initial data validity check. These algorithms focused on eliminating outliers and monitoring data conti-
nuity. Outliers, if present, were identified and removed to minimize their potential impact on subsequent
analyses. Additionally, data continuity was assessed to identify any gaps or irregularities in the data
stream, which could affect the accuracy of event detection, classification, and regression algorithms.

Following the initial preprocessing steps, the dataset was converted from its original text format
to a more convenient and widely used CSV (Comma-Separated Values) format. This transformation
enhanced the dataset’s accessibility and facilitated seamless integration of this dataset in the succeeding
stages of this research project.

Simultaneously, a separate file containing power consumption recordings per appliance, serving
as a reference or ’source of truth’ for the experiment, was also parsed into individual files. Each of
these files underwent a thorough data continuity check. The focal parameter for data continuity was the
timestamp, ensuring a reliable and continuous recording of information saved in the dataset. In cases

where missing values were identified, these gaps were filled with zeros to maintain a consistent data
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structure. Furthermore, any duplicated values were eliminated during this stage.

After performing those steps, the structure of the dataset was as follows: 1 folder containing so called
‘raw data’ or measurements from the mains, which had a resolution of 7.5 k samples per second. On top
of that there were also additional 4 files each having measurements of specific appliances at 1 sample
per minute sampling rate. To proceed with machine learning and load disaggregation experiments a
subsampling of data related to mains’ power consumption had to be performed. This way a voltage or
current at one point in time in the ‘source of truth’ files would be aligned with the measurement in the
file containing ‘raw data’. To achieve that a special function was written which iteratively computed Root-
Mean-Square of instantaneous voltage, current, and power recorded and subsampled it to 1 sample per
minute resolution, which would be perfectly correlated with the per appliance recordings.

These preparatory steps aimed to establish a robust and well-organized dataset, laying the founda-
tion for performing classification and regression experiments and analyses. The transformed dataset,
along with the verified appliance-level power consumption recordings, formed the basis for evaluating

the accuracy and effectiveness of the disaggregation algorithms employed in this research.

3.2 Creating the library with NILMTK toolkit

In order to effectively utilize the functionalities offered by the NILMTK toolkit, it was essential to
prepare and organize the dataset in a specific manner. To accomplish this, a dedicated dataset converter
was developed. This step was achieved by drawing inspiration from an existing converter created for the
iAWE dataset’.

The key objective of the converter was to align the column names, structure the data appropriately,
and subsequently convert it into the HDF5 data format. By adhering to the converter’s instructions and
layout, the dataset was transformed into a standardized and compatible format suitable for seamless
integration with the NILMTK toolkit.

An additional advantage of utilizing the converter from the NILMTK package was its incorporation
of data validation checks and the option for voltage and power normalization if required. This ensured
the reliability and consistency of the dataset, enhancing the accuracy of subsequent analyses. As a
result of these preprocessing steps, a neatly organized dataset was created, with file 1.csv’ containing
measurements of the mains’ energy indicators, and files ’[2, 3, 4, 5].csVv’ containing data on per-appliance
power consumption. These individual appliance-level recordings would later serve as the 'source of truth’
during the event detection and classification process.

Nevertheless, creating the converter was not a straightforward task and several challenges were
encountered, primarily stemming from the limited documentation available for the converters within
NILMTK. To overcome this obstacle, a systematic approach was adopted. The first step involved identi-
fying the most similar dataset available within the toolkit that closely resembled the characteristics of the
dataset under investigation. This selection allowed for a more informed understanding of the converter’s

functionalities and facilitated the subsequent adaptation to the specific requirements of the research

'available at https://github.com/nilmtk/nilmtk/tree/master/nilmtk/dataset_converters/iawe
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project.

Upon identifying the closest match, which in this case was the iIAWE converter’, a detailed analysis of
the converter script was performed. Each function within the converter script was thoroughly examined
to comprehend its purpose and functionality. This overall understanding of the existing converter served
as the foundation for creating a customized converter tailored to the specific dataset that was provided
for this thesis.

The structure of the newly created library, representing the organized dataset, is summarized, and
presented in Table 3.1. This table provides an overview of the dataset’s organization, highlighting the file

names, corresponding measurements, and the role they play in the subsequent stages of the research.

Table 3.1: Organisation of data and naming convention of files used for creating a library based on the
NILMTK toolkit.

Equipment name in the Datasheet Equipment name in "labels.dat” Input file name

mains 1.csv
Fridge + Freezer fridge 2.csv
Oven + Microwave electric oven 3.csv
Bimby /Kettle /Air fryer kettle 4.csv
Stove stove 5.csv

After employing the NILMTK toolkit and customizing the dataset converter to align with the specific
requirements of the research, a well-structured and standardized library was created. This library formed
the foundation for further exploration and analysis, enabling the implementation of classification and re-

gression algorithms on the provided mains’ energy consumption data and in the end the disaggregation.

3.3 Attempt with NILMTK toolkit

Despite having successfully converted the dataset to meet the required standards of the NILMTK
toolkit, attempts at recreating the combinatorial optimization or FHMM (Factorial Hidden Markov Model)
algorithms within the toolkit proved unsuccessful. As a consequence, the approach had to be recon-
sidered and a thorough examination of available documentation and instructions from various sources
followed. As a next step, an endeavor was made to replicate an experiment described in [2]. For this
attempt it was decided that leaving for the moment the original dataset and utilizing a dataset sourced
from within the NILMTK toolkit would be more suited for the task. Regrettably, this trial also concluded
with unsatisfactory results.

The lack of success in reproducing the previous methods can be attributed to several factors. Firstly,
the challenges faced may stem from the author’s limited programming experience, which may have im-
peded the accurate implementation of the complex algorithms within the NILMTK framework. Moreover,
it should be noted that the NILMTK toolkit was developed nearly a decade ago, with the last significant

updates or changes to the repository occurring four years ago. This suggests that the toolkit may no

35



longer receive active support or maintenance. Notably, several scripts within NILMTK contain comments
indicating that certain sections require further development or improvement, but unfortunately, there
appears to be no subsequent follow-up, resulting in unfinished or non-functional code segments.

In light of these challenges and limitations, a decision was made to make a pivot and explore an
alternative solution that could still leverage the existing capabilities of the NILMTK toolkit. This shift in
approach was motivated by the need to find a more viable path forward in achieving the disaggregation of
the provided dataset. By acknowledging the encountered hurdles and the evolving nature of the NILMTK
toolkit, this adaptation allowed for a more flexible and practical approach to address the research goals.
This decision underscores the adaptability and problem-solving skills required in the field of energy
engineering, as researchers must navigate complex software frameworks and make informed choices
to progress their research effectively.

The unsuccessful attempts to recreate specific algorithms within NILMTK highlight the importance of
continuous development, support, and community engagement in open-source projects. The findings of
this exploration serve as valuable insights for future researchers and developers seeking to utilize the
NILMTK toolkit or similar tools in the pursuit of energy disaggregation and event detection methodolo-

gies.

3.4 Attempt with external solution

The next approach that was tried in order to perform a successful disaggregation involved the im-
plementation primarily developed by Odysseas Krystalakos?, which is based on NILM disaggregation
using neural networks. This proposition drew inspiration from the work and architecture presented in [3],
providing a promising avenue for further exploration.

The selection of this method was largely driven by the successful recreation of the basic experiment
described by the author, in contrast to previous attempts. Encouraged by this outcome, the subsequent
step involved replacing the input energy consumption data with the specific dataset provided for this the-
sis. The possibility for leveraging the dataset that had already been developed using the NILMTK-based
converter for the previous experiment was another advantage of this approach. However, despite com-
pleting the disaggregation process, the obtained results proved to be unsatisfactory. This observation
was evident from the metrics and visual representations depicted on Figure 3.1.

One plausible reason contributing to the failure of this implementation is the highly unbalanced nature
of the dataset. For instance, the kettle exhibits only 10 activations over a span of 5 days. Moreover, each
period of activity is characterized by short-duration high peaks of power consumption lasting no more
than 3 minutes. Besides that, the record of energy usage of this appliance is full of extended periods
of zeros or values close to zero. Similar challenges are also observed in other appliances within the
dataset. An exception to this pattern is the fridge, whose load profile demonstrates a continuous shape

similar to a squared sinusoid. This discrepancy in load profiles poses an obstacle to the successful

2https://github.com/0dysseasKr/neural-disaggregator
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Figure 3.1: Visual representation of an unsuccessful disaggregation based on a) Gated Recurrent Unit
(GRU) method, and b) Long short-term memory (LSTM) method.

disaggregation process.

The highly unbalanced nature of the dataset, with varying activation patterns and periods of inactiv-
ity, presents a significant challenge for accurately disaggregating the energy consumption of individual
appliances. The limited occurrence of activations for certain appliances, combined with extended pe-
riods of zero consumption, introduces complexity to the disaggregation algorithm’s ability to accurately
identify and classify energy events.

While the neural network-based disaggregation method initially showed promise in the end it turned
out to be unsuccessful, therefore another strategic pivot had to be made and a new pathway had to be

discovered in order to conclude this research with a successful disaggregation experiment.

3.5 Disaggregation with scikit-learn algorithms

After extensive effort and experimentation with the previous two approaches which unfortunately
ended up unsuccessfully, a decision was made to approach the problem from a more mathematical
perspective using scikit-learn for disaggregation and put the implementations based on the NILMTK
toolkit on the sidetrack.

With a new wave of resolution and through a thorough review of the literature and examining suc-
cessful implementations in related fields such as image classification, speech synthesis, and pattern
recognition, inspiration was drawn for leveraging scikit-learn in this research. The popularity and well-
documented nature of scikit-learn made it an attractive choice, as it provided a wide range of classifica-
tion and regression methods that could be utilized for energy disaggregation. What’s more, scikit-learn
offered a comprehensive suite of tools for model evaluation and performance assessment. Various eval-
uation metrics, including accuracy, precision, recall, F1-score, and mean squared error, were employed
to quantitatively measure the performance of the algorithms. These metrics provided valuable insights
into the effectiveness of the disaggregation models, allowing for comparisons and informed decision-

making.
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The metrics that are used in this dissertation are:

TP = number of true positives (3.1)
FP = number of false positives (3.2)
TN = number of true negatives (3.3)
FN = numberof falsenegatives (3.4)
y; = appliance actual power (3.5)
9; = appliance predicted power (3.6)
7 = mean of predicted and actual values (3.7)
TP+ TN

A = .

ceuracy TP+ TN + FP+ FN (3.8)
TP
Precision = W (39)
TP

call = ———— A
Reca TP L FN (3.10)
AUC = AreaUnder [ROC] Curve (3.11)

1 n
bsolut = — i — Ui 3.12
mean absolute error n;\y i ( )
1 n

d =— i — 0:)? 3.13
mean squared error = — Z(y Ui) ( )

~ )2

2o =i =)

14
ANTE 3.14)

Taking advantage of the plethora of instructional materials available on the internet and leveraging
the knowledge shared on platforms like Stack Overflow, the algorithms and functions necessary for this
research were developed and refined. This collaborative ecosystem and a vast amount of explanatory
articles or videos facilitated the successful implementation of the classification and regression methods
discussed in this thesis.

As the dataset was already well organized and validated several times the decision was made to
benefit from that fact and utilize the same CSV files obtained from the previous attempts as input data.
The dataset containing the raw recordings from the mains was divided into five subsets to enable the
application of the k-fold cross-validation method. This approach ensured that each subset, representing
a day’s worth of measurements, served as a testing set, while the remaining four days were used for
training the classification or regression algorithms. This process was iterated, with each day being used
as a testing set, while the algorithms were trained on the remaining data, ensuring a comprehensive
evaluation of the models.

In terms of the results obtained from the approach harnessing the functionalities of the scikit-learn,
the generated code organizes the output into four distinct folders: ’electric_oven’, ’fridge’, 'kettle’, and
'stove’. Each folder corresponds to a specific equipment or a group of equipment, as explained in the

earlier sections of this thesis. The results are presented both numerically and graphically, providing a
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comprehensive evaluation of the disaggregation process.

Within each folder, there are four CSV files for classification and four for regression containing the
predictions made by the network using varying time window sizes (5, 10, 15, or 20 samples). Additionally,
summarizing files are included, which compares the performance of each method used and provides
metrics that assess their accuracy and efficiency. In addition to that, the folders contain an array of
graphs that visually illustrate the true values of a given device alongside the predicted values generated
by the specific method employed. These graphs enable a comprehensive overview and facilitate a direct
comparison of the different implementations.

Through the application of scikit-learn and its diverse array of machine learning algorithms, the objec-
tive was to attain accurate and reliable energy disaggregation results. By providing both numerical and
graphical representations of the disaggregated data, the results section offers a comprehensive analysis
of the performance and effectiveness of the employed methods. The variability of time window sizes and
the inclusion of four different algorithms for both classification and regression approaches allow for a
thorough evaluation of the disaggregation process for non-intrusive load monitoring applications. The
results obtained from this part of the research are presented and discussed in detail in the following
Chapter 4.

39



40



Chapter 4

Results

A full set of numerical and graphical results of the classification and the regression is available at a

designated shared folder space in the google drive’.

4.1 Classification Results

For the classification of the fridge, the results obtained reveal important insights. A comprehensive
analysis is presented in Table 4.1, while Figure 4.1 provides a visual representation of the findings.
One notable observation is that Logistic Regression exhibits significant deficit in performance when
compared to the other classification methods employed in this experiment. This discrepancy highlights
the limitations of using a relatively simplistic model like Logistic Regression in scenarios where the
dataset contains nonlinear or time series dependencies.

In contrast, the three alternative classification methods employed, namely the Random Forest Clas-
sifier, Gradient Boosting Classifier, and SVC, showcase impressive performance metrics. Notably, all
three methods surpass the desirable 90% threshold in terms of accuracy, precision, and recall. This
achievement implies that the overall performance of these models is highly satisfactory for the task.
Furthermore, their robustness highlights the fact that they are able to effectively discern patterns and
capture dependencies within more complicated datasets like the energy consumption data incorporated
in this research.

Itis crucial to emphasize that all models achieved an average recall rate exceeding 0.98. This statistic
implies that nearly all activation periods of the fridge were accurately detected and correctly assigned as
an "ON” state by the classification algorithms. This level of performance further reinforces the reliability
and effectiveness of the employed models in accurately identifying and characterizing the operational
status of the fridge.

When comparing the classification results of the electric oven to the previous appliance, the fridge,
it becomes evident that there are distinctive differences. Speaking more precisely, these dissimilarities

are observed in terms of the number of non-zero samples present in the dataset. While the energy

Thttps://drive.google.com/drive/folders/1yhE7LKSrit9tUHhyXU52TMR6T6SF JKFF 7usp=sharing
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Table 4.1: Comparison of key classification performance metrics for the fridge.

time_window = 5 time_window = 20
AUC  accuracy precision recall | AUC  accuracy precision recall
LogisticRegression 0.87 0.60 060 1.00 | 0.88 0.59 0.59 1.00
RandomForestClassifier 0.95 0.91 0.91 0.95 | 0.95 0.93 0.91 0.97
GradientBoostingClassifier  0.94 0.94 0.91 0.99 | 0.93 0.94 0.91 0.99
SvC 0.88 0.93 0.90 1.00 | 0.89 0.93 0.90 0.99
1,00 1,00
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Figure 4.1: Classification performance of the fridge’s energy consumption for time_window = 5 (left) and
time_window = 20 (right).

consumption data of the fridge encompasses a substantial 4,354 values that correspond to the activation
period (when the energy consumption is above 0), constituting approximately 60.52% of all samples, the
electric oven data, on the other hand, comprises 10.61 times fewer values within the activation period.
In fact, the electric oven data only consists of 410 non-zero values, which represents 5.70% share of the
entire dataset.

The implications of this discrepancy are clearly reflected in the analysis presented on Figure 4.2. The
figure provides a visual representation of the observed phenomenon, illustrating a significant decline in
recall values across all classification methods. This decline serves to highlight the underlying issue at
hand, which is the inability of all the models to accurately detect and locate the ON states of the electric
oven. The significance of this predicament is further emphasized by the data presented in Table 4.2,
where the recall performance has significantly dropped, reaching levels not exceeding 0.45.

These findings shed light on the challenges associated with accurately classifying the electric oven’s
energy consumption patterns. The scarcity of non-zero values poses a unique obstacle for the clas-
sification models, resulting in a decreased ability to precisely identify the ON states of this particular
appliance.

In the context of the classification of the kettle and the stove, a significant challenge arises due to the
scarcity of measurements during their activation periods. When compared to the previously mentioned
appliance, the electric oven, this scarcity issue is further exacerbated for both the kettle and the stove.
Specifically, the share of non-zero data points in relation to the entire dataset is found to be 1.46% (105
samples) for the kettle and 0.87% (63 samples) for the stove. Given that the obstacle of non-zero value

scarcity is applicable to both appliances, it is feasible to discuss them simultaneously.
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Table 4.2: Comparison of key classification performance metrics for the electric oven.

time_window = 5 time_window = 20
AUC  accuracy precision recall | AUC  accuracy precision recall
LogisticRegression 0.89 0.89 092 0.23 | 0.90 0.90 0.91 0.33
RandomForestClassifier 0.85 0.91 0.87 0.36 | 0.90 0.89 0.85 0.27
GradientBoostingClassifier  0.86 0.91 0.83 0.44 | 0.90 0.91 0.85 0.42
svc 0.79 0.88 096 0.13 | 0.88 0.88 096 0.12

1,00 1,00

0,90 ] 0,30 y

0,80 | i_ 0,80 B

0,70 0,70

0,60 I 0,60

0,50 §=l 0,50 |

oo HBHHE 2 & - 040 al g a2 ;

y S = E : = =8 c E

0,30 | » 0,30 ‘

0,20 | : 0,20 o -]

0,10 I | 0,10 | o ‘E

0,00 | 0,00 |
AUC AuC accuracy precision recall

m Logistic Regression m RandomForestClassifier ® GradientBoostingClassifier mSvC m Logistic Regression m RandomForestClassifier m GradientBoostingClassifier mSvC

0,79
0,89

accuracy precision recall

Figure 4.2: Classification performance of the electric_oven’s energy consumption for time_window = 5
(left) and time_window = 20 (right).

In order to visually illustrate the implications of this dataset imbalance, Figure 4.3 and Figure 4.4 pro-
vide explicit representations of the precision and recall values for both the kettle and the stove, revealing
that the values of performance are either 0 or very close to 0. However, upon examining Table 4.3 and
Table 4.4, it becomes evident that the AUC and accuracy metrics achieve remarkable values of up to
100%. This outcome arises from the fact that the model constantly predicts the "OFF” state, resulting
in only 105 misclassifications for the kettle and 63 misclassifications for the stove. These numbers are
negligible considering the total number of predictions made for each appliance, which amounts to almost
7,200 in total.

Addressing this scarcity issue requires alternative approaches. One potential solution would be
to extend the duration of recording energy consumption data beyond the current five-day period. By
increasing the length of the data collection phase, more measurements during the activation periods of
the kettle and the stove can be obtained, thus mitigating the scarcity problem. Alternatively, gathering
data from multiple households using different kettles. Another idea would be to conduct more frequent
activations of these appliances within a household during the data acquisition period and as a result
obtaining a larger dataset. However, it is worth noting that the last proposal contradicts the fundamental
principle of non-intrusive load monitoring, which aims to minimize the intrusion and disruption to the

people living inside the monitored households.
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Table 4.3: Comparison of key classification performance metrics for the kettle.

time_window = 5 time_window = 20

AUC  accuracy precision recall | AUC  accuracy precision recall

LogisticRegression 0.91 0.98 0.00 0.00 | 0.87 0.98 0.00 0.00
RandomForestClassifier 0.93 0.96 0.00 0.00 | 0.95 0.98 0.00 0.00
GradientBoostingClassifier — 0.93 0.96 0.12 0.19 | 0.94 0.97 0.00 0.00
sSvc 0.60 0.97 0.16 0.19 | 0.84 0.98 0.00 0.00
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Figure 4.3: Classification performance of the kettle’s energy consumption for time_window = 5 (left) and
time_window = 20 (right).

Table 4.4: Comparison of key classification performance metrics for the stove.

time_window = 5 time_window = 20

AUC  accuracy precision recall | AUC  accuracy precision recall

LogisticRegression 1.00 1.00 0.00 0.00 | 1.00 1.00 0.00 0.00
RandomForestClassifier 1.00 1.00 0.00 0.00 | 1.00 1.00 0.00 0.00
GradientBoostingClassifier  1.00 1.00 0.00 0.00 | 1.00 1.00 0.00 0.00
SvC 1.00 1.00 0.00 0.00 | 1.00 1.00 0.00 0.00
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Figure 4.4: Classification performance of the stove’s energy consumption for time_window = 5 (left) and
time_window = 20 (right).

4.2 Regression Results

Moving on to the regression experiments in the context of load disaggregation, the first in line to

discuss the performance of the regression algorithms stands the fridge. In this subsection of the thesis a
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correlation between the effectiveness of classification methods made previously and the performance of
the following regression algorithms is observed. Certain similarities stand out more than others, such is
in the case of the poor performance of the Linear Regression model, which operates using comparable
mechanisms to the Logistic Regression model.

Figure 4.5, specifically panel (a), illustrates the predictions made by the Linear Regression model.
As depicted, the model’s predictions closely resemble a straight, continuous line with a value of 1. This
indicates that the method is essentially making random guesses between the minimum and maximum
values for the fridge, which are 0 and 2, respectively. This outcome is reminiscent of the previous
unsuccessful attempt described in Chapter 3.4 in which GRU and LSTM methods were incorporated.

In contrast to the unsatisfactory performance of the Linear Regression model, the prediction results
obtained from three alternative regression methodologies—Random Forest Regressor, Gradient Boost-
ing Regressor, and SVR—prove to be more promising. The corresponding charts can be observed in
Figure 4.5, specifically points (b), (c), and (d), respectively.

To further reinforce the observations made from the figures, numerical values are provided in Ta-
ble 4.5. These values confirm that the Random Forest Regressor and Gradient Boosting Regressor
outperform the other methods, with MSE values of 0.380 and 0.417, respectively. Although SVR per-
forms slightly worse than the previous two methods, it still exhibits a reasonably acceptable level of
effectiveness.

It is worth noting that the three latter methods excel at identifying and predicting 0 values, as well as
detecting the transition moments when the energy consumption of the fridge shifts from zero to a non-
zero level. However, they struggle to accurately estimate the power consumption values when the fridge
is in the ON state. This difficulty arises from the fact that during this period, the true values oscillate

between 1 and 2 at a relatively random rate, characterized by unpredictable dynamic changes.

Table 4.5: Comparison of key regression performance metrics for the fridge.
MAE MSE R?

Linear Regression 0.779 0.813 0.047
RandomForest Regressor 0.465 0.417 0.511
GradientBoostingRegressor 0.459 0.380 0.555
SVR 0.463 0.488 0.429

In the context of regression results for the electric oven, kettle, and stove, it is evident that although
each of these appliances are different, their load consumption patterns at a resolution incorporated in
this research exhibit many similarities. Figure 4.6 provides a clear visualization of the electric oven’s
energy usage, which differs significantly from the previous equipment studied - the fridge. In the cases
of the kettle and stove, their energy consumption is predominantly equal to zero, with only occasional
instances of usage. By comparing Figure 4.6, Figure 4.7, and Figure 4.8, one can observe the similarities
in energy consumption patterns among these three appliances, as they frequently exhibit a continuous,
straight line at a level of zero. Occasionally, small peaks in energy consumption are observed in the

true values data visualization. Consequently, these three appliances can be discussed collectively as a
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Figure 4.5: Visual representation of disaggregation of energy consumption of the fridge based on various
regression methodologies: a), b), ¢), and d).

single group.

The scarcity of non-zero values and the highly unbalanced nature of the dataset have already been
addressed in the previous Chapter 4.1. Therefore, there is no need to reiterate these issues. However,
it should be mentioned that these challenges were overarching problems encountered throughout the

research conducted for this dissertation, as well as in the field of non-intrusive load monitoring as a
whole.

Remarkably, despite the difficulties posed by the challenging dataset, both the Random Forest Re-
gressor and the Gradient Boosting Regressor demonstrate relatively positive performance. This can be
observed most prominently when analyzing Figure 4.6, precisely points b) and c). The graphs illustrate
that many peak values are accurately recognized, and the predicted values align well with the true val-
ues in terms of timing, occasionally even approaching the correct magnitude of the peaks. Of particular
interest is the notable superiority of the Gradient Boosting Regressor over the Random Forest Regres-
sor, as evidenced in Table 4.6. While both methods exhibit almost identical scores for MAE (0.435 vs

0.438, respectively), the MSE metric highlights the clear advantage (0.700 vs 1.908, respectively) of
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the Gradient Boosting Regressor. These findings are further supported by the graphs, particularly in

Figure 4.6, points b) and ¢), and to some degree in Figure 4.7, points b) and c). This outcome was ex-

pected due to the principal of operation of the just mentioned regression methodology, as it is described

in Chapter 2.3.5.
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Figure 4.6: Visual representation of disaggregation of energy consumption of the electric oven based on

various regression methodologies: a), b), ¢), and d).

Table 4.6: Comparison of key regression performance metrics for the electric oven.

Linear Regression

RandomForest Regressor

Gradient Boosting Regressor

SVR

MAE MSE R?

0.700 2.049 -5.307
0.438 1.908 -4.874
0.435 0.700 -1.153
0.136 0.333 -0.024

It is important to note that the R? score for all three appliances is either close to zero or even nega-

tive, indicating the absence of a linear relationship between the independent and dependent variables.

This outcome can be attributed to the discrepancy between the predicted values and the true values,



highlighting the regression methods’ limited ability to accurately capture underlying relationships and
make precise predictions.

Furthermore, an interesting observation can be made regarding the SVR. Although, at first glance,
it may appear as a continuous, straight line in close proximity to zero when examining points d) in
Figure 4.6, Figure 4.7, or Figure 4.8, the metrics presented in Table 4.6 and Table 4.7 indicate that SVR

exhibits the lowest MAE and MSE among all the methods employed in these regression experiments.
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Figure 4.7: Visual representation of disaggregation of energy consumption of the kettle based on various
regression methodologies: a), b), ¢), and d).

Table 4.7: Comparison of key regression performance metrics for the kettle.
MAE MSE R?

Linear Regression 0.239 1.050 0.013
RandomForest Regressor 0.225 1.812 -0.704
GradientBoostingRegressor  0.254 1.437 -0.351
SVR 0.139 1.073 -0.009
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Overall, these findings provide valuable insights into the regression results for the fridge, electric

oven, kettle, and stove, providing a plethora of valuable insides on the performance of various regression

methods and highlighting the complexities and challenges associated with accurately predicting energy

consumption patterns for these appliances.

Taking into consideration all of the above performed and presented experiments, it can be seen that

there exists a clear superiority of Random Forest Regressor and Gradient Boosting Regressor for ac-

curately predicting energy consumption patterns of all of the appliances analyzed in this research. The

findings demonstrate the potential of these methodologies to contribute significantly to load disaggre-

gation techniques and improve energy management strategies by providing precise information about

appliance usage.
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Figure 4.8: Visual representation of disaggregation of energy consumption of the stove based on various

regression methodologies: a), b), ¢), and d).
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Table 4.8: Comparison of key regression performance metrics for the stove.
MAE MSE R?

Linear Regression 0.088 0.043 0.000
RandomForest Regressor 0.048 0.111 0.000
GradientBoostingRegressor  0.051 0.101 0.000
SVR 0.096 0.009 0.000
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Chapter 5

Conclusions

The final chapter of this dissertation summarizes the key findings and accomplishments of the re-
search on event detection and classification for disaggregation of energy consumption metering data, as
well as proposes multiple pathways that could be taken as a further development of this topic. Through-
out this master’s thesis, significant efforts were dedicated to preprocessing the data, implementing var-
ious classification or regression machine learning algorithms, and evaluating their performance of dis-
aggregation capabilities on different household devices. This chapter aims to provide an encapsulating
overview of the processes undertaken, challenges encountered, and the noteworthy achievements at-
tained in this study. By analyzing the outcomes and reflecting on the acquired knowledge and skills,

valuable insights are gained into the effectiveness of the implemented methodologies.

5.1 Achievements

The first of the achievements obtained on the course of development of this thesis, which was also
first in the chronological order is conducting the successful preprocessing and data quality improvement.
This included unpacking and decoding the dataset, as well as addressing issues such as outliers and
data continuity. The dataset was prepared to meet the standards required for further analysis.

Another aspect that was a considerable obstacle but at the same time it served as a potent reason
to exert efforts even stronger was to keep progressing with limited information. Despite encountering
limitations in terms of available information about the dataset or clarifications to some parts of it the
work was not halted and the progress continued. Complementary information was sought to enhance
the understanding and analysis of the data.

Next thing that could be counted as the achievement gained during the process was the implementa-
tion of NILM metadata that played a crucial role in converting the dataset into a specific type of a library
in the HDF5 format. This process involved aligning the data according to the metadata specifications
and instructions inside the NILMTK toolkit. At the end this step facilitated to a great extent a subsequent
testing and experimentation with different disaggregation approaches.

Following that the successful disaggregation was performed despite limited power consumption mea-
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surements. Regardless of the scantness of the data recording and not so substantial amount of power
measurements available, successful disaggregation methods were performed. This poses as an argu-
ment in favor of the effectiveness of the implemented approaches. Implementation and evaluation of
classification and regression methods was conducted. It was a significant achievement as it compared
various artificial intelligence and provided a comprehensive analysis allowing for the identification of
suitable machine learning algorithms for non-intrusive load monitoring and disaggregation. Additionally,
important parameters such as the size of the time window were evaluated to determine their impact on
performance.

Last but not least, it is important to mention an aspect of personal growth and learning, which can
also be accounted as the achievement of this dissertation. Throughout the research process, significant
personal growth was achieved in various domains, including programming, machine learning, operat-
ing on big data, and applying artificial intelligence methods to address the real world problems. The
acquisition of knowledge and skills in these areas represents a substantial personal accomplishment.

Overall, the research efforts in event detection and classification for disaggregation of energy con-
sumption metering data have yielded successful preprocessing techniques, effective disaggregation
methods, and valuable insights into the performance and suitability of various machine learning algo-
rithms. The personal growth and learning experiences gained throughout the research further contribute

to the significance of these experiments.

5.2 Future Work

In the topic of future work for event detection and classification in disaggregation of energy consump-
tion metering data, there are several potential avenues that subjectively speaking would be interesting
and worth exploring or possibly improving the threads that have already been opened in the experiments
developed in this dissertation.

One important aspect that could be improved is related to the general size of the dataset. Recording,
collecting, and compiling larger amounts of data from households available to the companies or other
institutions having access to energy consumption information would bring benefits to the overall imple-
mentation of NILM. By working with a richer dataset, it would be possible to train the applied algorithms
on a broader range of scenarios, leading to potentially more accurate disaggregation results, at least in
theory. Gathering data from diverse households, including those located outside Portugal, could also
provide insights into the universality and robustness of the developed techniques. Examining this path-
way could also provide a sense of how feasible this solution would be for mass deployment and whether
introducing it to a broader market would already be within the reach of private companies.

Another plausible area of future research would be to conduct experiments on multiple and different
households, using one house for testing the neural networks and the remaining ones for training the the
disaggregation algorithms. However, it should be noted that this approach has shown some challenges
that are documented in the literature. One of such obstacles refers to the issue of similarity of load

profiles among different appliances. For example a load profile of the computer could be so similar to
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the one generated by the air conditioning unit that the disaggregation algorithm yields results no better
than a random guess. On the other hand, multiple research papers point out that there are also troubles
related to the variability in load profiles even for the same appliances but with slightly different models
or manufacturers. Further investigations and experimentation are needed to address these complexities
and evaluate the performance of the algorithms in different household contexts.

Additionally, as technology advances, it is worth considering the potential impact of a new version
of NILM toolkits, such as an APl or web applications. Investigating whether these newly developed
solutions offer enhanced capabilities and improved performance compared to the original version of
the NILMTK repository used in this research. Related to that would be another possible pathway that
could be taken in the future which would be to focus on lowering the barrier of entry for implementing
NILM techniques. Simplifying the deployment of these techniques could empower ordinary homeowners
to easily monitor their energy consumption and make informed decisions such as aligning the energy
consumption to the off-peak hours in order to promote sustainability. By providing user-friendly tools
and interfaces, more people would have the opportunity to track their energy usage, identify potential
inefficiencies, and adopt more sustainable habits.

A collection of solutions proposed in this dissertation as well as presented pathways for future re-
search demonstrate significant potential for advancing the field of non-intrusive load monitoring and
energy disaggregation from metering data. Moreover, these findings offer promising inputs that com-
bined with other research could serve as a potent way of addressing the pressing global issue of global
warming, as they promote energy efficiency and empower individuals to actively engage in the develop-
ment of sustainable energy practices. By collectively working towards this common goal, we can strive

to solve the overarching challenge and contribute to a more sustainable future.
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