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Abstract 

The world is facing challenges related to climate change, the growing increase in global energy 

consumption and the increasingly worrying decrease in fossil energy resources. The public’s 

awareness of environmental problems and the high costs of energy has increased in recent years. 

Meanwhile, a significant portion of electrical energy consumption is still associated with the 

improper use of electrical appliances.  

With the widespread use of smart meters, allowing fine-grained monitoring of electricity 

consumption, energy disaggregation in buildings has become possible, based on a single 

measurement of aggregated data (current, voltage, active and/or reactive powers, etc.). Non-

intrusive load monitoring (NILM) refers to a set of approaches for predicting the electrical 

energy consumption of devices based on measurements of aggregated power demand data from 

multiple devices at the building's energy distribution system. It has become one of the most 

practical solutions for energy disaggregation. Computational intelligence techniques are the 

most cost-effective and efficient way to fulfill energy-saving goals using NILM. Indeed, it has 

been shown that appliances exhibit unique energy consumption patterns. NILM techniques 

enable to identify the fingerprints of each device from the aggregated powers consumption 

using computational intelligence approaches. 

This thesis is focused on the analysis of the practical challenges of deploying low-cost 

NILM hardware and low-complexity disaggregation algorithms. Specifically, we focused on 

the use of low-frequency power signals and methods for designing offline NILM algorithms 

with high-level computational performance and very fast online operation. The first part is 

focused on the analysis and collection of data from a typical residential house located in the 

Algarve, Portugal, in the context of a real-life scenario. Then, an optimization approach based 

on deep learning methods is proposed. The framework relies on a hybrid deep learning 

architecture based on a convex hull data selection approach using low frequency (1 Hz) power 

data. It is based on the use of active and reactive powers features as inputs. The results achieved 

demonstrated the efficiency of the proposed approach, reaching F1 values up to 99% and 

estimation accuracy values up to 98%. It was shown that using the proposed data selection 

approach significantly improves the results of the designed models, especially for multi-state 

devices. However, to achieve satisfactory performance, these techniques need a substantial 

training data. Moreover, these methods benefit greatly from models with many training 

parameters, which in most cases require expensive or not readily available processing capacity. 

To tackle these challenges, we proposed a NILM framework based on a 1 minute sampling rate, 
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thus enabling the use of low-cost meters, and using shallow and low complexity neural network 

models. The framework is based on the design of radial basis function neural networks by a 

multi-objective genetic algorithm (RBFNN-MOGA), with design data selected by an 

approximate convex hull algorithm. Many experiments were conducted. A comparative 

analysis was conducted to evaluate the RBFNN-MOGA framework against the proposed 

approach. The results of the analysis demonstrated that the RBFNN-MOGA model does not 

require too much training data, while achieving similar or better performance than approaches 

using more training data. Furthermore, the effectiveness of the proposed approach in obtaining 

the best estimate of the energy consumed by each device in the house was highlighted by 

comparing it with other state-of-the-art methods using both distinct and common data.  

Overall, the approaches proposed in this thesis to disaggregate the electrical energy 

consumption have been effectively tested on real-world data, and we are optimistic that they 

will contribute to solving efficiency problems in households. 

 

Keywords: energy disaggregation, non-intrusive load monitoring (NILM), neural networks, 

low frequency power data, multi-objective genetic algorithm, convex hull algorithms 
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Résumé 

Le monde est confronté à des défis liés au changement climatique, à l'augmentation croissante 

de la consommation énergétique mondiale et à la diminution de plus en plus inquiétante des 

ressources en énergie fossile. La sensibilisation du grand public aux problèmes 

environnementaux et aux coûts élevés de l'énergie a augmenté ces dernières années. Cependant, 

une part importante de la consommation d'énergie électrique est encore liée à une mauvaise 

utilisation des appareils électriques.  

Avec la généralisation des compteurs intelligents, qui permettent un suivi fin de la 

consommation d'électricité, la désagrégation de l'énergie dans les bâtiments et les maisons est 

devenue possible, sur la base d'une seule mesure de données agrégées (courant, tension, 

puissances active et/ou réactive, etc.). La surveillance non intrusive de la charge (NILM) fait 

référence à un ensemble d'approches permettant de prédire la consommation d'énergie 

électrique des appareils à partir de mesures de données agrégées de demande de puissance 

provenant de plusieurs appareils au niveau du système de distribution d'énergie du bâtiment. 

Elle est devenue l'une des solutions les plus pratiques pour la désagrégation de l'énergie. Les 

techniques d'intelligence informatique constituent le moyen le plus rentable et le plus efficace 

d'atteindre les objectifs d'économie d'énergie en utilisant la MNIL. En effet, il a été démontré 

que les appareils présentent des schémas de consommation d'énergie uniques. Les techniques 

de la NILM permettent d'identifier les empreintes de chaque appareil à partir de la 

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

Cette thèse se concentre sur l'analyse des défis pratiques du déploiement de matériel NILM 

à faible coût et d'algorithmes de désagrégation à faible complexité. Plus précisément, nous nous 

sommes concentrés sur l'utilisation de signaux de puissance à basse fréquence et sur les 

méthodes de conception d'algorithmes NILM hors ligne avec des performances de calcul de 

haut niveau et un fonctionnement en ligne très rapide. La première partie est axée sur l'analyse 

et la collecte de données provenant d'une maison résidentielle typique située dans l'Algarve, au 

Portugal, dans le cadre d'un scénario réel. Ensuite, une approche d'optimisation basée sur des 

méthodes d'apprentissage profond est proposée. Le cadre s'appuie sur une architecture hybride 

d'apprentissage profond basée sur une approche de sélection de données par coque convexe à 

partir de données électriques basse fréquence (1 Hz). Il est basé sur l'utilisation des 

caractéristiques des puissances actives et réactives comme entrées. Les résultats obtenus ont 

démontré l'efficacité de l'approche proposée, atteignant des valeurs de F1 jusqu'à 99% et des 
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valeurs de précision d'estimation jusqu'à 98%. Il a été démontré que l'utilisation de l'approche 

de sélection des données proposée améliore considérablement les résultats des modèles conçus, 

en particulier pour les dispositifs à états multiples. Cependant, pour obtenir des performances 

satisfaisantes, ces techniques ont besoin d’un nombre important de données d'entraînement. De 

plus, ces méthodes bénéficient grandement des modèles avec nombreux paramètres 

d'entraînement, qui dans la plupart des cas nécessitent une capacité de traitement coûteuse ou 

peu disponible. Pour relever ces défis, nous avons proposé un cadre NILM basé sur un taux 

d'échantillonnage d'une minute, permettant ainsi l'utilisation de compteurs à faible coût, et 

utilisant des modèles de réseaux neuronaux peu profonds et peu complexes. Le cadre est basé 

sur la conception de réseaux neuronaux à fonction de base radiale par un algorithme génétique 

multi-objectif (RBFNN-MOGA), avec des données de conception sélectionnées par un 

algorithme de coque convexe approximative. De nombreuses expériences ont été menées. Une 

analyse comparative a été menée pour évaluer le cadre RBFNN-MOGA par rapport à l'approche 

proposée. Les résultats de l'analyse ont démontré que le modèle RBFNN-MOGA ne nécessite 

pas trop de données d'entraînement, tout en obtenant des performances similaires ou supérieures 

à celles des approches utilisant plus de données d'entraînement. En outre, l'efficacité de 

l'approche proposée pour obtenir la meilleure estimation de l'énergie consommée par chaque 

appareil de la maison a été mise en évidence en la comparant à d'autres méthodes de pointe 

utilisant des données distinctes et communes.  

Dans l'ensemble, les approches proposées dans cette thèse pour désagréger la 

consommation d'énergie électrique ont été testées efficacement sur des données du monde réel, 

et nous sommes optimistes quant à leur contribution à la résolution des problèmes d'efficacité 

dans les foyers. 

 

Mots clés : désagrégation de l'énergie, surveillance non intrusive de la charge (NILM), 

apprentissage automatique, réseaux neuronaux, algorithme génétique multi-objectif, 

algorithmes de coque convexe 
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Chapter 1 Introduction 

1.1.  Context  

The world is facing challenges related in particular to climate change, the growing increase in 

global energy consumption and the increasingly worrying decrease in fossil energy resources. 

Indeed, several studies have highlighted the impact of energy consumption on CO2 emissions 

[1]–[5] while warning against the necessity of developing and implementing long-term energy 

policies. Besides, climate change caused by greenhouse gas emissions, primarily CO2 

pollutions, poses unprecedented threats to human progress and survival, including extreme 

weather conditions, species eradication, and food scarcity [6], [7]. This issue has become a 

priority for a growing number of governments leading to agreements like the one in Paris (Paris 

agreement 2015, [8]) aimed at limiting global warming to 2°C compared to an unmitigated 

scenario of 4.5°C warming [9]. Figure 1.1 illustrates future global greenhouse gas emission 

scenarios based on a set of hypotheses. (i) if there are no climate policies enacted; (ii) if current 

policies are maintained; (iii) if all nations reach their current future emission reduction targets 

as well as essential pathways that are compatible with keeping warming to 1.5°C or 2°C [10]. 

 

Figure 1-1. Global greenhouse gas emissions and warming scenarios. From [10]. 
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Furthermore, low-carbon economies have been the focus of global attention as a means of 

reducing energy usage and greenhouse gas emissions. For example, the Chinese government 

has stated that peak CO2 emissions and carbon neutrality would be reached respectively by 

2030 and 2060 in China [11]. Similarly, the European Union (EU) makes a concerted effort to 

mitigate climate change by enacting a series of strategic policies [12], [13]. Moreover, 

according to studies reported in [14], global energy consumption would rise from an estimate 

of 106 quadrillion Btu between 2010 and 2020, to 820 quadrillion Btu by 2040. This translates 

to a 56 % increase in energy usage over the next 30 years. Therefore, developing countries 

would account for 85 % of this increase owing to sustained economic expansion and population 

growth [15]. One of the challenges is to fight effectively against greenhouse effects and move 

towards the consumption of clean and renewable energy. Meanwhile, energy consumption is 

one of the main impact factors regarding CO2 emissions [16]. Meeting these challenges 

therefore requires controlling energy consumption and developing energy management 

strategies. 

One of the major parts of total energy consumption in most countries is energy consumption 

in the building sector. For instance, in the United States the building sector represents for 

approximately 76% of electricity consumption and 40% of all primary energy consumption 

[17]. China ranked first in the world in energy consumption and CO2 emissions, accounting for 

24% of global consumption, with energy consumption taking just 20 years to double at an 

average growth rate of 3.7% [4], [18]. Also, in Europe the building sector represents almost 

40% of total energy consumption [19], [20]. It is identified as one of the most promising targets 

with great energy saving potential associated with the improvement of infrastructure and 

equipment by the European Union [9], [21]. It is therefore of paramount importance to examine 

residential energy consumption to promote energy savings and predict CO2 emissions. Figure 

1-2 shows the evolution of global final electricity consumption by sector from 1974 to 2019. 

As it can be seen, since 1974, the residential sector, as well as commercial and public sectors, 

have accounted for a large proportion of the increase in power consumption especially in the 

organization for economic cooperation and development (OECD) [22].  
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Figure 1-2. Global final electricity consumption by sector, 1974-2019. From [22] 

In fact, there are numerous opportunities for lowering building electricity consumption [23]. 

Several studies revealed that providing direct and real time feedback about residential electrical 

demand can lower energy consumption by 10-15% [24]–[26]. Indeed, users will be able to 

better manage their usage and save energy. Even though, studies indicate that aggregate 

feedback can result in considerable energy savings [27], [28]. However, the lack of specificity 

limits its usefulness. Thus, while consumers may realize that their home is consuming 

considerably higher energy at any particular moment, they should test numerous devices to 

identify which one is primarily responsible. Besides, as some major loads, like water heaters, 

refrigerators, and ovens, cannot be switched on or off directly by the user, determining their 

power usage and providing appropriate feedback may be problematic if just a real-time estimate 

for the entire home is available [23]. Moreover, other studies claim that if consumers had access 

to effective, real-time, disaggregated power data, they could save even more energy [23]. 

According to [29], the most significant energy reductions may be achieved by monitoring 
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energy use at appliance level. Therefore, energy disaggregation techniques should be used to 

analyze energy at the appliance level. The disaggregation consists of a set of statistical 

techniques for separating device-level data from a global aggregate data from whole-building 

energy signal.  

One of the most important factors in reducing energy consumption in the buildings sector 

is consumers awareness about their electricity consumption [30]. Although energy behaviors 

are a significant determinant of building energy usage, the potential for energy savings owing 

to behavior is often overlooked, despite being reported as being as considerable as that of 

technological solutions [9]. 

Moreover, device-specific data has numerous benefits as highlighted in [29]. First, direct 

feedback and personalized recommendations. It may be analyzed which specific HVAC 

systems, or devices among the many available could most efficiently lower energy consumption 

for a certain house, and then automate the transmission of supplementary information to 

eliminate hurdles and stimulate action. Thereafter, there are benefits in terms of research and 

development. The diagnostics can be used to perform automatic commissioning, which 

recommends changes to building operations to improve quality and performance, as well as 

fault detection, which alerts users when a device needs to be repaired as a result of a malfunction 

leading it to use more energy than it should. In addition, there are the utility and policy benefits. 

Once people acknowledge where they are spending energy, they are more motivated to demand 

control systems, and demand response programs [31], [32].  

Furthermore, the emergence and widespread usage of smart meters has opened new 

possibilities, such as collecting electrical energy consumption at considerably finer temporal 

resolutions, on the range of a few seconds to a few minutes at building level or house level [33]. 

For instance, 96 million of smart meters had been installed in China and 70 million, and 2.9 

million respectively in USA and UK by the end of 2016 [34]. One topic to consider is how to 

use the vast amounts of data generated by smart meters to encourage and enhance energy 

efficiency? Smart meters can therefore no longer be used solely for billing. Meanwhile, 

consumers' electricity consumption habits and lifestyles can be gleaned from high-resolution 

data collected by smart meters [34]. Moreover, the data collected could be readily transferred 

to the data centers for processing and storage. This provides customers and grid operators with 

tremendous potential to evaluate, analyze, and integrate data, as well as providing new energy-

based services [33], [34]. 
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1.2.  Motivation 

In general, load monitoring is the process of detecting and estimating the load in a power 

system. These load measurements will be used to estimate the energy consumption and state of 

the devices, helping users to better understand how much energy each load in the system uses 

[35]. The primary purpose of appliance load monitoring is to supply energy feedback to the 

homeowners allowing them to have a detailed energy analysis and information on the 

distribution of the energy consumed.  Meanwhile, it is also beneficial in several areas due to its 

applicability in home energy management systems [30], fault detection [36], ambient assisted 

living [30], remote load monitoring services [37] and so on. There are two primary types of 

device monitoring approaches: On one hand, Intrusive Load Monitoring (ILM) techniques 

based on the installation of sensors on each load of interest in the house and non-intrusive load 

monitoring approaches (NILM) on the other hand, based on aggregate measurement data 

gathered from a smart meter at the level of the distribution panel allowing the detection of the 

specific appliance’s consumption. ILM determines the operating conditions of each appliance 

in the house using one or more sensors attached to each appliance. This method can properly 

estimate the consumption of each device. However, the need to install multiple sensors and the 

intrusive nature of ILM approach limits its practical application. These disadvantages include 

the cost and complexity of installation and huge configurations effort to set up multiple sensors 

for each device, especially when the monitoring scenario involves multiples devices, and some 

privacy concerns [30], [35], [37], [38]. Therefore, research is more focused on non-intrusive 

approaches that allow for the disaggregation of each device's usage while maintaining 

consumers privacy and using a single sensor installed at the house's distribution panel. 

With the widespread use of smart meters, energy disaggregation in buildings and houses 

has become feasible, based on the readings of aggregate current, voltage, or powers. NILM 

refers to a set of approaches for predicting the energy consumption of appliances based on the 

aggregate data readings demand across multiple appliances at the building's power distribution 

system. It has become one of the most practical solutions for energy disaggregation [30]. One 

of the advantages of NILM is the ability to offer customers real-time power usage feedback, 

allowing them to make behavioral changes that will save resources and money. Moreover, 

power companies, users, home energy managements systems, and so on, can utilize the 

disaggregated data to enhance the quality of electricity use and better understand how it is being 

expended.  
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In fact, the multitude of distinct households’ electrical devices continues to increase. As a 

result, it becomes particularly important to realize the potential for energy conservation and 

demand control, i.e., the ability to anticipate or postpone energy use in order to establish power 

grid stability. Hence, it is essential to have thorough information of not just the devices present 

in a house, but also their specific power consumption and operating periods [39]. Computational 

intelligence techniques are the most cost-effective and efficient way to fulfill energy-saving 

goals using NILM. Indeed, it has been shown that appliances exhibit unique energy 

consumption patterns [40]. NILM techniques enable to identify the fingerprints of each device 

from the aggregated powers consumption using computational intelligence approaches. 

However, some appliances have been observed to be difficult to identify based just on the 

aggregated energy use [30], [41]. Most NILM algorithms in the literature are suitable for two-

state devices owing to their basic architecture. Nonetheless, the disaggregation of multistate 

devices remains a challenging topic.  

Furthermore, numerous challenges must be overcome in order for NILM to become a 

feasible and practical solution for energy disaggregation [42]. These challenges include the 

proper disaggregation of devices, given the aggregated data, when more than two devices with 

comparable electrical signatures are turned on in the same electrical circuit, high precision in 

detecting and estimating device consumption, low complexity, and cheap cost. Another 

challenge for NILM approaches is the data requirements. Many datasets are now accessible to 

the general public. However, numerous disadvantages, such as missing data, diverse data 

formats, gaps, limited labeling data and covering only a few developed countries, limit their 

practical application [41]. 

1.3.  NILMforIHEMS Project 

The experiments presented in this thesis work were conducted as part of a research project 

funded by the Portuguese Foundation for Science and Technology (Fundação para a Ciência e 

Tecnologia (FCT) Grant number: SAICT-ALG/39578/2018), implemented in the Faculty of 

Science & Technology of the University of Algarve. The official project name is Non-Intrusive 

Load Monitoring applied to Intelligent Home Energy Management Systems 

(NILMforIHEMS) and aims to improve the disaggregation results of existing algorithms and 

the efficiency of energy systems in homes [43]. 
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Figure 1-3. NILMforIHEMS project [43] 

The project is divided into 6 activities: 

 Implementation of data acquisition systems 

 Non-intrusive load monitoring 

 Forecasting of energy consumption  

 Home energy management systems  

 Tuning and Testing 

 Project management  

1.4.  Research Goals and Contributions 

One of the main objectives of this thesis is to analyze the practical challenges of deploying low-

cost NILM hardware and low-complexity disaggregation algorithms. Specifically, we will 

focus on the use of low-frequency power signals and design methods for offline NILM 

algorithms with high-level computational performance and very fast online operation.  The 

research goals and associated subtasks are described as follows: 

o To review the state of the art of non-intrusive load monitoring literature, and discuss 

the concepts and challenges involved. 

o To design disaggregation algorithms using electrical features available in public 

datasets. 
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o To collect data in a case study house under a real-life scenario and examine the 

different electrical features and their potentials. 

o To explore methods that have not yet been employed to tackle the NILM challenge 

and propose new approaches for efficient design of NILM algorithms. 

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

 Journal papers 

Laouali, I.; Gomes, I.; Ruano, M.d.G.; Bennani, S.D.; Fadili, H.E.; Ruano, A. Energy 

Disaggregation Using Multi-Objective Genetic Algorithm Designed Neural 

Networks. Energies 2022, 15, 9073. https://doi.org/10.3390/en15239073  

 

Laouali, I.; Ruano, A.; Ruano, M.d.G.; Bennani, S.D.; Fadili, H.E. Non-Intrusive Load 

Monitoring of Household Devices Using a Hybrid Deep Learning Model through Convex Hull-

Based Data Selection. Energies 2022, 15, 1215. https://doi.org/10.3390/en15031215. 

 

Bot, K.; Santos, S.; Laouali, I.; Ruano, A.; Ruano, M.d.G. Design of Ensemble Forecasting 

Models for Home Energy Management Systems. Energies 2021, 14, 7664. 

https://doi.org/10.3390/en14227664. 

 

Bot, K.; Laouali, I.; Ruano, A.; Ruano, M.d.G. Home Energy Management Systems with 

Branch-and-Bound Model-Based Predictive Control Techniques. Energies 2021, 14, 5852. 

https://doi.org/10.3390/en14185852. 

 

 Conference papers 

I. H. Laouali, A. Ruano, M. G. Ruano, S. D. Bennani and H. El Fadili, " MOGA designed neural 

networks for non-intrusive load monitoring” IEEE 20th Jubilee International Symposium on 

Intelligent Systems and Informatics (SISY 2022), September 15-17, 2022, Subotica, Serbia. 

 

Laouali Inoussa Habou, Bot Karol, Ruano Antonio, Ruano Maria da Graça, Bennani Saad 

Dosse, and El Fadili Hakim, “Low frequency-based energy disaggregation using sliding 

windows and deep learning,” E3S Web Conf., vol. 351, p. 1020, 2022, 

https://doi.org/10.1051/e3sconf/202235101020.  

https://doi.org/10.3390/en15239073
https://doi.org/10.3390/en15031215
https://doi.org/10.3390/en14227664
https://doi.org/10.3390/en14185852
https://doi.org/10.1051/e3sconf/202235101020
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Ruano, A., Qassemi, H., Habou Laouali, I., Marzouq, M., Fadili, H.E., Dosse, S.B. (2022). A 

Model-Based Predictive Control Approach for Home Energy Management Systems. First 

Results. In: Bennani, S., Lakhrissi, Y., Khaissidi, G., Mansouri, A., Khamlichi, Y. (eds) WITS 

2020. Lecture Notes in Electrical Engineering, vol 745. Springer, Singapore. 

https://doi.org/10.1007/978-981-33-6893-4_67. 

 

Laouali, I.H., Qassemi, H., Marzouq, M., Ruano, A., Dosse, S.B., El Fadili, H. (2022). A Non-

Linear Autoregressive Neural Network Model for Forecasting Appliance Power Consumption. 

In: Bennani, S., Lakhrissi, Y., Khaissidi, G., Mansouri, A., Khamlichi, Y. (eds) WITS 2020. 

Lecture Notes in Electrical Engineering, vol 745. Springer, Singapore. 

https://doi.org/10.1007/978-981-33-6893-4_69. 

 

I. H. Laouali, H. Qassemi, M. Marzouq, A. Ruano, S. D. Bennani and H. El Fadili, "A Survey 

on Computational Intelligence Techniques for Non-Intrusive Load Monitoring," 2020 IEEE 

2nd International Conference on Electronics, Control, Optimization and Computer Science 

(ICECOCS), 2020, pp. 1-6, https://doi.org/10.1109/ICECOCS50124.2020.9314383. 

 

1.5.  Thesis Outline 

The rest of the content of this thesis is structured as follows. In Chapter 2 a comprehensive and 

detailed overview of the current state of the art of energy disaggregation is presented. The 

chapter starts with a brief introduction of load monitoring concepts and an overview of the 

evolution of energy disaggregation research. Following this, the main components of NILM 

and related work are presented. Specifically, the chapter discusses the data acquisition process, 

extraction of device features and electrical signatures, pattern learning, and the classification 

processes for load recognition reviewing both event-based and non-event-based NILM 

techniques. Finally, the chapter concludes with a discussion about the major research efforts 

conducted to benchmark the performance of different NILM techniques, with an overview of 

different accuracy measures and a review of the different public datasets available in the 

literature. 

Chapter 3 presents a brief overview of the theoretical background behind the development 

of this thesis work. First, the basic concepts of machine learning methods were introduced. 

Then, the models used, including CNNs, LSTMs, SVMs, KNNs, and DTs, are briefly described. 

https://doi.org/10.1007/978-981-33-6893-4_67
https://doi.org/10.1007/978-981-33-6893-4_69
https://doi.org/10.1109/ICECOCS50124.2020.9314383
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Then, multi-objective optimization approaches with emphasis on evolutionary algorithms and 

in particular the basic concept of genetic algorithms are discussed. The design of the radial basis 

function neural network by the multi-objective genetic algorithm is then illustrated. Finally the 

data selection approach used is introduced. 

Chapter 4 deals with NILM approaches based on deep learning techniques. First, the chapter 

tackles the NILM formulation problem and presents the proposed optimization approach. The 

proposed framework relies on a hybrid deep learning architecture based on a convex hull data 

selection technique using low frequency power data. The methods used, including the data 

selection approach, LSTM, and CNN models, are then presented. The data are gathered from a 

residential house located in Faro, Portugal.  Therefore, the case study house and data collection 

method are described. The results of the experiments and a discussion including results from 

the literature are reported at the end of chapter. 

In chapter 5, a NILM framework based on the design of radial basis function neural 

networks by a multi-objective genetic algorithm (MOGA), with design data selected by an 

approximate convex hull algorithm is presented. The framework uses a low frequency sampling 

rate, thus allowing the use of low-cost meters, and shallow neural network models. Following 

this, the design of radial basis function neural networks using the multi-objective genetic 

algorithm (RBFNN-MOGA) approach for energy disaggregation is detailed. Finally, the 

chapter presents the experiments conducted and the corresponding results and discussions. 

Chapter 6 tackles the application of MOGA design on a long period of data. First a statistical 

analysis has been conducted in the case study house considering a long period of data. Then the 

experiment was conducted using one year of data. The results including the performances and 

limitations of the models were discussed at the end of the chapter. 

Chapter 7 summarizes the contributions of this thesis, while discussing the perspectives and 

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

2.1.  Introduction 

This chapter presents a comprehensive overview of the current state of the art of NILM. First, 

the concept of load monitoring and an overview of energy disaggregation is briefly introduced. 

Then, the main components of NILM and related work are presented. Specifically, the chapter 

discusses the process of data acquisition, the extraction of possible device characteristics and 

electrical signatures, the pattern learning and the classification processes for load recognition, 

reviewing both eventless and event-based state of the art NILM methods. Finally, the main 

research efforts conducted to benchmark the performance of different NILM methods with an 

overview of different accuracy metrics and a survey of different public datasets available in the 

literature are discussed. 

 

2.2.  Notion of Load Monitoring 

The notion of load monitoring has gained increasing interest in this area of research driven by 

parallel advancements in artificial intelligence, internet of things, data communication and 

networks, sensing technology and machine learning techniques [37]. Load monitoring is a 

specific process of detecting and collecting load measurements in an electrical system [35]. The 

primary purpose of any load monitoring system is to offer a fine-grained energy breakdown per 

device, allowing for energy consumption optimization while maintaining occupant comfort 

[44]. These load measurements will provide the energy usage and operating condition of 

devices to better understand the energy consumption of specific loads in the system. It is a 

precondition for delivering energy feedback to homeowners, but it is also useful to the industrial 

sector due to its application in a variety of areas such as fault detection, home energy 

management systems and remote load monitoring. There are two basic ways to perform device 

load monitoring: Intrusive Load Monitoring (ILM) and Non-Intrusive Load Monitoring 

(NILM), which are referred in literature as distributed sensing approach and single-point 

sensing approach respectively [37]. 

ILM is defined as load monitoring that entails the installation of one or more measurement 

devices at each load of interest [41]. The operating condition of each load can be accurately 

predicted using this approach. It can be divided into three segments: the sub-metering system, 

in which a meter is assigned to a zone of devices, smart outlets, in which devices associated to 

a specific outlet are assigned a meter for monitoring, and smart devices, in which each device 
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is assigned a single meter or meters embedded in the devices [45]. The group of devices 

connected to a single sensor can be used to determine the level of intrusiveness of ILM. In fact, 

ILM system employs smart plugs to measure the energy usage of single loads, with the most of 

meters displaying the energy usage on a display screen and some capable of sending the 

readings to a data center via wireless connection, wired internet or USB [46]. The wireless 

connections between the sensors and monitoring systems utilize wireless communications like 

VLAN, Zigbee, WI-FI, and Bluetooth [35]. ILM approaches necessitate the deployment of 

sensors on each load in order to collect its electrical properties, resulting in high-quality load 

analysis [47]. However, some disadvantages, such as high costs, the intrusive nature which 

involve some privacy concerns, multiple sensor configuration, and installation complexity, 

limit its practical application, encouraging the use of non-intrusive approaches, especially in 

large-scale installations. As a result, emerging and start-up businesses, as well as academic 

researchers, have concentrated their efforts on improving non-intrusive techniques in order to 

make them a feasible solution for practical applications [37], [48]. 

NILM, on the other hand, is one of the most promising tools for energy disaggregation. It 

refers to the process of identifying the footprints of specific electrical appliances utilizing only 

the aggregate data and disaggregation algorithms. It enables users to estimate the consumption 

of each device in the house using the aggregate data gathered from a smart meter, which is 

typically placed in a home power panel, while maintaining user privacy [30], [49]. Furthermore, 

it allows the monitoring of household appliance usage without the necessity for installing single 

sensors for each appliance, thus, reducing electrical system complexity and associated cost [50]. 

The main objective could be to assist users in reducing their energy consumption by providing 

detailed electricity bills, or to detect malfunctioning devices, or to obtain feedback about device 

usage behavior or to help grid operators in controlling the grid [51].  

 

2.3.  Overview of Energy Disaggregation 

Research on energy disaggregation started with the pioneering work of George Hart in the mid-

1980s [40], [52]. In their approach, NALM was defined as a non-intrusive appliance load 

monitor that predicts the usage of specific devices turned on and off in an electrical load, based 

on an itemized analysis of the total load voltage and current, measured at the interface of the 

power panel. The original NALM methods were based on the concept that every change in a 

building's aggregate consumption occurs as a result of an electrical device changing its state, 

such as a device turning on or off. The approach was basically designed for utilities to collect 
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statistics on energy usage. It's referred to as nonintrusive to distinguish it from prior methods 

of acquiring device load data, which required installing sensors on single device and, therefore 

an invasion in the energy consumer's privacy.  Hart used a model-based method to describe 

specific appliances and their combination to accurately breakdown the overall load into its 

components. These models generate certain signatures that may be identified in the total load 

to determine the activities of the individual components. For instance, if the house includes a 

fridge that consumes 250 W and 200 VAR, then an increase of this feature size means that the 

fridge is turned on, and a reduction of this size means that the fridge is turned off. Other devices 

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

events, all desired statistics can be tabulated.  

The suggested Hart algorithm entails taking real and reactive power measurements from the 

electricity grid at 1 second intervals. The measurements are then normalized and utilized in the 

edge detection phase which will seek to identify when the devices have changed their operating 

state. The total power change is calculated by subtracting the stable power level before the 

change from the constant power level after the change stopped for each power change 

identified. The observed differences are then clustered based on how much each measure has 

changed. The two-dimensional space represented by the real and reactive powers is subjected 

to a cluster analysis to pinpoint these changes. Clusters with opposite signs and similar 

magnitudes are matched. A best likelihood algorithm is used to associate unmatched clusters 

with existing or new clusters. The resulting clusters were then utilized to assign the ON and 

OFF clusters within each device based on their time of occurrence, with an assumption that 

each ON/OFF pair represents a single device cycle of operation. The power consumption was 

then calculated by taking the portion of positive power change and multiplying it by the time 

between the ON and OFF events. Afterwards, each pair of ON/OFF clusters was associated 

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

In fact, the proposed algorithm could be vulnerable to power fluctuations. Hart 

recommended the following normalization to reduce the observed power variability due to 

voltage fluctuations: 

𝑃𝑛𝑜𝑟𝑚(𝑡) = [
120

𝑉(𝑡)
]

2

P(t) (1) 
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Where P(t) denotes power and V(t) represents voltage. The linearity of the admittance for 

devices linked in parallel is used to normalize the data. The value of 120 V refers to the nominal 

voltage in the American electrical distribution system. 

The approach can identify and track on-off devices (two state) pretty easily, but it appears 

to have difficulty identifying variable-load and multi-state devices. Similarly, devices with 

similar power consumption, such as computers and incandescent bulbs, cannot be 

distinguished. Moreover, the matching approach assumes that the positive power change (start 

on) corresponds to the negative power change (end on) (turn off). However, many devices 

change resistance after they are turned on, and the offset due to this power drift can be up to 

10%[48], [53]. 

To tackle these above challenges, Hart et al. presented an upgraded version of the proposed 

NALM system that included multi-state device disaggregation [40], [54]. In the approach, they 

suggested modeling multi-state devices as finite state machines. However, these reports focus 

on the mathematical foundations of the problem and reveal minimal insight regarding the 

practical application of the principle.  

Numerous research works have been conducted in recent years to enhance Hart results, and 

energy disaggregation is now a significant aspect of Smart Grid technology [41]. The state-of-

the-art NILM techniques contain some basic concepts, although they are based on different 

approaches. The first step is data acquisition. Afterward, certain device characteristics, or 

signatures, must be designated and defined mathematically. The features are then detected in 

the whole aggregated data using a mathematical algorithm [48]. The key difference between 

existing approaches, however, is the models and features employed to detect the appliances. 

 The NILM state-of-the-art can be classified in several ways. Meanwhile, it is frequently 

categorized into event-based and eventless-based approaches. The event-based methods seek 

to identify and classify transient states (such as on/off events or device state changes) in the 

aggregated signal using either supervised or semi-supervised algorithms. Event-less techniques, 

on the other hand, use statistical and probabilistic machine learning algorithms to match each 

sample of aggregate data to the usage of a single appliance or a group of appliances. The training 

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

Data acquisition is the initial step in any monitoring system. It is frequently linked to a device 

or system that is highly comparable to existing electrical installations, and where different 

techniques can be used to collect the measurements of certain variables such as currents and/or 

voltages in a house [30]. Moreover, other variables derived from these current and voltage 

signals, such as I-V trajectory, apparent power, active power, power factor, reactive powers, 

harmonic distortion, or transient as well as their variation in time, can be determined and used 

as features [30]. 

Data gathering is an important factor that determines how the NILM algorithms will 

subsequently behave and what kind of challenges or applications they will be able to address 

[55]. NILM methods rely heavily on the sampling rate, which is the frequency at which the 

meter gathers data [30], [41]. The function of the data acquisition system is to collect aggregated 

data measurements at a suitable rate so that specific device patterns can be detected [37]. The 

sampling rate of the acquired data must be highlighted because it defines what type of data may 

be captured from the electrical signals [56]. There are two main approaches for data collection 

in the literature [37], [41], [48], [57]. The data may be collected either at a low frequency 

sampling rate or at a high frequency sampling rate.  

2.4.1. Low Frequency sampling rate  

The employment of a low frequency sampling rate leads to the normalization of the usage of 

smart meters. Macroscopic features are considered in this class since the fundamental period is 

either 60 Hz (USA) or 50 Hz (EU) [38]. Low frequency metering approaches are considered 

because they are more realistic considering today’s smart meter technology and massive data 

management challenges [57]. The meters available on the market for data collection present a 

range of sampling rates. These offer pre-built platforms with rudimentary capability, but with 

some disadvantages, particularly in terms of flexibility and sampling rate [30]. The NILM 

system may be readily implemented on actual meters, while the analysis and data transmission 

would be effective [58]. However, the classical features are typically simplex, and the 

information included in these features is limited owing to the low sampling rate (1 Hz or less), 

thus constraining the performance attained and the ability to employ them in certain types of 

applications [30], [58].  

In fact, power features like apparent power (S), active power (P), and reactive power (Q) 

are typically utilized in low frequency sampling approaches [41]. The authors of [59] 
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investigate sampling rates from 10 Hz to 0.03 Hz for energy disaggregation using active and 

reactive powers. In their study they considered 3 appliances including washing machine, 

television, and rice cooker. They found that when the data sampling rate is too low, the NILM 

performance may be significantly limited. They showed that to prevent the deterioration of 

NILM performance, the sampling rates should be at least 1-3 Hz. The authors of [60] focused 

on the disaggregation of multi-state appliances (dishwashers, washing machines and washer 

dryer). They proposed a practical solution based on convolution neural networks and a new 

post-processing technique. They tried to understand how the resolution of the measurements 

would influence the accuracy of the suggested NILM framework. They conducted a 

comparative study of the results obtained with sampling intervals of 10 s and 1 min. They found 

that the disaggregation results of dishwashers remained comparable while the performance of 

washing machine and washer dryer deteriorated significantly. The authors argue that the 

decrease is due to the fact that dishwasher consumption profiles are very stable, whereas 

washing machine consumption patterns fluctuate more frequently. These small distinguishing 

characteristics for washing machines can be lost in lower resolution data, resulting in 

performance deterioration. Therefore, they highlighted that for better results a certain level of 

resolution is needed for devices with fast power changes. The authors of [61] have evaluated 

the influence of the temporal resolution of the data on the accuracy of NILM algorithms. They 

noted that favorable low frequency sampling rates are between 1 Hz and 1/30 Hz. They 

concluded that a sampling rate of 1/30 Hz appears to be sufficient to fully exploit the positive 

effects of reduced execution times and memory utilization, in addition to providing more 

historical data to NILM algorithms at the expense of low degradation scores. The authors of 

[62] studied the performance of two NILM algorithms throughout a range of sampling intervals, 

which varied from 6 seconds to 15 minutes. They showed how the performance of NILM 

classification deteriorates in a non-linear fashion as the sampling rate diminishes and how this 

deterioration is variable according to the type of device. 

2.4.2. High Frequency sampling rate 

Most studies suggest using both the microscopic characteristics and macroscopic features to 

obtain high accuracy in device identification [30], [48], [57], [63]. Microscopic features like 

harmonics and signal waveforms can only be extracted at high frequency. The Nyquist 

sampling theorem or Nyquist-Shannon theorem states that the highest harmonic in a signal 

could be acquired by sampling at more than twice the frequency of the signal [64]. If a portion 

of a waveform appears to be problematic, the rule of thumb recommends that around 20 data 
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points per fundamental period are necessary [63]. Assuming that no harmonic greater than the 

11th harmonic is of interest [48], a minimum sampling rate of roughly 1.2–2 kHz is required to 

acquire microscopic characteristics. In general, harmonics are used as additional characteristics, 

in complement to active and reactive powers change. The Fourier transform can generate a set 

of harmonics that can better characterize the signal than a single harmonic [38], [48]. The 

authors of [53] proposed to integrate the harmonics in the extension method of G. Hart [40]. 

The harmonic analysis considers only transient signals in order to save computational resources 

and enhance performance. The study reveals that the characteristics of the third harmonic are 

advantageous for better discrimination between incandescent light bulbs and computers. The 

approach employs the concept of spectral envelope, which refers to the first coefficients of a 

short-time FFT vector. The usage of spectral envelopes could be quite beneficial to NILM. 

Since variable-load devices may not be detected using macroscopic characteristics, spectral 

envelopes can distinguish aspects of devices, especially variable-load devices. However, 

merely detecting variable-load devices is insufficient for load monitoring since the power 

consumption of the devices must also be estimated. A solution to this issue has been suggested 

by the author of [65], [66]. They explored the correlations of the 5th and 7th harmonics and the 

active/reactive powers used by a variable load device. A polynomial function may be used to 

model them using the least squares approach because there is such a strong correlation [66]. 

The method's robustness for any variable-load appliance, however, is unknown because of the 

ambiguous physical nature of the correlation.  

A least squares procedure is used in the spectral envelope approach for NILM [65]–[67]. 

This procedure applies a current spectral envelope to each of the database's "signature" 

envelopes. The distance metric is then used to classify the envelope: it is assigned to the 

signature envelope with the minimum distance. The methodology of spectral envelope for 

NILM can detect a range of appliances, including variable loads, but it appears to have various 

flaws [48]. Prior to classification and monitoring, each device must undergo extensive training. 

Furthermore, even if the macroscopic characteristics can be grouped to allow for automatic 

device detection, there is no evidence that the spectral characteristics can be clustered. Next, 

numerous practical cases have yet to be described in terms of performance accuracy. Finally, it 

is unknown whether the technique is robust, such that, how the performance of the approach is 

impacted by the presence of a new device with an unknown signature [48]. 

One of the advantages of using high frequency data is that it preserves the entirety of the 

signals, enabling for the extraction of the maximum amount of information [68]. The author of 
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[69] investigate the impact of sampling frequency on classification accuracy. They discovered 

that sampling frequencies higher than 4 kHz are required to develop more practicable and 

reliable device classifiers. The authors of [70] assert that it is even possible to identify two 

devices of the same type using raw data sampled at 1 MHz. In order to increase the distinction 

between the load characteristics, the authors of [71] extracted the power spectrum of the 

transient current waveform. Since transient fingerprints have a shorter length and differ for each 

device, they can increase load detection performance. However, extracting the transient features 

necessitates a high sampling frequency and substantial data storage capacity, leading to higher 

hardware costs. 

In fact, utilizing high frequencies entails high costs in terms of both hardware and software 

complexity, and it also necessitates a large communication bandwidth to establish a connection 

to any monitoring or centralized station [41]. Although it is technically possible to overcome 

these challenges today, implementing these improvements into commercial smart meters will 

almost surely result in an increased ultimate cost [30]. One solution may be to determine 

features on-the-fly, employing a microprocessor embedded in the data gathering system and 

retaining only a small amount of data. Furthermore, the data gathering system might be 

designed to only collect and process important signal changes [48]. 

2.5.  Feature extraction and device signature 

The NILM's concept is based on the fact that each device has its own fingerprints or signatures 

[58]. Its effectiveness is strongly dependent on the uniqueness of device features and the 

approach used to extract them. The feature extraction technique is often considered as signal 

processing since it extracts crucial data from the raw current and voltage signals [58]. It is 

defined as the process of choosing the appropriate characteristics so that the power event 

fingerprints are reliable and have sufficient distinguishing characteristics between different 

devices. The electrical signature of each device, which is characterized by the properties 

extracted from the raw data is the key element for effective device detection. It denotes the 

nature of operation of the device and therefore its electrical properties. Its functioning behavior 

can provide useful information for device identification. The latter depends mainly on the 

device signatures, which are defined more precisely by the device category [37]. Hart was the 

first to classify the devices into 3 types [40]. 

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

lamps, kettles.  
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 Type II: These are finite state machines (FSM), which are multi-state devices with a 

finite number of operating states. This includes appliances like washing machines, 

washer dryer, dishwasher, burner stove, refrigerators and so on. These devices' 

switching patterns are also consistent, making it easy for the NILM algorithm to identify 

their operating condition. However, detection does not only translate into which devices 

are turned on, but also into their states [30]. Furthermore, some devices may be 

replicated (for example, a house may have two refrigerators), and it may be essential to 

determine the operating state of each appliance using comparable load signatures.  

 Type III: These are continuous variable appliances with an endless number of states and 

the power draw varies over time but not in a periodic manner. Light dimmers and power 

tools are examples of type III appliances. In general, disaggregating these types of 

devices from aggregate load measurements using NILM approaches is quite 

challenging. 

Besides these categories of devices, the authors of [48] introduced a fourth type known as 

permanent consumer appliances or always-on devices. Once turned ON, these devices operate 

24/7 with constant energy consumption until they are turned off again. 

 Type IV: This type comprises devices like hardwired smoke alarms, telephones, and 

some external power supplies. Furthermore, since these devices often have a modest 

and constant energy consumption, they might be seen as a constant offset to the NILM 

challenge and hence aren't considered and analyzed further. 

The authors of [72] introduced another classification of devices based on power types and 

device operating styles, which the authors used to extract relevant information for their 

detection. Furthermore, the authors argue that devices may have multiple operating modes 

based on user personalization and work styles, which must be considered throughout the 

process of feature extraction. Figure 2-1 illustrates the power consumption patterns of different 

categories of loads, which can be interpreted as a device characteristic to distinguish distinct 

types of devices. 
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Figure 2-1. Different device types based on their power consumption pattern. 

Energy disaggregation is performed by identifying active appliances from the aggregated 

signal. A set of features that uniquely characterize device behavior should be defined and 

closely related to both data collection and the methodologies that will be utilized for device 

recognition [30]. The characteristics depend highly on the sampling rate employed, which 

defines the frequency at which the device measures the data that will be used for NILM 

algorithms, and not as the sampling rate of the voltage and current that make up the appliance 

input [30]. As mentioned in the previous paragraph, the use of 1 s sampling period threshold 

allows the distinction between the high frequency (in the range of kHz) or microscopic features 

and low frequency (1Hz or less) or macroscopic features. In fact, device characteristics are 

classified into steady state signatures, transient features signatures, and non-traditional 

signatures.  

2.5.1. Steady state signatures 

The steady state features refer to the load characteristics retrieved when the device is operating 

in steady state. For example, a variation in the active power consumption from a lower value to 

a higher value in steady state may detect whether the device is switched on or off. In fact, the 

energy disaggregation algorithms based on steady-state analysis utilize steady-state 

characteristics acquired from the devices' steady-state operation [37]. These includes, steady 

state active and reactive powers, rms current, rms voltage, harmonics, and power factor [35]. 

The most common steady-state breakdown is based on characteristics collected from low-

frequency data samples [58]. The NILM system can be simply added to existing meters thanks 
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to these features and thus facilitating data transmission and analysis. Hart's seminal NILM 

technique is based on the steady-state exploration of active and reactive power changes [40]. 

The approach performed well for on/off devices, but it has always struggled with multi-state 

and continuously variable devices.  

NILM approaches utilizing active power as a single feature has been the subject of several 

research papers [51], [60], [73]–[75]. They noted that high-powered appliances with 

distinguishable energy consumption patterns, like water pumps and electric heaters, may be 

readily detected. This technique, on the other hand, ignores devices with comparable power 

consumption profiles [37]. Furthermore, simultaneous state transitions of devices provide 

inaccurate outputs. To tackle some of these challenges, it has been demonstrated that high-

power devices and multi state devices may be detected easily by examining gradual changes in 

real and reactive power characteristics [40], [76]–[78]. However, the power change approach 

has difficulty distinguishing between overlapping devices in the P-Q function space, 

particularly low-power devices [37]. Subsequently, researchers attempted to analyze the 

voltage and current waveforms to extract device-specific characteristics like peak and root 

mean square (RMS) voltage and current values, phase difference information, and power factor 

(PF) to uniquely identify device activity and address the limitations of power-based approaches 

[79]–[81]. Experimental evaluations conducted in [82] have shown the efficacy of time domain 

features in identifying distinct loads. The root mean square features were reported to be more 

efficient than peak values; however, the experiment data does not include type-III devices [37]. 

Furthermore, there is no mention of detecting multiple device activation sequences working at 

the same time. The authors of [83], [84] developed a voltage noise approach based on 

Electromagnetic Interference (EMI) patterns. In their approaches, simultaneous events might 

be readily identified, however, devices without switched mode power supply (SMPS) could not 

be identified. 

In [85], steady state features based on empirical mode decomposition (EMD) were 

employed to minimize the effect of voltage fluctuations in the power signal for accurate device 

recognition. In order to enhance appliance recognition performance, a significant number of 

time series steady state features were utilized by the authors of [86]. In their approach, signature 

analysis employs various features including chaotic time series analysis, model fitting and 

forecasting, correlations and stationery, time series distribution, and information theoretic and 

complexity measurements. Experiments conducted using the suggested time series features lead 

to an enhancement in the recognition accuracy of the device. The authors of [87] suggested the 
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usage of 7 current waveform characteristics including number of semi-steady states (duration 

in state ranging from 1 to 5 s); total time in semi-steady states; number of spikes; number of 

steady states (duration in state longer than 5 s); number of states per time window; total time in 

steady states; and the presence or absence of repeating patterns. They showed a good 

identification accuracy in the test dataset. 

The usage of Fourier series analysis to assess current harmonics has been discussed in [53], 

[88]–[90]. Non-linear loads that generate non-sinusoidal current while operating may be 

uniquely characterized by current harmonics. The latter have been employed in combination 

with active and reactive power characteristics to increase the identification algorithm's 

effectiveness in [80], [91]. It was demonstrated that devices functioning in parallel exhibit 

different steady-state harmonic signatures depending on their configuration. Although this 

method can distinguish Type I and Type IV devices, it necessitates the development of unique 

sets of harmonic features for all potential appliance combinations in order to accomplish load 

identification [37]. Fast Fourier Transform (FFT) is used in [92] to extract significant 

information from the harmonic components of the current waveform. This information is 

subsequently utilized to train models for device identification using SVMs and ANNs. 

However, required training with as many device combinations as possible, making it an 

impractical solution for a real-world household. 

The high sampling rate enables fine granularity characteristics like steady-state harmonics 

and V-I trajectory to be captured [93]. It has been shown that converting the V-I trajectory to 

an image representation and supplying it to machine learning classifiers enhances classification 

accuracy [93]–[99]. Shape-based features obtained from V-I trajectory were utilized as input to 

a machine learning classifier in [100], which was the first time V-I based features were 

employed for device classification. In [101], many features derived from V-I waveforms, like 

mean line, asymmetry, and self-intersection assessment, were utilized to categorize devices. 

The method, on the other hand, condenses the information in the V-I-trajectory into a subset of 

features obtained solely from deep engineering knowledge. In [98], the V-I trajectory is 

converted into weighted pixelated V-I images and classification was performed using a CNN 

model. The authors of [94], [102] showed that decomposing the current into active and non-

active components employing the Fryze power theory may increase the uniqueness of the V-I 

binary image and, thus, identification accuracy. The reported studies, on the other hand, utilize 

single-label training, which presumes that only one device is active at any given time. This 
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technique ignores the reality that numerous appliances may be active at the same time, as well 

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

2.5.2. Transient signatures 

The temporary occurrence preceding steady state, which is the result of an abrupt shift in the 

circuit, is referred to as transient state of a device. It refers to the time between the device's 

shutdown state (OFF state) and its steady-state activity [35]. A device's turning ON (or OFF) 

relates to a transition between two steady-states. Electrical signals undergo changes throughout 

this transition, which might define a device. Following the changes in the state of the load, the 

transient may be either ON transient or OFF transient. Most electrical devices have a distinct 

transient, making them useful for load detection. The transient signature of an appliance is made 

up of the different characteristics extracted from the signals analysis throughout this transition. 

It is primarily used to characterize and analyze the transition of different load patterns before 

and after an electrical switching operation [58]. It includes a wide range of features, including 

the power change amount, the harmonic change amount, the impedance change amount, the 

power peak stability ratio, and so on. The authors of [75] suggested that the shapes of transient 

occurrences may be employed as a characteristic for detecting devices. Other work presented 

by the authors of [103]  has shown that the energy computed during a transient " switch-ON " 

event may be used to distinguish devices. In [104], significant information from the waveform 

of turn ON and turn OFF transients are extracted using the wavelet transform and short-time 

Fourier transform in the time-frequency domain. The analysis indicated that the signatures used 

had an impact on load detection and computational cost. A multi-scale transient event detection 

algorithm was suggested in [105]. Rather than looking for whole transient patterns, the 

algorithm looks for temporal patterns of segments in the signal that show considerable 

fluctuation. A change-in-mean detector is used by the algorithm to identify such segments. 

Transient changes are then identified using a pattern matching technique and groups of 

segments previously computed as features for certain events. 

The dynamic time warping (DTW) distance-based template matching approaches are most 

often used in load transient detection models [106]. The DTW distance can be considered as a 

shallow signature. The authors of [107] utilized Dynamic Time Warping (DTW) in their load 

transient detection. The dynamic time warping distance of the time series between the device 

to be detected and the model devices was computed, the model with the smallest distance was 

considered as the target device. The authors of [108] explored three different types of DTW 
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models and presented a multivariate fusion approach. Transient signatures were generated using 

both active and reactive power. The dynamic time warping (DTW) model is introduced to 

quantify the similarity between the raw transient power waveform sample of variable length 

and the template time series for load transient detection. They used a nearest neighbor transient 

detection approach to classify the device that generates the transient power waveform sample. 

They showed that the suggested load transient detection technique enhances the accuracy of the 

model. In fact, the performance of DTW-based models is greatly influenced by the parameters 

entailed and the number of samples in the pattern library, although using the multivariate fusion 

technique or augmenting the number of samples might result in a significantly higher 

computational load during the application phase [106]. In order to maximize the efficiency of 

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

The authors of [109] suggested an approach for recording the transient responses of attached 

electrical devices using a pulsed voltage signal. The detection of transients in aggregate 

electrical load is enhanced by the development of a dictionary of transients. The quality of the 

generated features is tested in a classical NILM task with the goal of detecting the state of a 

specific device based on feature analysis by three separate algorithms. The suggested 

approach's effectiveness was demonstrated by the experimental results. The authors of [110] 

used a high sampling frequency to collect the current of appliances in transient states. The 

currents gathered when the device was turned ON were used to develop the transient state 

model. Wavelet transform coefficients (WTCs) were utilized to determine the energy spectra. 

The energy distribution in the sub bands was then used to determine which devices were active. 

The authors of [111] suggested to use a transient signal to detect electric noise on the power 

line induced by the switching state of device in a socket. They considered that the noise feature 

of certain devices is dependent on both the load and the interconnecting power line's 

transmission behavior. However, the device signature may be affected by the electrical wiring 

in the home, so a device plugged into a distinct socket may not be identified correctly. An 

approach that relies on a characterizing response related with a transient energy signature is 

presented in [112]. In their experiment, ANNs are combined with turn-on transient energy 

analysis in order to enhance the detection performance and computing speed. A coreless Hall 

CT is used to identify non sinusoidal waves. The NILM performance is increased by 

minimizing the distortion problem in current readings caused by the hysteresis of typical current 

transformer (CT) iron cores. The results of the experiments show that including the turn-on 

transient energy technique into NILM improves the detection performance and computing 
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speed significantly. The authors of [113] utilized power spikes during the device's transition 

phase as a feature to distinguish appliances. Although these techniques have been shown to be 

effective for load detection, the requirements for processing this type of feature are higher than 

for step changes, particularly in terms of the required sampling rate. The transients may be more 

challenging to catch but offer valuable information that can be used to improve steady-state 

signatures [38]. 

One of the key benefits of the transient signature is that it is tied to the internal operation of 

each device, so it could identify two devices with similar descriptions in the steady state. 

However, since transient pattern lasts only a few seconds, thus, necessitating high sampling 

frequencies. Furthermore, the costly process of transient analysis may make this type of 

signature a worthless solution for NILM [70], [111]. 

2.5.3. Non-Traditional signatures 

Non-traditional signatures are being employed in disaggregation methods, in addition to 

transient state and steady state features [37]. The non-traditional characteristics such as time of 

day, temperature, start time, light sensing, end time and peak time are utilized to enhance 

traditional signatures [35]. They could be used to address some of the shortcomings in detection 

that traditional signatures cannot address. Moreover, the mix of transient and steady state 

signatures can lead to the creation of non-traditional characteristics resulting in a single robust 

device signature. The authors of [114] suggested to use a combination of two simple units, 

rectangles, and triangles, to describe the power consumption of household device while 

ignoring tiny changes and flaws. In their approach, peak value, peak time, start time and end 

time are used to define the triangle unit, whereas peak value, steady power, peak time, steady 

time and start time are used to describe the rectangle unit. They employed the mean-shift 

clustering technique to quantify the suggested units that constitute the operating style of 

different device types. The latter are classified by combining their characteristic features with 

their operating styles during the load recognition process. They demonstrated that this technique 

does not necessitate any training or supervision. Furthermore, the authors claimed that using 

this technique will help to address the problem of overlapping device features. The transient 

response time was explored using DWT and STFT in [115]. In their approach, the load 

operation and power demand are detected by analyzing the transient energy and transient 

response time characteristics [116]. They showed that transient response time and transient 

energy are more robust than steady-state characteristics in terms of improving detection 
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performance and lowering computing requirements in NILM systems. Moreover, this signature 

may be used to identify loads with identical active and reactive powers. The authors of [117], 

[118] reported two approaches to address the disaggregation challenge through pattern 

recognition and optimization. The approaches are based on the utilization of various 

characteristics like the active and reactive power variations, current waveform, power 

waveforms, eigenvalues, instantaneous admittance, harmonics, and the transient switching 

waveform. The correlation between the use of several devices and their usage frequencies have 

been explored in [117]–[119]. The flexibility of a device using the extrapolated energy usage 

as well as the consumption behavior of the homeowner was examined in [116]. The 

controllability and estimated power in the specified time slot were used to compute the 

flexibility. They used a case study to illustrate the effectiveness of the suggested flexibility 

analysis. The authors of [120] have suggested the usage of occupancy information which may 

be either inferred or measured in different manners to reduce the complexity of NILM 

algorithms. 

 

2.6.  Event-based approaches 

Energy disaggregation techniques based on events are generally designed in the same manner 

as Hart's original NALM [40]. It entails determining an individual device's consumption by 

analyzing the traces of each state transition using event detection and classification. The NILM 

framework based on event detection typically involves 4 processes as depicted in figure 2-2 

[30], [57]: 

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

 Event detection: it is the process of detecting consumption variations that are expected 

to occur because of devices switching their state. Any change in the state of a device 

over time is referred to as an event. It denotes changes in power signal that may be 

recognized in electrical signals using thresholds. 

 Feature extraction: it is the extraction of significant events and/or features to generate a 

power event signature that will be utilized to identify the loads responsible for each 

occurrence. The load features provided by devices may be utilized to differentiate them 

from each other. 

 Device classification or load identification: machine learning algorithms are employed 

to classify which devices are active at a given time and/or their states, based on the 

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

2.6.1. Event detection 

Event-based methods rely on the concept of device signatures and the original NILM premise 

that each change in total power occurs as a result of a change in device operating state [40], 

[121]. A signal switching from one steady state to another is referred to as an event in NILM. 

The process of detecting changes in the aggregate data that are thought to occur as a result of 

devices changing their mode of operation is known as event detection [121]. In fact, the latter 

is usually associated with high frequencies. This is a necessary condition when processing the 

signal to obtain an appropriate performance [30]. It's important to mention that most earlier 

event detectors used current signals rather than voltage signals because events are more easily 

identifiable in current signals [30]. According to prior research [30], [121], [122] as well as the 

current progress of research [58], event detectors typically employ four main approaches: expert 

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

2.6.1.1. Expert heuristics models 

The main focus of the expert heuristic is the establishment of a set of rules for each device. 

Some parameters like power variation and total power demand, should normally be initialized 

[30]. Expert heuristic algorithms are perhaps the simplest, and they work on the concept of 
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scanning time series data seeking variations that are higher than a specific threshold. The 

original approach employs a sliding window to detect variations in the power signal's root mean 

square (RMS) [121]. It was designed to detect events at low sampling frequencies (less than 1 

Hz). Its configuration consists of 3 parameters, including the power threshold, the minimum 

time elapsing between occurrences and the number of seconds preceding the evaluated second. 

However, it was enhanced with three extra parameters in order to support datasets with higher 

sampling frequencies (> 1 Hz) including event edge and pre- and post-event window lengths. 

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

data. The pre- and post-event window lengths are utilized to determine the number of samples 

to be averaged in order to identify the difference in amplitude between distinct points in time. 

The procedure can be illustrated as follows [121]: In the first stage, the proportion of power 

change is determined for each power sample by subtracting the mean power before and after 

that sample. Following that, the power variations exceeding a predetermined threshold are 

highlighted as potential power events. Lastly, only the highlighted power events separated by 

at least the minimum elapsed time between events are validated as events, while the rest are 

rejected.  

The authors of [123] suggested an event detection technique that identify changes in the 

envelope of the current signal. Its primary benefit is the high performance with which the start 

times of events can be identified. An envelope extraction approach was presented by the author 

of [124]. The envelope of the current was computed using the root mean square function. To 

determine the change in the envelope, a derivation was used. Several peaks were created from 

the changes. Lastly, the events were defined as peaks with amplitudes higher than the threshold. 

The authors of [125] filtered the power signal first to remove noise and minimize the probability 

of false positives. The power events are then detected in a second phase by calculating the 

absolute differences between two successive samples and picking the indices where this 

difference is higher than a pre-determined threshold. 

2.6.1.2. Probabilistic models 

The change in the operating state of the device involving the change in the aggregated power 

consumption defines the events. Comparing the power change deviations of adjacent samples 

is the most direct technique to identify the event [58]. The latter is triggered when the power 

change exceeds a predetermined threshold. However, in the real-world application, the power 

time series is impacted by a multitude of factors and fluctuates randomly. By using a single 
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threshold, it becomes difficult to separate events from noise [58]. In this context, probabilistic 

models have been proposed. The GLR is a common probabilistic model that was first designed 

to address the problem of abrupt changes [30], [122], [126]. The GLR specifies the detection 

window, the post-event and pre-event averaging window. Two Gaussian distributions are 

defined using the pre-event and post-event averaging windows. The probability density 

functions of the two Gaussian distributions are used to assess the likelihood of an event 

occurring within the detection window [58]. 

Probabilistic models enable us to obtain a probability that may be utilized to make a choice 

about the likelihood of certain events occurring. They need to go through a training process to 

adjust some factors and learn specific statistical models for devices and settings for this aim 

[30]. A Generalized Likelihood Ratio (GLR) approach is presented by the authors of [122], 

[127]. The authors showed that in order to optimize performance, it necessitates a training 

procedure that tunes five parameters whose values fluctuate based on the statistic. The author 

of [128] suggested an enhanced version of the GLR model that included a voting method to 

boost performance. The GOF approach was also used to analyze event detection models [129]. 

The difference in distributions before and after the event is used to detect the occurrence. The 

authors showed that the GOF-based event detection model outperformed the expert heuristics 

method in terms of false-positive performance. 

2.6.1.3. Matching filters  

Matching filters detect the presence of the mask in an unknown signal by correlating a known 

signal (commonly referred to as the mask) with an unknown signal [122]. The masks may be 

template power signals that contain the start-up or turn-off transients of devices, while the 

unknown signal is the overall power usage. The signal waveforms are extracted and correlated 

with known patterns to classify them. Although no prior training or knowledge of the devices 

or settings is required, this method usually requires high sampling frequencies [30]. The 

following are the main phases of template matching-based approaches [58]: (i) computing the 

spectral envelope of the time series, the actual current and voltage with high frequency are 

transformed to signals with evident features in transients; (ii) during the training process, the 

frequent occurrences of the turn on and turn off procedure are extracted and standardized by 

building up the template library; (ii) The template matching procedure is triggered by a change-

of-mean procedure, and the distance between the total power signal and the template power 

signals is computed, an event is identified if the distance is less than the threshold. Distance 
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computation is proven to be an important stage in the template matching based event detection 

approach. The most used distance is the Euclidean distance, which was employed in the 

template matching procedure in [130]. However, the phase of the signal affects the Euclidean 

distance, therefore two comparable signals with a phase difference may have a significant 

Euclidean distance [58]. 

The authors of [131] suggested an event detector that uses two transversal filters that try to 

match initial transient segments (obtained via training) to the aggregated signal. The first filter 

searches for transient shapes in the aggregate signal, while the second filter verifies that the 

matches represent the real transients rather than random noise. The instantaneous current 

captured at 20 kHz was given a Hilbert transform by the authors of [132]. Following that, the 

modified signal is subjected to a mix of averaging and derivation filters in order to reflect only 

the transitions of interest (power events). The authors of [133] proposed experiments using 

envelope extraction, in which spectral envelopes from many harmonics are generated and a 

Kalman Filter is employed to detect occurrences. 

2.6.1.4. Hybrid models 

The authors of [134] proposed a kernel Fisher discriminant analysis (KFDA)-based 

unsupervised NILM event detector that generates proper start and end times for so-called active 

sections. The latter are the extensions of traditional NILM events that were designed to consider 

complex situations (such as peaks, brief pulses, and fluctuating load). The suggested approach's 

effectiveness is benchmarked using the BLUED dataset. The authors of [135] presented an 

adaptive event detection system based on GPS, with an iterative clustering scheme for 

determining the threshold. The primary objective is to integrate adaptive thresholding, pattern 

matching, and signal clustering to the emerging subject of GPS. They established the method's 

performance boundaries and demonstrated its practical utility. They illustrated the efficiency of 

the suggested technique for standard smart meter using two public datasets REFIT and REDD 

with active power readings down sampled respectively to 8-s and 1 min resolution. In [136] a 

variation of the goodness-of-fit (χ2 GOF) -based on cepstrum smoothing is presented. In their 

approach, the authors used a voting mechanism to enhance the typical GOF algorithm, a median 

filter to eliminate impulsive noise from the power time series and a surrogate-based 

optimization approach to tune the parameters of the hybrid model. The suggested hybrid 

approach appears to be more effective than the classical GOF model, according to the 

experimental results. The authors of [137] suggested a DBSCAN based event detection method 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/goodness-of-fit
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that detect two adjacent steady states and the timestamp. They demonstrated good detection 

accuracy using publicly available dataset BLUED and PLAID. The authors of [138] explored a 

hybrid framework in which the model's parameters might be defined automatically in different 

conditions. The suggested unsupervised approach uses automated clustering to find recurrent 

motifs, which are depictions of the devices' transient power draw characteristics in a particular 

environment, and proximity-based motif matching to detect occurrences. The approach was 

tested using the EMBED dataset, which is a public dataset obtained from three houses with 

various device types. The results demonstrated that the suggested event detection technique 

performs better than the classical event detection in identifying the operating states of various 

load types in a variety of scenarios. 

2.6.2. Features extraction 

The process of extracting the optimum characteristics so that the power event footprints are 

robust and discriminative enough between devices is known as feature extraction. It is quite 

crucial in establishing the energy consumption footprint of each appliance and will further 

enable the identification of the particular signatures of each appliance, which can therefore be 

used for appliance detection [139]. The features can be either data-driven features or engineered 

features [140].  

The data-driven features are extracted directly from the data using methods like 

unsupervised learning. The authors of [141] pred a generic data-driven technique for NILM 

using low frequency sampling rate. They partitioned a set of observations into clusters using 

the k-means clustering approach, with each object belonging to the cluster with the closest mean 

value. The authors of [142] suggested a data-driven procedure using an unsupervised feature 

representation based on extreme machine learning technique for efficient energy 

disaggregation. In [95], [98], the usage of VI binary image for device identification is proposed. 

The (V-I) trajectories are converted into binary images after being normalized in amplitude. 

Engineered features on the other hand are retrieved using domain knowledge derived from 

electrical power and device properties. Examples are characteristics related to harmonic 

components [65], [66], amount of power change [136], transient forms [105], [115], [143]. 

Typical low-sampling applications use characteristics derived from power time series variables 

[30], like current, voltage, active power reactive power, apparent power, power factor, power 

phase angle, and so on. Furthermore, several additional features were captured from the 
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electrical signal in the frequency domain, including electromagnetic interference [70], electrical 

noise using FFT [70], [144], wavelet transforms [104], [110] and so on. 

2.6.3. Load identification 

The purpose is to identify the devices involved in the changes in the measured aggregate signal 

operating at any given moment using features extracted from the gathered data, including the 

device's electrical signature [30]. Within the energy disaggregation contexts, studies have 

primarily concentrated on supervised approaches rather than unsupervised approaches for this 

identification [37], [48]. The supervised learning approaches adapted for NILM are to date 

either pattern recognition based or optimization-based approaches. The latter are used in the 

supervised approaches to find a set of devices whose corresponding load demand matches the 

observed load in the aggregated signal as closely as possible. These include genetic algorithm 

[145], segmented integer quadratic constraint programming [146], hybrid programming [147] 

and so on. However, these approaches necessitate the availability of datasets including all 

potential associations of power demands for the different devices. This is a disadvantage 

because the existence of unknown devices in the aggregated signal would make the recognition 

based on the combination of known appliances challenging [40], [117]. Furthermore, their 

heavy computational burden limits their practical application [30]. Besides, supervised 

techniques are exploring pattern recognition approaches capable of recognizing the extracted 

features (device signatures) in the aggregated data. Offline training is typically used in these 

techniques to create a dataset of information that is employed to develop classification 

algorithms. The device database encompasses a series of device features that are utilized to 

construct the identification algorithm's design and characteristics. Examples of some commonly 

used techniques include the k nearest neighbors (KNN) [148], [149], the artificial neural 

network (ANN) [110], [115],  decision trees [144], [150], support vector machines [79], [88], 

[115], [151], [152], convolutional neural network [50], [93], [98], [153]–[156], naïve bayes 

classifiers (NB) [149], [157], [158], and deep learning [60], [98], [155], [159]–[163]. Hart [40] 

introduced a clustering-based technique wherein devices generate their own distinct clusters in 

the P-Q plane. A feature space is mapped using the electrical signal's steady-state variations. 

The new feature vector is then clustered using the distance metric to see whether it belongs to 

one of the previously identified clusters. This approach has been commonly employed in NILM 

owing to its simplicity. However, the technique's failure to identify devices with overlapping 

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

approach. The authors of [164] proposed a linear-chain conditional random fields, which can 
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handle multi-state loads by considering the influence of prior states on the current state. The 

authors of [165] compared the performance of 3 classifiers including multilayer perceptron, 

radial basis function NN and SVM with distinct kernels, using the odd harmonics of the current 

waveform. They found that all models perform well in classification and correctly identify the 

relevant appliances, which demonstrates the applicability of the suggested approach. In [166], 

[167], the effectiveness of ensemble-based techniques, in which distinct algorithms are 

associated to enhance the overall accuracy of the classifier, was examined. The authors of [158] 

suggested a two-stage technique for NILM. In the first stage, a classifier seeks to classify the 

device by type (purely inductive, capacitive, or resistive) thus in the second stage, a second 

classifier is trained with only those characteristics that are considered meaningful for 

identifying devices of that type. The authors of [168] evaluated the performance of several 

classifiers, including feedforward ANNs, hybrid neural networks, SVMs, and adaptive boost 

(AdaBoost) models. The method is based on the use of Wave-Shape (WS) characteristics based 

on V-I trajectories. The models performed well for two households in the REDD dataset [169]. 

However, the result deteriorated drastically when gaussian noise was added. They found that 

the waveform features proved to be effective for load classification. The authors of [170] 

employed the Bayesian approach to identify the most probable device states using state change 

information. A naïve Bayesian classifier was trained for each device, and a set of learned 

classifiers was employed to distinguish device-specific states from aggregate data readings. 

However, the authors assumed that the state of the devices was independent from each other, 

which, according to [37], is not the case because the operation of consumer devices is frequently 

correlated in the household (e.g., the use of TV and DVD player). A heuristic technique that 

uses the histogram thinning method for clustering of P and Q events was compared to the 

Bayesian technique. They showed that the Bayesian method outperforms the heuristic 

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

In fact, pattern recognition methods are generally privileged by researchers for the task of 

load recognition [37]. Meanwhile, the necessity of having labeled data which is unfortunately 

not always available and training data are some of the main constraints to the large-scale 

adoption of supervised approaches. The authors of [171] suggested combining a supervised 

learning approach on accessible labeled datasets with an unsupervised training method on 

aggregated unlabeled data. The authors of [172] have also explored semi-supervised methods 

that seek to employ both labeled and unlabeled data for training NILM algorithms. In these 

approaches, semi-supervised learning approaches seek to exploit the potential of unlabeled data 



34 
 

by employing small sets of labeled samples to deduce labels from unlabeled samples and 

subsequently utilize them as training sets. 

Unsupervised approaches, on the other hand, do not necessitate any prior training. This is a 

significant benefit since it entails less effort from the consumer and reduces the intrusiveness 

of data collections [30]. For this reason, unsupervised approaches have attracted increasing 

attention [37]. They often don't use events and try to disaggregate the signal directly from the 

aggregated signal without using event detection. 

2.7.  Non-event based approaches 

Non-event-based techniques rely primarily on statistical and probabilistic models to breakdown 

aggregated power signals without using any type of event detection [37], [173]. Indeed, these 

approaches do not necessitate prior training of the machine learning algorithms to recognize 

appliance specific power change in the aggregate data. Rather, these techniques mainly exploit 

existing knowledge about the operation of individual devices by employing various techniques 

like probabilistic models, HMMs, HOS, motif mining, and blind source separation.  

In fact, the NILM challenge is a time-dependent problem wherein statistical models are 

widely targeted as a relevant solution [173]. HMM-based approaches have attracted a lot of 

interest in the past few years. The authors of [174] developed a hierarchical approach that uses 

a Bayesian consideration of HMMs to model diverse appliances. The different HMM settings 

are then combined to create a specific appliance consumption model. They demonstrated that 

general models of devices can be built utilizing data from only a small number of devices. In 

[175], the authors developed a sparse Viterbi technique that employs a super-state HMM to 

conserve load relationships and identify multi-state devices while ensuring efficient and robust 

accurate inference. The sparse Viterbi approach is used to efficiently generate sparse matrices 

with multiple superstates that are used to achieve the NILM task.  They demonstrated that their 

model could work in real time. The authors of [176] presented a generic technique based on 

temporal sequence categorization methods. Its goal is to identify low-resolution device states 

and use those features to build device types and classify prospective devices. The applicability 

of FHMM for low power device monitoring was investigated in [177]. The authors concentrated 

on identifying both binary and multi-state device operation through the use of suitable sets of 

characteristics. Since the number and types of devices are known a priori, each target device is 

modeled as a single HMM with several states that characterize its working behavior. In the 

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

feature concatenation can enhance the model's disaggregation accuracy, enabling it to 

accurately detect the states of appliance. In [178], several HMMs extensions were explored to 

model the data. The conditional factorial HMMs (CFHMMs), which enhance factorial HMM 

by adding features like time of day, device dependency and other sensor measurements; the 

Hidden Semi-Markovian Factorial Model (FHSMM) which is a variant of the FHMM that 

improves the fit of probability distributions of appliance state occupancy periods and the mix 

of CFHMM and FHSMM, which considers additional features as well as more accurate 

probability distributions of the occupancy times of the device states were studied. The basic 

concept involves representing each device as a distinct parallel HMM that contributes to the 

total power. The authors designed a probabilistic model of device behavior that incorporates 

steady state characteristics. The training of model parameters is unsupervised, and several 

parameters are learnt from the data. The learning procedure entails determining the parameters 

from the observations in order for the model to accurately characterize the data. The hidden 

variables, which are the statuses of the devices, are estimated using the model through these 

parameters. The framework is analyzed in the low frequency power load data by considering 

multidimensional characteristics as input. The authors demonstrated the viability of the 

proposed NILM technique. An approach based on the combined utilization of active and 

reactive powers using additive FHMM model was proposed in [78]. In the suggested method, 

the device model is illustrated by a bivariate HMM, where the emitted symbols are the 

combined active-reactive power signals. To handle the bivariate HMM models, the authors 

proposed an alternate formulation of the AFAMAP technique to disaggregate the data. The 

approach relies on modeling the aggregate power readings as a mixture of appliance operating 

states, and then reconstructing the time series of the state progression for each appliance in the 

finite state machine. They showed that the usage of reactive power improves the accuracy of 

the model. In [179], a NILM technique that accounts for mutual interactions between appliances 

and incorporates information about the interactions between appliances into the FHMM 

representations of the aggregated data was proposed. In fact, appliance interaction is a power 

quality issue that impacts an appliance's measured power consumption when other appliances 

are connected to the network. The Viterbi algorithm was employed to deduce the hidden states 

in the proposed FHMM. Additional chains were added to FHMMs to model any interactions 

between the appliances. They showed that the suggested technique outperformed the standard 

FHMM model, and that observing interactions between appliances enabled more accurate 

disaggregation and estimation of specific appliance energy usage. The authors of [180] 
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suggested an Infinitely Factorial Unbounded state HMM (IFUHMM), with potentially 

unbounded number of parallel HMMs and states in each HMM. The approach is based on a 

non-parametric Bayesian a priori using integer matrices, with rows representing temporal 

indexes, columns representing Markov chains, and integers representing the state of each chain 

and temporal instant. The approach starts by extending the existing infinite factorial binary state 

HMM model to include any number of states. Then they tweak the model to enable an infinite 

number of states and create an (Markov chain Monte Carlo) MCMC-based inference algorithm 

that efficiently handles the trade-off between infinite states and chains. They found that 

inferring rather than fixing the number of chains and states in the FHMM enhances performance 

of the model. The authors of [181] developed a hierarchical FHMM to circumvent the 

assumption of appliance independence and the requirement of one appliance at a time. The 

approach works on the steady-state signal by grouping the signals of correlated appliances and 

then generating HMM models based on the detected clusters (called "super appliances"). The 

super appliances are inferred using AFAMAP algorithm. A state relation table is generated 

during the training phase and used to map the result back to the original appliance. They showed 

that inference on super-appliances is way more efficient than inference on original appliances 

since they only had to deal with a smaller number of "appliances" that met the independence 

and single-time constraints. In [182], an approach that combines the utilization of FHMMs with 

contextual information associated to the consumer's occupancy in the household and the hourly 

usage of devices was examined. The authors examined how the usage of these additional 

contextual knowledge features could enhance the NILM performance. Experiments using the 

Tracebase public dataset and synthetic contextual data yielded promising results. The authors 

of [183] suggested an additive FHMM for NILM. They developed an estimate inference 

approach that takes use of the FHMM additive structure and employs an efficient convex 

quadratic programming relaxation. The approach relies on inferring the hidden states of an 

FHMM in order to address unsupervised NILM and extract individual devices usage from the 

aggregate signals. The researchers stuck to the original FHMM approach, wherein the output is 

an additive function of all hidden states. The approach has achieved good results while 

remaining computationally feasible. The work presented in [181], [182] shows that the 

consideration of inter-device dependencies, in particular, leads to an enhancement in the 

effectiveness of NILM. On the other hand, the complexity of HMM models increase 

exponentially as the number of target devices increase. Furthermore, their scalability and 

generalization capabilities are challenging and existing inference approaches for state 

estimation are also extremely sensitive to local optima, which limits their practical application. 
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The authors of [184] suggested a data-mining-based time-dependent load disaggregation 

technique. They employed clustering techniques to identify different power levels and 

characterize the periodic cycles of occurrence of these control levels. Each episode must meet 

some specific criteria to be considered part of a device. The minimum episode completion 

criterion, for example, is employed to detect episodes completed by a single appliance. They 

showed that motif mining is effective in recognizing appliances with different power levels and 

in characterizing the combinatorial operations of appliances. In [185], a blind source separation 

approach was proposed to address the problem of NILM. The authors employed steady-state 

active and reactive powers variations (P and Q) to generate clusters of devices, each of which 

is supposed to match to one device state transition. Then, the original source of each cluster is 

reconstructed using a matching pursuit algorithm (MP).  The authors of [186] suggested a non-

intrusive technique to categorize electrical devices using higher order statistics (HOS). In the 

proposed approach, Genetic Algorithms (GA) and Fisher's discriminant ration were used to 

select a finite set of the most relevant characteristics from those generated by HOS in order to 

lower the computational cost. The main goal of GA was to lower the data dimension while also 

improving the effectiveness of the classifier. They used multilayer perceptron (MLP) and 

decision tree (DT) classifiers to perform the final classification. The proposed classifiers used 

only 6 extracted features (second and fourth order cumulants) that could be suitable for a real-

time application. The approach was tested using experimental signals obtained from the main 

electrical power source of a household and performed very well. In [187], An approach based 

on powerlets learning and sparse coding scheme was proposed. The power fingerprints of each 

appliance are automatically extracted during the learning phase by modeling the appliance as a 

combination of dynamic systems. Relevant dissimilarities between device power samples were 

developed and employed in a subset selection system to extract the usage signatures of a device 

corresponding to its distinct operating modes. The extracted energy signatures for all appliances 

were used to create a dictionary. The authors presented NILM as an optimization over a 

representation in the trained dictionary, with numerous new priorities such as appliance 

disparity, knowledge of which appliances operate together and which do not, and disaggregated 

solution temporal consistency. They demonstrated that the proposed approach could achieve 

promising performance. 

2.8.  Machine learning approaches to load disaggregation 

Numerous techniques have been presented in the literature to tackle, on the one hand, the 

challenges faced by the pioneering NILM approach and, on the other hand, the problem of 
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NILM in general. Initially, the research focused on HMM models and their variants (as detailed 

in section 2.7). However, their applicability was limited due to their complexity, generalization 

problem and their sensitivity to local optima. Recently, scientists have resorted to machine 

learning and deep learning approaches. These include methods like SVM [148], [151], [188], 

KNN [149], DT [58], [189], Graph signal processing [190], [191], k means clustering [192], 

etc. 

The deep learning framework has proven its ability to extract sophisticated characteristics 

of complex data automatically which enables it to play an essential role in energy 

disaggregation problems [193]. Several deep learning architectures have been proposed to 

tackle the NILM challenge. The research conducted in [51], [194] was among the first to 

employ deep learning approaches for NILM. In  [194], the authors introduced a new approach 

for supervised NILM based on the LSTM architecture. The primary goal was to monitor the 

energy usage of significant loads in a house in order to achieve energy savings. The target 

power signal of the device or sub-circuit is extracted from the aggregated power signal using 

the LSTM network based on supervised learning. The authors showed the feasibility of deep 

learning approach for non-event based NILM applications. The results of the tests conducted 

in REDD's low-frequency public data set, involving only real power measurements, are 

promising, and have shown a new way to design NILM systems. In [51], the authors analyzed 

three deep learning algorithms including LSTM coupled with CNN, denoising autoencoder and 

an estimation algorithm that determines the start time, end time, and the average power demand 

of each appliance. They defined the NILM task as a denoising operation, in which the clean 

signal is depicted by the power demand of the target appliance, and the aggregated signal is the 

background "noise" created by the presence of other appliances. They disaggregate the power 

demand of five devices from the aggregated data of the whole house and obtain good results. 

They train the models with the same architecture for all devices, regardless of their type. The 

models were compared on the UK-DALE public dataset, and the study revealed that the 

denoising autoencoder model performed better than the other neural network architectures and 

the state-of-the-art FHMM and combinatorial optimization techniques in the Non-intrusive 

Load Monitoring Toolkit (NILMTK). In [195], a group of auto associative neural networks is 

trained to be tuned to the features of a specific device. In the proposed approach, the auto 

associative NNs are disposed in a competitive parallel architecture that puts them against each 

other. The closest identification is then used to detect the specific appliance when a new input 

vector is introduced. The system employs the transient power signal acquired from the device's 
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on/off events to recognize the specific types of device. The results of tests on three public 

datasets demonstrated the method's applicability for NILM systems. In [196], the authors 

presented a sequence-to-point technique based on CNNs. The model used an aggregate active 

power window as input and a single point of the target device as output. It performed better 

than the sequence-to-sequence state of the art method on REDD and UKDALE public datasets. 

A CNN, a LSTM and random forest (RF) classifier are used to form a deep learning model for 

NILM in [197]. A multi-feature and high-dimensional approach are used to extract 

characteristics in the data preprocessing step, and a pre-training method is employed to generate 

correlations in electricity usage habits. The authors discussed the problem of label correlations 

and evaluated their approach on REDD and Pecan Street datasets. They showed that the 

proposed method may successfully increase device detection performance. The authors of [198] 

presented a bidirectional LSTM model. They developed a multi-feature input by combining 

multiple electrical features. The electrical parameters that had the significant impact on each 

target device's power usage were selected using the mutual information technique. Then, to 

remove unnecessary predicted sequences, a second post-processing classification algorithm 

was suggested. Low frequency data (UKDALE and ECO datasets) were used to evaluate the 

model. They demonstrated improved performance with the post-processing algorithm. The 

authors of [199] presented a capsule network based NILM technique. CNN was used to extract 

prospective characteristics from a collection of non-overlapping segments of energy readings 

data. The capsule architecture is intended to estimate specific segment class probabilities. Then, 

based on the estimated class probabilities of the segments, a decision-making process is 

suggested to establish the final identification. They compared and validated the proposed 

solution’s sustainability against current literature.  A CNN technique was suggested in [200]. 

They used a features space that had been enhanced by the incorporation of a temporal pooling 

module to categorize the states of the devices. In their approach, a time interval of the 

aggregated active power consumption is used as input. The method uses a multi-label 

classification to predict the device's consumption as a constant average value throughout the 

device's activation. The authors tested their model using the UKDALE low frequency dataset 

and demonstrated good generalization properties. In [60], the authors focused on the 

disaggregation of multistate appliances. A practical approach based on deep CNNs using a data 

augmentation technique is proposed. A post processing method was used to categorize the 

activations predicted by the convolutional model. The authors showed that the usage of the post 

processing algorithm significantly increases the disaggregation results. In [201], a technique 

based on the pinball quantile loss function for guiding a deep NN for NILM was proposed. 
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They used the pinball and mean square error loss functions to compare the suggested network 

to three distinct deep NN. They demonstrated that the method using the pinball loss function 

consistently outperforms the method employing the MSE loss function. The authors of [202] 

presented an event detection method based on a transient signal. They used active power signal 

to extract the suggested transient signal in low frequency sampling rate. The events were 

classified using DT and LSTM models. They demonstrated that the use of transient signal 

allows for good performance. In [203], the authors described a NILM technique that generates 

synthetic data for training deep CNN models via data augmentation. The suggested data 

augmentation technique combines ON and OFF-durations of a target device from (REDD, 

UKDALE and ECO) datasets in low frequency sampling rate, resulting in unified sub-meter 

profiles and complete synthetic aggregate. They demonstrated that training the algorithm on 

generated synthetic data improves its generalizability. The authors of [204] suggested an Active 

Deep Learning-based load detection approach. The high-dimensional device characteristics are 

collected from the original current signals using the discrete wavelet transform (DWT). The 

features were then learned and high-value samples suitable for labeling were selected using a 

pool-based active deep learning model. Three sampling approaches were employed to test the 

suggested approach using a mixed dataset made up of 3 public datasets. The results 

demonstrated that the suggested approach might greatly lower the cost of labeling huge 

datasets. A deep NN technique for NILM that presents a tailored attention mechanism 

framework was presented in [205]. To address the NILM issue, the proposed model includes 

an estimation subnetwork combined to a classification subnetwork. In the regression 

subnetwork, the authors employed convolutional and recurrent layers to improve feature 

extraction and enable the creation of better appliance models. They showed that the suggested 

model increases accuracy and model generalization capability on the public datasets REDD and 

UK-DALE.  In [206], the authors developed a technique for device detection and classification 

of unidentified devices in NILM. In their approach, devices are defined by their V-I trajectory 

and mapped to a previously learned feature space built by a Siamese NN, resulting in samples 

of the same device forming tight clusters. Device samples are then assigned to clusters or 

labeled as "unidentified" using the clustering performed through DBSCAN. They showed using 

the PLAID and WHITED datasets that an F1-Macro of 0.85 and 0.90 can be achieved for 

categorizing unidentified devices. In [207], a NILM technique based on online learning has 

been designed to infer a range of devices from a transferred model using low sampling data. 

The proposed framework, in particular, combines a transfer learning approach with deep NN. 

First, they extract low-level spatial and temporal features from the gray-scale images produced 
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by the power readings using the LSTM. Then, the classification of the device type and the 

transfer between devices is performed using a probabilistic neural network. The algorithm's 

effectiveness has been validated through the use of real-world smart outlet hardware. A NILM 

approach based on graph theory for matching load events is proposed in [208]. The method is 

based on the enhanced Kuhn-Munkras (KM) algorithm. The ON-OFF state of the load is 

detected using an adaptive fitting approach employing a time window. A kernel density is 

constructed using a number of independent characteristics of device turn-on, such as active and 

reactive power features. The load events are thus classified according to their characteristics 

using the load signature distribution. The enhanced KM technique for load matching is then 

used to address the matrix generated by the load event's matching probability. The results of 

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

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

Even though existing Deep learning-based disaggregation techniques have demonstrated 

good scalability and learning of characteristic device signatures, the practical feasibility of these 

techniques remains an open problem [161], [198]. Indeed, deep NNs tend to estimate irrelevant 

power signals that are not relevant to the target appliance. The work reported in [60], [198] 

tackled the problem by proposing a post-processing model, which included employing a 

separate algorithm to categorize the estimated device activations. The approach consists in 

determining if the estimated sequence corresponds to the actual activation of a target appliance. 

However, these techniques these approaches require a significant amount of training data to 

attain satisfactory performance. This poses a significant challenge due to the lack of high-

quality datasets, in terms of both timing and the quality of labels. Furthermore, these methods 

greatly benefit from a large number of trainable parameters, but this requires a lot of processing 

power that is neither low-cost nor easily accessible in most situations. 

2.9.  Evaluation metrics 

One of the primary challenges in NILM research nowadays is the lack of a formal approach for 

evaluating the effectiveness of the wide range of solutions presented in the literature. The 

relevant literature has a wide range of metrics that span a broad set of evaluation methodologies. 

Despite the fact that most of the NILM techniques report different performance metrics, it is 

not possible to make meaningful comparison since there is no agreement on the metric to be 

used to assess the effectiveness of an NIM algorithm. Moreover, owing to the ambiguity of the 
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evaluation’s metrics, which are typically data and experiment context dependent, a direct 

comparison of NILM methods proposed in the literature is not feasible [37], [48].  

Many evaluations metrics have been proposed since the beginning of the NILM research. 

For instance, Hart employed both the events correctly detected and the percentage of time that 

a given device was active as an accuracy metrics in the seminal work. A few years later, the 

authors of [75] suggested a comparison between the actual and predicted power of each 

appliance. In [113], the percentage of energy consumption properly assigned to each appliance 

under consideration with error related to the duration of the load and the time intervals of the 

"on" working modes were used to evaluate the proposed NILM algorithm. The authors of [117] 

suggested the use of metrics in terms of event detection accuracy, classification accuracy and 

overall accuracy. They also discussed the possibilities of Type I (false detection) and Type II 

(missed detection) errors, as well as equations to represent the amount of true, incorrect, and 

missing events, which can be global or device specific. The authors of [122] suggested using 

the total power change and the average power change in order to readily understand the 

interaction between detection errors and actual power consumption. In [209], the authors 

suggested a metrics that reflects the total error in allocated energy (TEAE), standardized by 

the actual energy usage in each time slice averaged across all devices. A similar metric was 

introduced in [183], which this time calculates the individual device error (IDTEAE) instead of 

the average of all devices, thus reducing the risk of pointing out huge errors in certain time slots 

owing to poor performance of some devices. Receiver operating curves (ROCs) are commonly 

used by pattern recognition researchers to assess the accuracy of different models. The ROC 

curve illustrates the trade-off between specificity and sensitivity. According to [48], ROC 

curves can potentially be used as a benchmark evaluation approach to assess the accuracy of 

NILM approaches. 

Although the question of NILM performance indicators is under ongoing discussion, most 

researchers tend to agree on two main categories of evaluation’s metrics, namely energy 

estimation and event detection [41], [161], [210], [211]. The choice of the most suitable 

category depends strongly on the application for which the NILM is intended. In event-based 

approaches, each event is evaluated and compared to the ground truth to ensure that it is 

accurately categorized. Many researchers employ accuracy to evaluate an algorithm's 

effectiveness in identifying the ON/OFF states of specific appliances. 
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𝑎𝑐𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
 (2) 

The accuracy evaluates the number of correctly attributed matches in comparison with the 

total of all possible matches (True positives (TP) which are switching events that have been 

accurately identified and classified, True negatives (TN) which denotes the case where a device 

did not switch and the algorithm also asserts that there was no switching, False positives (FP) 

which represents the case where an appliance has not switched, but the algorithm wrongly 

detects a switch and False negatives (FN) refers to the case wherein the algorithm fails to 

identify a switch, despite the fact that the appliance has switched). However, the high accuracy 

values are not necessarily related to the correct detection of positive samples. In the case of 

unbalanced data, the accuracy may present a near flawless classification as a bad one. For 

instance, if all the samples are only assigned to the negative category in a binary classification 

context where the number of negative samples is much higher than the number of positive 

samples, the accuracy value would be close to 1 despite the fact that no positive samples have 

been detected. Since there are devices that operate very occasionally or are almost always on, 

using accuracy as a metric can lead to misleading results [178], [212]. In order to address this 

challenge, the authors of [213] suggested F-Measure to assess the estimation of these devices 

with more reliability. The F-measure, also known as Fβ-score, is a trade-off between recall and 

precision. It is given as the harmonic mean of Recall and Precision. 

𝐹𝛽= (1+𝛽2)∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

(𝛽2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)+𝑅𝑒𝑐𝑎𝑙𝑙
  (3) 

Precision= 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (4) 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 

Precision is the proportion of true positives (TP) in the universe of all positive samples in the 

data set, with emphasis on false positives (FP), whereas Recall is the proportion of true 

positives (TP) in the universe of all positive samples in the data set, with emphasis on false 

negatives (FN). β represents a weight coefficient that allows β times more significance to be 

attached to Recall than to Precision. For instance, if β =2 (F2-score), Recall is twice as 

significant as Precision, whereas if β = 0.5 (F0.5-score), Precision is twice as significant as 

Recall. Usually, β =1 (F1-score) is used, and thus Recall and Precision have the same weight. 
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In fact, the F-score is not a rigorous fit for multi-state devices since it only considers the 

ON/OFF states of devices. The authors of [178] claimed that the F-score consider only binary 

results of the classifier and that power signals are not binary. They argued that not only the 

accuracy of the classification of the device status will need to be measured, but also the accuracy 

of the intended usage of the device. They introduced the modified F-score (M F-score), which 

they claimed is more suitable for assessing the accuracy of the NILM algorithm. Consequently, 

Precision and Recall are reformulated by accounting the number of states of each device by 

computing the accurate true-positives (ATP) and inaccurate true-positives (ITP). Let y be the 

estimated values, and y0 the ground truth values.  

o True negative (TN), if y = 0 and y0 = 0 

o False negative (FN), if y = 0 and y0 > 0 

o False positive (FP), if y > 0 and y0 = 0 

o Accurate true positive (ATP), if y > 0, y0 > 0 and 
|𝑦−𝑦0|

𝑦0
≤ 𝜕 

o Inaccurate true positive (ITP), if y > 0, y0 > 0 and 
|𝑦−𝑦0|

𝑦0
> 𝜕 

Where 𝜕 denotes the threshold. 

Precision and Recall are redefined as follows:  

Precision= 
𝐴𝑇𝑃

𝐴𝑇𝑃+𝐼𝑇𝑃+𝐹𝑃
 (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝐴𝑇𝑃

𝐴𝑇𝑃+𝐼𝑇𝑃+𝐹𝑁
 (7) 

M F-score remains the harmonic mean of the redefined Recall and redefined Precision. 

The performance in terms of consumption estimation should be defined to reflect the ability 

of the NILM approach to predict the amount of energy used compared to the actual power 

consumption. This is essential since disaggregating systems should inform consumers of how 

much electricity each device contributes to the system. Moreover, consumers should know how 

much they could have saved if certain devices had not been used during the peak period, 

especially under time-of-use billing. The Mean Absolute Error (MAE) which evaluates the 

reliability of the power consumption estimate of the appliance has been widely used [41], [161]. 

𝑀𝐴𝐸(𝑖)= 
1

𝑇
∑ |𝑦̂𝑡

(𝑖)
− 𝑦𝑡

(𝑖)
|𝑇

𝑡=1  (8) 
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Where T is the number of values that represent the load data, 𝑦𝑡
(𝑖)

 are the actual values, 𝑦̂𝑡
(𝑖)

 are 

the estimated values of device i at time t. 

Signal Aggregate Energy (SAE) that evaluates the relative error in predicting the quantity 

of energy consumed during the entire evaluation period [161], [198]. 

𝑆𝐴𝐸(𝑖)= 
|𝐸̂(𝑖)−𝐸(𝑖)|

𝐸(𝑖)  (9) 

Where 𝐸̂(𝑖) is the total estimated energy, and 𝐸(𝑖) is total ground truth energy for device i. 

The root mean square error (RMSE) is commonly employed in the NILM community by 

considering the difference between the actual energy consumption 𝑦𝑡
(𝑖)

  and predicted energy 

consumption 𝑦̂𝑡
(𝑖)

 for each time interval t. 

𝑅𝑀𝑆𝐸(𝑖)= √
1

𝑇
∑ (𝑦̂𝑡

(𝑖)
− 𝑦𝑡

(𝑖)
)

2
𝑇
𝑡=1  (10) 

where T represents the total number of load data values. Since the RMSE value is not 

standardized, it is difficult to benchmark the disaggregation results of one device to another 

[212]. To deal with this issue, other studies [44], [183] have used the normalized disaggregation 

error, resulting in a normalized measure of the difference between the predicted and the ground 

truth energy consumption of the i-th device. 

Normalized Disaggregation Error= √
∑ ‖𝑦̂𝑡

(𝑖)
−𝑦𝑡

(𝑖)
‖

2

𝑡,𝑖

∑ ‖𝑦𝑡
(𝑖)

‖
2

𝑡,𝑖

 (11) 

The authors of [209] suggested the total energy correctly assigned (Eacc) to report the 

estimation performance. It is one of the most commonly used metrics. The estimation accuracy 

Eacc, in particular, assesses the quality of energy disaggregation and relates the difference 

between the ground truth and estimated consumption to the performance of disaggregation, 

making it an excellent choice for evaluating different NILM approaches. It is given as follows: 

𝐸𝑎𝑐𝑐 = 1 −
∑ ∑ |𝑦̂𝑡

(𝑖)
−𝑦𝑡

(𝑖)
|𝑀

𝑖=1
𝑇
𝑡=1

2 ∑ ∑ |𝑦𝑡
(𝑖)

|𝑀
𝑖=1

𝑇
𝑡=1

 (12) 

where 𝑦̂𝑡
(𝑖)

 represents the algorithm's estimate for the i-th device at the t-th time step, 𝑦𝑡
(𝑖)

 is the 

actual power values for the i-th device at the t-th time step, T is the time sequence length, and 
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M denotes the number of devices. The factor 2 in the denominator is due to the fact that the 

absolute value will "double count" the errors, since ∑ 𝑦𝑡
(𝑖)𝑀

𝑖=1 = ∑ 𝑦̂𝑡
(𝑖)𝑀

𝑖=1 .  

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

removing the summations over M appliances as shown in the following equation (13). 

𝐸𝑎𝑐𝑐
(𝑖)

= 1 −
∑ |𝑦̂𝑡

(𝑖)
−𝑦𝑡

(𝑖)
|𝑇

𝑡=1

2 ∑ |𝑦𝑡
(𝑖)

|𝑇
𝑡=1

 (13) 

The authors of [214] introduced the estimated energy fraction index (EEFI) which yields 

the fraction of energy attributed to the i-th device. It is given as follows: 

EEFI = 
∑ 𝑦̂𝑡

(𝑖)𝑇
𝑡=1

∑ ∑ 𝑦̂𝑡
(𝑖)𝑀

𝑖=1
𝑇
𝑡=1

 (14) 

The EEFI should be compared with the actual energy fraction index (AEFI) which yields 

the actual fraction of energy consumed by the i-th device. It is defined as follows: 

AEFI = 
∑ 𝑦𝑡

(𝑖)𝑇
𝑡=1

∑ ∑ 𝑦𝑡
(𝑖)𝑀

𝑖=1
𝑇
𝑡=1

 (15) 

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

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

The relative square error (RSE) which yields a normalized measure of the difference 

between the ground truth and predicted energy consumption of the i-th appliance was used in 

[214].. 

𝑅𝑆𝐸(𝑖) = 
∑ (𝑦𝑡

(𝑖)
−𝑦̂𝑡

(𝑖)
)2𝑇

𝑡=1

∑ (𝑦𝑡
(𝑖)

)2𝑇
𝑡=1

 (16) 

The R2 coefficient [214], which is defined as: 

𝑅𝑖
2= 

∑ (𝑦𝑡
(𝑖)

−𝑦̂𝑡
(𝑖)

)2𝑇
𝑡=1

∑ (𝑦𝑡
(𝑖)

−𝑦̅𝑖)2𝑇
𝑡=1

 (17) 

where 𝑦̅𝑖 = (1
𝑇⁄ ) ∑ 𝑦𝑡

(𝑖)𝑇
𝑡=1 . The R2 coefficient and the relative square error (RSE) are both 

used to determine how well the predicted power profiles reflect the ground truth power profiles 
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over time. A good estimate of power usage profiles over time is necessary to advise customers 

of potential savings by deferring the use of a particular device to off-peak hours [214]. 

2.10. Public datasets 

The availability of data for parameterization of algorithms is necessary for any problem that 

can be tackled with data mining and machine learning approaches. The recent development of 

smart meters that capture measurements much more frequently (for example, per second, 

minute, or hour) instead of reporting a house's energy consumption to users once per billing 

period (for example, once per month) makes disaggregation of whole-building energy data 

more accessible than ever. Energy disaggregation techniques require higher granularity energy 

readings since it involves extracting more information from the measurements than just the 

overall energy usage of the house. Energy consumption datasets are essential for NILM 

researchers in order to design and assess NILM algorithms. An energy disaggregation dataset 

is a gathering of electrical energy readings conducted in households under real-life scenarios, 

without perturbing the daily routine of households, and while maintaining the data as close to 

reality as possible [41]. It typically includes aggregated data (measured at the main power 

panel) and specific device data, which are gathered by either metering each specific device at 

the outlet or monitoring the circuit to which the load is attached. However, in a real-world 

setting, many loads are typically attached to the same circuit; subsequently, the latter technique 

does not always ensure that the specific consumption of all separate loads will be available 

[210].  

In fact, the scope and resolution of datasets are most often constrained to the resources 

required to meet the experiments' purposes and are further driven by personal experience, 

equipment availability, budget, and time constraints [215]. Therefore, many differences 

between the datasets available in the literature can be observed, e.g., the granularity of the data 

(from a few Hz to several kHz), the number of sub-meter deployed (circuit level, device level 

and/or  a single sensor for the entire house), the type of readings available (current, voltage, 

apparent, active and reactive power …), the duration of the dataset (from a few hours to several 

years), the storage formats, the region of collection or the availability of ground truth 

annotations [215], [216]. Although all of these characteristics are of paramount importance in 

categorizing state of the art datasets, the co-existence of device-specific consumption and 

aggregated consumption is typically utilized to classify the different energy disaggregation 

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

be analyzed in datasets that include specific device consumption data [216]. 

There are several datasets available in the literature, each with its own set of characteristics 

and limitations, making it difficult to choose a dataset for dealing with energy efficiency 

challenges [217]. In most cases, these datasets only include a power reading for the entire 

household and/or many households loads due to the high expenses of purchasing and installing 

equipment. The authors of [209] presented REDD (Reference Energy Disaggregation Data Set). 

It’s a collection of electricity consumption data for the entire household and specific 

circuits/appliances data acquired over several weeks from the 6 real households. The whole 

electrical signal of the house (voltage monitor on one phase and a current monitor on both 

phases of the power supply) at a high frequency (15kHz) was recorded. Electricity consumption 

measurements of up to 24 appliances are measured at 0.5 Hz sampling period each labeled with 

its category of device or devices. Moreover, the load schemes of over 20 plug-level monitors 

in the households, measured at 1 Hz, with an emphasis on recording electronic devices where 

multiple appliances are grouped on a single circuit are observed. However, the authors of [213] 

noted that the REDD whole-house readings were given in apparent power, while specific 

circuits were given in real power. As a result, the sum of different circuits did not match the 

total of the entire house. In [127], a building-level fully labeled electricity disaggregation 

(BLUED) dataset was presented. Voltage and current readings from a single house in 

Pittsburgh, Pennsylvania, USA, are resumed. The data were collected at a sampling frequency 

of 12 kHz over a period of seven days. It contains a large number of events (2845) with 

timestamps, device identifiers and phase labels. There are 50 different devices and 30 different 

device categories involved in the monitoring operation. Each state change of each device in the 

household was tagged and time-stamped, which provided the ground truth needed to evaluate 

the event-based methods. The authors of [218] presented the TRACEBASE dataset which 

contains energy consumption trends for many appliances, allowing disaggregation analysis. 

The measurement was taken at a 1 Hz sampling frequency. The data set can be used to improve 

energy efficiency. However, since no information about the appliances being studied or their 

features is provided, it cannot be used for appliance recognition or preference detection. 

Moreover, it collects data from 43 different devices, each with different recordings over several 

days and in several houses. In [219], the UMASS Smart* Home Data Set that continuously 

collects a wide range of environmental and operational data in three real households was 

presented. The data includes the average electrical energy usage readings of a house every 
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second, as well as the operation of every circuit and almost every outlet, data on electricity 

generation from solar panels and wind turbines installed on site, indoor room temperature and 

humidity data etc. Moreover, the authors also presented 24 hours of minute-level electrical data 

from 443 anonymous households in the United States. The Measured end-use electric Load 

profiles (MEULPv.1 and MEULPv.2) datasets were presented in [220], [221]. MEULPv.1 

reports the electrical energy usage readings of 12 Canadian homes. Data were collected at both 

the aggregate and device levels using a 1-minute sampling frequency. During the data collection 

procedure, a total of 8 devices are tracked. MEULPvi.2, on the other hand, monitors 23 homes 

for one year at a 1-minute sampling frequency, identifying both aggregate and device-level 

consumptions. The authors of [222] presented a large-scale dataset (SustData). The dataset 

contains energy consumption and related information from 50 households and over 50 million 

individual records of electrical energy data, covering a totally 1144 different days. The Almanac 

of Minutely Power datasets (AMPdsv1 and AMPdsv2) were presented in [223], [224]. They 

include 11 one-minute interval measurements for 21 sub-meters over a one-year (AMPdsv1) 

and two-year (AMPdsv2) period. AMPds also contain water and natural gas consumption data. 

The authors of [225] presented the Indian Dataset for Ambient Water and Energy (iAWE) 

which collects energy usage readings at 1 Hz sampling periods. Measurements of electricity, 

water, and ambient parameters were conducted as part of the IAWE initiative in a three-story 

pilot house in Delhi for 73 days between May 2013 and August 2013. Moreover, 33 sub-meters 

were deployed throughout the household measuring these parameters, gathering a total of about 

400 MB of data per day. In  [226], an appliance Consumption Signatures - Fribourg 1 (ACS-

F1) database was presented. ACS-F1 captures the energy usage in a set of houses at the device 

level. Electrical sub-meters were used to track the electrical energy usage readings of 100 

households’ appliances representing 10 different categories. The sub-metering of electricity is 

performed using 10 seconds sampling intervals for one hour period. The dataset is particularly 

suitable for device detection applications. The GREEND dataset is presented in [227] to 

characterize the itemized energy consumption patterns gathered during an experimental 

campaign in Austria and Italy via the analysis of the energy consumption of many specific 

devices. Eight households are observed during the collection campaign, each with up to nine 

distinct appliances. Device-level energy consumption patterns are collected at 1-Hz sampling 

rate over a six-month period. The authors of [228] presented ECO (Electricity Consumption 

and Occupancy) dataset. It is a comprehensive measurement campaign conducted to gather 

detailed information on the consumption patterns in six Swiss houses over a period of eight 

months using a sampling rate of 1 Hz. The dataset also includes information on the occupancy 
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of the observed houses. The Plug-Level Appliance Identification Dataset (PLAID) which 

presents energy consumption profiles for about 56 different household appliances representing 

about 11 appliance groups was introduced in [229]. The data were gathered over a three-month 

period in the summer of 2013 in Pittsburgh, Pennsylvania, USA using a sampling rate of 30 

kHz, which is considered as one of the highest resolution frequencies employed in existing 

datasets of energy consumption in buildings. Pecan Street Inc. introduced the Dataport dataset 

[230]. It is the largest collection of disaggregated consumer energy data in the world. The 

dataset includes electricity data from 722 households across the United States, including 631 in 

Texas, 42 in California and 49 in Colorado. There are 501 single-family residences, 183 

apartments, 35 townhouses and 3 mobile homes among the houses observed. In most houses, 

both mains’ circuits and specific device circuits were recorded.  Each circuit's average power 

demand was monitored at one-minute intervals. The REFIT dataset was presented within the 

framework of the UK REFIT project [231]. Data were gathered from 20 households over a two-

year period using an 8 second sampling rate, providing electricity, gas, and heating data that 

can be viewed over multiple seasons. In [120], the Dutch Residential Energy Dataset (DRED) 

collects occupancy patterns, energy, and environmental data from a pilot household in the 

Netherlands. Sensors were deployed to track overall energy consumption as well as the 

electrical consumption of specific devices. Actually, 12 distinct household appliances are 

recorded at one-minute sampling periods, with sampling rates of 1 Hz used for aggregated data 

collection. The authors of [232] presented the United Kingdom-Domestic Appliance Level 

(UK-DALE) dataset. The voltage and current characteristics of three households are collected 

at 16 kHz sampling periods and two other households at 1 Hz sampling rates. In addition, 

specific device patterns from five different houses are recorded at a sampling interval of 6 

seconds over periods ranging from 39 to 655 days. The Rainforest Automation Energy (RAE) 

dataset was presented in [233]. It contains aggregate and sub-measured data from two houses, 

which were taken at a sampling rate of 1 Hz over a period of 72 days for household 1 and 59 

days for household 2. Environmental and home thermostat sensor data are included in addition 

to the energy consumption data. In [234], the Dataset on Information Strategies for Energy 

Conservation (DISEC) was presented. It is a project that collects data from 19 apartments in an 

Indian college housing complex over a period of 284 days. Various characteristics such as 

energy and weather are sampled every 30 seconds and aggregated into intervals of 15, 30 and 

60 minutes. Weather changes are also updated using atmospheric conditions derived from 

nearby station data. The authors of [235] presented the building-level office environment 

dataset (BLOND). It is intended to provide voltage and current readings at the aggregate and 
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appliance levels. 53 appliances representing 16 device groups are monitored. It consists of two 

main data stores: BLOND-50 and BLOND-250. The former includes 213 days of energy usage 

readings collected at 50kSps (aggregated data) and 6.4kSps (specific devices data) while the 

latter includes usage patterns over a two months period, collected at resolution intervals of 250 

kSps at the aggregate level and 50 kSps at the device level. In [236], an hourly usage energy 

(HUE) dataset is presented. It collects long-term energy consumption patterns from five houses 

using an hourly resolution. Moreover, the data from household 2 are collected for a period of 

one year using a sampling rate of 1 Hz while the appliance-level usage data from household 1 

are gathered for a two-year period with a sampling interval of one minute. The authors of [217] 

presented the Qatar university dataset (QUD). It is gathered using a system that includes sub-

metering modules recording the footprint of power usage in terms of energy consumption and 

other climate variables. Data were collected using a sampling interval ranging from 3 s to 30 

min over a one-year period. 

Table 1 provides a summary of the different data sets available in the literature. The analysis 

is based on various features gathered from each dataset, such as voltage (V), current (I),  real 

power (P), reactive power (Q), apparent power (S),  Temperature(T), Frequency (F), Energy 

(E), Power Factor (PF), phase angle (α), Weather  (WT), occupancy (O), humidity (H), light 

level (L), the collection period and region, the number of monitors per house, the sampling rate, 

and the number of monitoring houses. 

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

characteristics. 

Acronym Release Country Features #Houses #Sub-

meters 

Sampling 

rate 

Duration 

REDD 

[209] 

2011 USA P, I, V 6 24 1/3Hz, 

15kHz 

2-4 

weeks 

HES [237] 2011 UK P, I, V, T 26/251 23 10 min 1 year 

IHEPCDS 

[238] 

2012 France P, I, V, Q 1 3 1 min 47 

months 

SMART* 

[219] 

2012 USA P, S 8 25 1Hz 3-4 

months 

MEULPv

1 [221] 

2012 Canada P 11 8 1 min 1 year 
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BLUED 

[127] 

2012 USA P, Q, I, 

V,  

1 30 12 kHz, 

60Hz, 1Hz 

1 week 

TRACEB

ASE [218] 

2012 Germany P - 43 1-8 s 1883 

days 

PSD [239] 2012 USA P 10 - 1 min 1 week 

DATAPO

RT [230] 

2013 USA P 1400+ 70 1 min 4 years 

IAWE 

[225] 

2013 India P, I, V, 

Q, F, S, 

E, α 

1 33 1 Hz 73 days 

ACS-F1 

[226] 

2013 Switzerla

nd 

P, I, V, 

Q, F, α 

- 100 10 s 1 hour 

AMPds1 

[224] 

2013 Canada P, I, V, F 

Q, S, PF  

1 21 1 min 1 year 

BERDS 

[240] 

2013 USA P, Q, S - 4 20 s 1 year 

ECO 

[228] 

2014 Switzerla

nd 

P, I, V, α 6 - 1 Hz 8 months 

PLAID 

[229] 

2014 USA I, V 11 60 30 kHz 3 months 

SUSTDA

TA [222] 

2014 Portugal I, V, P, Q - 17 12.8kHz, 

0.5Hz 

10 days  

AMPds2 

[241]  

2014 Canada P, S, I, F,  

V, PF 

1 21 1 min 730 days 

UKDALE 

[232] 

2015 UK P, I, V, 

Q, S 

5 5-53 6 s, 6 kHz 

(Agg), 

1Hz (Agg) 

655 days 

DRED 

[120] 

2015 Netherlan

d 

P, T, H, 

WT 

1 13 1 min, 1 

Hz (Agg) 

6 months 

GREEND 

[227] 

2015 Italy & 

Austria 

P 8 9 1 Hz 6 months 

REFIT 

[231] 

2015 UK P, T, O, 

L, PF 

20 9 8 s  213 days 
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HFED 

[242] 

2015 India EMI - 15 5MHz - 

COOLL 

[243] 

2016 France I, V 1 46 100 kHz 2 hours 

WHITED 

[244] 

2016 Germany I, V - 110 44.1kHz - 

MEULPv

2 [220] 

2017 Canada P 23 5 1 min 1 year 

RAE 

[233] 

2018 Canada P, V, Q, 

S, F, E 

1 24 1 Hz 72 days 

LILAC 

[245] 

2018 Germany I, V - 15 50kHz - 

BLOND 

[235] 

2018 Germany I, V, P 1 53 6.4 kSps, 

54 kSps 

(Agg) 

213 days  

HUE 

[236] 

2019 Canada P 5 - 1 h, 1 min 3 years 

ENERTA

LK [246] 

2019 South 

Korea 

P 22 7 1 Hz, 15 

Hz 

122 days 

QUD 

[217] 

2019 Qatar P, H, T, 

O 

3 4 3 s–30 

min  

1 year 

CREAM 

[247] 

2020 Germany I, V - 2 6.4kHz - 

Dataset* 

[43] 

2023 Portugal P, I, V, 

Q, S, PF, 

F, T, H, 

WT, α, O 

1 - 1 Hz, 1 

min 

3 years 

 

As can be seen in Table 1, the number of publicly available datasets in literature has 

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

and individual device/circuit consumption (AMPds, REDD, DATAPORT, IAWE, SMART*, 

ECO, UK-DALE, IHEPCDS, DRED, REFIT). and therefore, can be used for eventless NILM 

approaches. As such, these datasets can be utilized for both training and validation data whereas 
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datasets such as HES, TRACEBASE, GREEND, ACS-F1 only contain device-level energy 

consumption and are therefore not suitable for testing NILM approaches. One technique to use 

these datasets for NILM algorithms is to aggregate them by summing up each device's power 

consumption [210]. Nevertheless, this method has several drawbacks that will undoubtedly 

affect the final result. In fact, the summation of all the specific device consumptions will 

completely ignore the effects of the non-sub-metered devices, resulting in an oversimplified 

and unrealistic dataset that will not reflect the intricacies of the residential electrical system. 

Furthermore, datasets such as PLAID, WHITED, LILAC, CREAM, HFED, COOLL only 

contain the signatures of startup transients and spectral traces of several individual devices and 

thus may only be utilized to extract characteristics, design edge detectors, or create transient 

models. PLAID and WHITED datasets might be used to categorize power events, but OFF 

transitions cannot be classified since the datasets only contain startup transients. CREAM 

dataset allows for the extraction of internal operating states, which might be useful in improving 

complex appliance modeling. 

In fact, there are a number of limitations regarding the data collection that make 

performance evaluation difficult. These limitations include limited labeling, missing data, and 

significant gaps in the available data sets. Indeed, missing data not only encompasses the gaps 

that are very common in many data sets, but also loads for which there is no sub-metering data 

[210]. This is due to a variety of factors, including the difficulty installing outlet-level meters 

in every load due to the lack of a fixed outlet, as well as the fact that some loads cannot be 

tracked via outlets. To tackle some of these challenges, a dataset* has been collected during 

almost 3 years in a residential household in Algarve, Portugal. The house includes a multitude 

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

Although one of the primary challenges is the complexity of developing hardware 

configurations to gather data for fully labeled energy disaggregation datasets, the primary 

challenge remains in the actual labeling step, which still depends largely on the manual 

inspection of the dataset, which is error prone and time consuming. Indeed, the process of 

labeling sensor data is a cross-cutting concern in many areas of machine learning since it is 

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

Moreover, the large differences in available datasets could be another barrier that limits fair 

comparisons between NILM datasets. These differences result from several key factors, 

including the granularity and type of measures available, as well as the different formats in 
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which the data are provided to the NILM community (e.g., CSV, plain text, MAT, etc.). 

Meanwhile, relatively little investigation has been undertaken to date to examine the actual 

impacts of these differences. For instance, it is difficult to quickly determine which 

methodologies can be evaluated in a given dataset or the metrics that may be computed from a 

given dataset [210]. Therefore, finding a scalable and easily comprehensible approach to define 

the relationship between the algorithm, the metrics, and the dataset will be crucial for NILM 

research. The standardization of dataset descriptions and the design of a uniform metadata 

schema have recently been the subject of research [41], [248]. The primary motivation behind 

this is to have a common manner of importing various datasets with widely diverse file 

structures. The authors of [249] suggested the NILMTK, which may be used to quickly assess 

NILM algorithms across a variety of datasets. It is an open-source toolkit developed specially 

to facilitate the benchmarking of NILM techniques in a reproducible fashion. The toolkit 

consists of analyzers for a set of existing datasets, a set of statistics to define the datasets, a set 

of preprocessing algorithms, a couple of benchmarks NILM algorithms, and a set of evaluation 

metrics. 

From a geographical perspective, the datasets are in most cases collected from the 

developed countries (USA, UK, Canada, Germany and so on). Since the measurement from 

different countries may result in a mismatch of electricity consumption (for instance, the RMS 

voltage value is 110V in the USA and 220V in Europe), care should be taken when using 

multiple data sets in the same system design [250]. It's worth noting that the compilation of 

consumption data for many contributions takes several days or months. Nonetheless, numerous 

datasets contain one-year or more, allowing researchers to analyze human behavior across time, 

including the impact of seasonal fluctuations on consumption [250]. 

2.11. Summary 

In this chapter a comprehensive and detailed overview of the current state of the art of energy 

disaggregation was presented. First, a brief introduction of the concept of load monitoring and 

an overview of energy disaggregation are presented. The problem of energy disaggregation was 

then duly stated, followed by a review of the original NILM framework. Next, the main 

components of a NILM system, including data collection, feature extraction and electrical 

signatures of devices, pattern learning, and load classification, were discussed. The data 

collection process, including low frequency data collection and high frequency data collection 

were introduced while highlighting the relationship between sampling frequency and device 
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signatures. Following that, the background and research on the electrical features of the devices, 

particularly steady-state, transient, and non-traditional signatures, were reviewed. Although the 

majority of the study focused on exploring device signatures, there is still a need to create a 

comprehensive set of characteristics that may accurately describe all forms of signals. One 

alternative is the usage of non-power features which might be mixed with the power features to 

enable a more accurate detection.  Regarding the pattern learning model and the load 

classification process, both event-based and non-event-based approaches for energy 

disaggregation were surveyed. The former relates signal state changes to device state changes, 

while the latter aims at estimating the global state of the system using statistical and machine 

learning approaches. 

Finally, a discussion about the primary evaluation metrics typically used and a study of the 

different public data sets available in the literature were presented. With respect to performance 

metrics, there is no consensus on the most suitable performance metric to use in order to assess 

the success of a NILM technique. Therefore, the selection of the most suitable evaluation metric 

seems to depend on the method proposed. Regarding the publicly available datasets, although 

several datasets have been presented in the literature, some disadvantages limit their practical 

use, including limited labeling data, missing data, gaps, different data formats, and covering 

only some developed countries. Studies towards the standardization of public NILM datasets 

would be of paramount importance for NILM research.  
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Chapter 3 Theoretical background 

3.1.  Introduction 

The objective of this chapter is to introduce the basic concepts of the soft computing methods 

used to develop the presented approaches for energy disaggregation. Specifically, Section 3.2 

introduces the basic concepts of machine learning techniques. Then, the methods used, 

including CNN, LSTM, SVM, KNN, and DT are briefly described in Sections 3.3-3.7. Section 

3.8 introduces radial basis function neural networks (RBFNNs) and their typical training and 

structure selection procedures. Section 3.9 discusses multi-objective optimization approaches 

with a focus on evolutionary algorithms and in particular the basic concept of genetic 

algorithms. Since the multi-objective genetic algorithm is employed as a framework to define 

the parameters and input features of radial basis function neural networks (RBFNNs), its 

relevant parameters and input characteristics, given the specified objectives, are discussed in 

Section 3.10. Finally, an overview of the data selection approach used is exposed in section 

3.11. 

3.2.  Basic concepts 

In recent years, machine learning has yielded impressive results in many domains, such as the 

classification of images, the recognition of speech, and so on [161], [251]. Deep architecture 

demonstrates a great ability to extract high-level features from data with complex structure by 

mimicking the structure of the human brain [58]. The key concepts were based on newly gained 

knowledge about the biological functioning of neuronal connections, biological neuron models 

and their related experiments [252]. Since our entire brain is not active at any given time, the 

hypothesis concentrated mostly on the significance of neural activity, with neurons having to 

exhibit a "all or nothing" signal pattern. This means that a neuron must be excited above a 

certain voltage threshold to be activated; for example, the sum of input connections must 

translate into a signal at the output, thus establishing a cause-and-effect principle. A biological 

neural network is a large set of interconnected specialized cells (neurons) that process and store 

information, thus handling the body processes to which they belong. The biological neuron 

model consists of, among others, dendrites considered as input connection to a nucleus, a cell 

body (nucleus) that processes the input signals, an axon that transmit the output signal to other 

connected neurons and synapses considered as output terminal (with weight) [250]. 

Fundamentally, a neuron responds to input (either inhibitory or excitatory) from its dendrites 

by generating an impulse along its axon, which is proportional to the combined influence of the 
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input signals, weighted by specific factors. The biological neural networks can handle very 

complex tasks in a very brief period (such as identification, memorization, recognition, etc.). 

Figure 3-1 depicts the structure of a biological neuron. 

 

Figure 3-1. Biological neuron [253] 

In fact, the brain is made up of many microscopic processing components known as neurons 

that work in tandem. These neurons are tightly coupled, with each neuron receiving information 

from a number of other neurons and delivering its results to a number of other neurons. The 

brain has the ability to learn, which is supposed to be accomplished by changing the strength 

of existing connections. However, a comprehensive description of the structure and processes 

of the human brain is not actually known. This results in a plethora of proposals for the model 

of the neuron, the pattern of interconnection, and most importantly, for the mechanisms of 

learning. The ANNs are considered as distributed parallel processors consisting of basic 

processing units that have a propensity to naturally store and make accessible experimental 

knowledge. [250], [254]. The ANNs acquire their knowledge by recognizing relationships and 

patterns in data and learn (or are trained) via experience. An ANN is made up of numerous 

single units, processing elements or artificial neurons, that are linked by coefficients (weights) 

and structured in layers to form the neural structure. In principle, ANNs do not necessarily 

model the intricacies of biological neurons, but can be perceived as units that take in signals 
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from other units, and sends out a signal to other units once it exceeds a certain threshold. 

Meanwhile, most of the key characteristics of ANN schemes were inspired by biological neural 

networks. These characteristics include learning process based on the network's knowledge 

gained from its environment, distributed memory, local information processing, synaptic 

weight adjustment by experience, use of synaptic weights for the storage of information 

acquired and so on. A neuron is a fundamental unit of data processing that plays a vital role in 

the operation of a NN. Its computational power is derived from the neural connection in a 

network. The structure of a neuron consists of 3 basic components [250]: 

 A collection of synapses, each with an associated weight, that act as connecting links. 

 An adder that sums the input signals and weights them according to the synaptic strength 

of the neurons. 

 An activation function used to regulate the amplitude of the neuron's output. Commonly, 

the activation function is represented by a closed interval of [0, 1] or [-1, 1], which 

normalizes the output range of the neuron.  

Given an artificial neuron (Figure 3-2), each input is represented by 𝑥𝑖 and each connection by 

𝑤𝑘𝑖. 

 

 

Figure 3-2. Artificial neuron. 
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The mathematical formulation of the activity of a neuron is as follows: 

𝑢𝑘 = ∑ 𝑤𝑘𝑖𝑥𝑖

𝑛

𝑖=1

 (18) 

𝑦𝑘 = 𝜑(𝑢𝑘 + 𝑏𝑘) (19) 

Where 𝑏𝑘 denote the bias, 𝑢𝑘 is the linear combiner output, 𝜑(.) represents the activation 

function and 𝑦𝑘 is the neuron output signal. 

The activation function 𝜑(𝜗) can assume different shapes. One is the threshold function, 

usually called the Heaviside function, and defined as follows: 

𝜑(𝜗) = 1 𝑖𝑓 𝜗 ≥ 0  (20) 

𝜑(𝜗) = 0 𝑖𝑓 𝜗 < 0 (21) 

 
 

3.3.  Convolutional Neural Network (CNN) 

The natural process of visual perception in living organisms inspired the design of CNN. The 

authors of [258] reported in 1959 that cells in the visual cortex of animals are responsible for 

sensing light in receptive fields. Motivated by this finding, the authors of [259] suggested the 

“neocognitron” in 1980, which might be considered as the predecessor of the CNN. In 1990, 

LeCun et al. [260] introduced the foundational concept of CNN in their seminal paper, which 

was later improved upon in the study reported in [261]. Recently, CNNs have been successful 

in achieving high accuracy in large-scale image classification tasks [60]. The CNN-based 

approaches' performance has constantly improved with substantial margins in the ImageNet 

challenge (ILSVRC) from 2012 to 2015 [262]. Their performance lies in their ability to emulate 

non-linear dependencies in a localized manner. 

The use of CNN models for NILM was motivated by the similarity of NILM challenges to 

image recognition tasks [60]. In NILM, the effective detection of subtle local characteristics of 

target devices during their operation, which include the energy consumption level and the 

switch between different power levels, is the basis for successful recognition and estimation of 

target device activations and consumptions. These subtle patterns, such as a persistent tiny 

variation followed by a huge step shift after a brief time interval, demonstrate substantial local 

dependency. For instance, in the consumption profiles of many multi-state devices, these 
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characteristics and dependencies are particularly rich and robust. However, within mixed 

profiles of simultaneous energy use with other household devices, these subtle characteristics 

of the target devices are readily overwhelmed. It has been shown that the CNN is able to 

distinguish classes of images even when different and noisy backgrounds [262] overwhelm the 

main features. Hence, CNN could be a viable solution to the task of disaggregating device loads. 

In the literature, there are several different CNN architectures [263]. Typically, the 

architecture of a CNN consists of 3 layers: the convolutional layer, the pooling layer, and the 

fully connected layer. The convolutional layer is used to learn the input feature representations. 

It consists of many convolution kernels that are employed to generate various characteristic 

maps. Basically, each feature map neuron in the previous layers is linked to an area of 

surrounding neurons. The new feature map may be generated by first seeding the input with a 

learned kernel, and subsequently applying a nonlinear feature activation function to each 

element of the convolved outputs. It's worth noting that the kernel is utilized by all spatial 

locations of the input in order to build each feature map. Numerous different kernels are used 

to obtain the full feature maps. The following equation can be used to define the feature value 

at point (i, j) in the kth feature map of the lth layer [263]: 

𝑧𝑖,𝑗,𝑘
𝑙  = 𝑊𝑘

𝑙𝑥𝑖,𝑗
𝑙 + 𝑏𝑘

𝑙  (22) 

Where 𝑥𝑖,𝑗
𝑙  represents the inputs, 𝑊𝑘

𝑙 and 𝑏𝑘
𝑙 denote the weight vector and bias term respectively. 

Since the kernel 𝑊𝑘
𝑙 that yields the feature map is distributed, the weight-sharing approach has 

various benefits, including reduced model complexity and ease of learning the network [263]. 

The activation function, which is essential for multi-layer networks introduces non-linearities 

to the CNN in order to detect non-linear features. The nonlinear activation function is defined 

by:  

𝜑𝑖,𝑗,𝑘
𝑙  = 𝜑(𝑧𝑖,𝑗,𝑘

𝑙 ) (23) 

A suitable activation function considerably increases the efficiency of CNN for a certain 

operation. Examples of commonly used activation functions are tanh, sigmoid, and 

ReLUs[264]. ReLU is one of the most widely used activation functions in NN. It's defined as 

follows: 
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𝜑𝑖,𝑗,𝑘
𝑙 =  𝑚𝑎𝑥 (𝑧𝑖,𝑗,𝑘

𝑙 , 0)  (24) 

where 𝑧𝑖,𝑗,𝑘
𝑙  represents the input to the activation function. ReLU is a piecewise linear function 

that keeps the positive part while pruning the negative part to zero. ReLU's simple max () 

operation enables it to determine significantly faster than tanh or sigmoid activation functions, 

and it also generates sparsity in the hidden units, making it easier for the network to get sparse 

mappings [265]. Despite the fact that the discontinuity of ReLU at 0 may degrade 

backpropagation efficiency, many studies have demonstrated that ReLU is more effective than 

tanh and sigmoid activation functions from an empirical standpoint [266], [267]. 

The pooling layer seeks to achieve translation-invariance by lowering the dimensionality of 

the feature maps. It allows filter and select the features extracted by the convolutional layer. It 

is frequently positioned between two convolutional layers. The pooling layer's feature maps are 

linked to their corresponding feature maps in the previous convolutional layer. For each feature 

map 𝜑:,:,𝑘
𝑙 , the pooling function is given as follows: 

𝑦𝑖,𝑗,𝑘
𝑙  = 𝑝𝑜𝑜𝑙(𝜑𝑚,n,𝑘

𝑙 ), ∀ (m, n) ∈ 𝑅𝑖𝑗 (25) 

where 𝑅𝑖𝑗  refers to the neighborhood in the area (i, j). Max pooling and average pooling are 

examples of common pooling operations [263]. In this work, max pooling is employed for the 

pooling operation. Basically, a max-pooling layer is a top-down resampling procedure that aims 

to downsize the length of the input sequence. It enhances the effectiveness of the training and 

lowers the overall number of trainable parameters for the entire CNN. Assume x ∈ ℝ𝑇 

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

slice of sequence x between the ith and the jth element and y ∈ ℝ
(𝑇−𝑚)

𝑛
+1

  the output. The max-

pooling layer's element is computed by: 

y(i) = max x[i×n : i×n+m-1] (26) 

Higher-level feature representations could be progressively extracted by layering multiple 

convolutional and pooling layers. Then, in order to conduct high-level reasoning, the multiple 

convolution and pooling layers may be followed by one or more fully connected layers. To 

establish global semantic information, the fully connected layer relates all neurons of the 

preceding layer to each neuron of the current layer. The result is generated by non-linearly 

merging the extracted features with the fully connected layer. It should be noting that a fully 
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connected layer is not necessarily required; a convolution layer 1x1 can be used instead [263]. 

The last CNN layer is an output layer. The SoftMax function is employed for classification 

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

suitable loss function corresponding to the task. Consider that θ stands for all the parameters of 

the CNN. Considering a set of K desired input-output relations {(𝑥(𝑘), 𝑦(𝑘)), k = [1, ⋯ , 𝐾]} 

where 𝑥(𝐾) represents the kth input data, 𝑦(𝑘) is the matching target label, and 𝑜(𝑘) is the CNN 

output. The formula for determining the CNN loss function is as follows: 

Γ= 
1

𝐾
∑ ℓ(𝜃, 𝑦(𝑘), 𝑜(𝑘))𝐾

𝑘=1  (27) 

CNN training is a global optimization problem [263]. The process of finding the optimal 

set of parameters for the CNN involves minimizing a suitable loss function. 

3.4.  Long Short-Term Memory (LSTM) 

LSTM was pioneered by the authors of [268] to tackle long-term dependency problems. It's a 

deep NN that handle sequential data and uses a feed-forward variation to addresses vanishing 

gradient issues. The LSTM design uses combined memory cells to replace the hidden layer of 

typical NN units. The LSTM architecture consists of a memory cell and three gates: the forget 

gate, input gate, and output gate. The operation of adding or removing information from the 

state of the memory cell is performed by the LSTM network using the input gate, forget gate 

and output gate. The specific function of each gate is determined by both the current external 

input and the output from the preceding cell. The input gate controls the input range of the new 

value to the LSTM, which is then transferred to the memory cell. The forget gate defines which 

data from the previous state of the cell should be discarded and which should be saved. It allows 

the cell to store or forget its previous state depending on the situation. The output gate controls 

the cell state that should be forwarded to the output. The output of the LSTM block is 

determined by taking the element-wise product of the current state of the filtered cell and the 

output gate. It can activate or inhibit the involvement of additional neurons in the cell state. The 

structure of the LSTM cell is presented in Figure 3-3.  
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Figure 3-3. LSTM cell architecture [268]. 

The forget gate output 𝑓𝑡 can be computed by considering the bias and weight values of the 

input sample x(t), and the feedback from the prior time step ℎ𝑡−1. 

𝑓𝑡 = σ (𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (28) 

where σ denotes the sigmoid function, 𝑊𝑓 and 𝑏𝑓 represent the bias and weight values 

respectively. The forget layer's output can be either 0 or 1. A value of zero (0) indicates that the 

information is completely discarded, whereas a value of 1 indicates that the information is 

completely stored. The forget state is assigned a value between 0 and 1 when these values are 

exposed to sigmoid activation function. Following the discarding of some data from the input 

sequence, it is decided which new information should be saved at the present time step. This 

stage is performed in two steps via the input gate and the Tanh gate (Tanh layer). The input 

gate is similar to the forget gate as it uses the following relationship to determine which values 

should be updated: 

𝑖𝑡 =  σ (𝑊𝑖. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (29) 

Where 𝑊𝑖  and 𝑏𝑖 denote respectively the bias and weight values in the input gate.  

The Tanh gate generates a set of new candidate values that can be used to update the state. 

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

𝑐𝑡̂ = 𝑡𝑎𝑛ℎ(𝑊𝑐. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (30) 
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Where 𝑐𝑡̂ ,  𝑊𝑐 , 𝑏𝑐 represent respectively the output, the weight and the bias values for the Tanh 

gate.  

In the next step, the memory cell is updated from 𝑐𝑡−1 to 𝑐𝑡. The following formula is used 

to determine the new state of the cell 𝑐𝑡 using the data from the input gate 𝑖𝑡, forget gate 𝑓𝑡, and 

the prior state of the cell 𝑐𝑡−1: 

Finally, the output gate 𝑜𝑡 and the current cell state ℎ𝑡̂ are multiplied to update the activation 

function. 

𝑜𝑡 =  σ (𝑊𝑜. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (32) 

ℎ𝑡̂ = tanh (𝑐𝑡) (33) 

ℎ𝑡 = 𝑜𝑡 ⊙ ℎ𝑡̂ (34) 

The LSTM's cell state is updated in a single hidden unit using equations (29) to (34). The 

LSTM deep architecture is obtained by stacking multiple hidden LSTM layers sequentially. 

The use of bidirectional layers is one of the techniques for improving the deep recurrent NN 

models [51]. In fact, one recurrent NN processes the input sequence forward, whereas another 

processes it backward. The output from the forward and backward halves of the network are 

combined using an element-wise sum. Since the energy consumption data being studied by the 

energy disaggregation process involves signals with diverse patterns throughout different time 

intervals, it is essential to analyze the data over the long term [269]. The bidirectional LSTM 

network enables to estimate the actual value based on prior and future information, which 

makes it a suitable model for the NILM task [198]. It is composed of 3 layers: the input layer, 

the hidden layer, and the output layer. The hidden layer is composed of two identically designed 

LSTM layers that propagates the information in the opposite sense but use the same input. The 

vector formulas describing the forward LSTM layer for the propagation process are as follows 

[268]: 

𝑓𝑡 = σ (𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (35) 

𝑖𝑡 =  σ (𝑊𝑖. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (36) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1+𝑖𝑡⊙ 𝑐𝑡̂ (31) 
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𝑐𝑡̂ = 𝑡𝑎𝑛ℎ(𝑊𝑐. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (37) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1+𝑖𝑡⊙ 𝑐𝑡̂ (38) 

𝑜𝑡 =  σ (𝑊𝑜 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (39) 

ℎ𝑡̂ = tanh (𝑐𝑡) (40) 

ℎ𝑡 = 𝑜𝑡 ⊙ ℎ𝑡̂  (41) 

Where ⊙ represents element-by-element multiplication. 𝑏𝑓, 𝑏𝑖, 𝑏𝑐, 𝑏𝑜 and 𝑊𝑓, 𝑊𝑖, 𝑊𝑐, 𝑊𝑜 

denote respectively the bias vectors and the weight matrices for different gates in the forward 

LSTM layer. 

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

𝑓𝑡
′ = σ (𝑊𝑓

′. [ℎ𝑡+1
′ , 𝑥𝑡] + 𝑏𝑓

′ ) (42) 

𝑖𝑡
′ =  σ (𝑊𝑖

′. [ℎ𝑡+1
′ , 𝑥𝑡] + 𝑏𝑖

′) (43) 

𝑐̂𝑡
′ = tanh(𝑊𝐶

′. [ℎ𝑡+1
′ , 𝑥𝑡] + 𝑏𝑐

′ ) (44) 

𝑐𝑡
′ = 𝑓𝑡

′ ⊙ 𝑐𝑡−1
′ +𝑖𝑡

′⊙𝑐̂𝑡
′ (45) 

𝑜𝑡
′ =  σ (𝑊𝑜

′. [ℎ𝑡+1
′ , 𝑥𝑡] + 𝑏𝑜

′ ) (46) 

ℎ𝑡
′̂ = tanh(𝑐𝑡

′) (47) 

ℎ𝑡
′ = 𝑜𝑡

′ ⊙ ℎ𝑡
′̂  (48) 

Where 𝑊𝑓
′, 𝑊𝐼

′, 𝑊𝐶
′, 𝑊𝑂

′   and 𝑏𝑓
′ , 𝑏𝑖

′, 𝑏𝑐
′ , 𝑏𝑜

′  represent respectively the weight matrices and bias 

vectors for the different gates in the backward LSTM layer. 

The bidirectional LSTM output vector is given by: 

where 𝑊𝑠 represent the weight matrix, 𝑏𝑠  denotes the bias vector and ⊕ is the vector splicing. 

The loss function employed  is given as follows: 

𝑦̂𝑏 = 𝑊𝑠. (ℎ𝑡 ⊕ ℎ𝑡
′ ) + 𝑏𝑠 (49) 
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𝑀𝑆𝐸 =  
1

𝑁
∑(𝑦̂𝑖

𝑏 − 𝑦𝑖
𝑏)2

𝑁

𝑖=1

 (50) 

3.5.  Support Vector Machines (SVM) 

SVMs are a class of efficient and powerful supervised learning algorithms employed to tackle 

regression and classification tasks where the data are non-linearly separable with regard to the 

target characteristics. They stem from the ideas and theories of Vladimir Vapnik regarding the 

advancement of statistical learning in the 1990s [285]. Assuming a problem of two-class 

classification, the basic principle of SVMs is to convert the initial feature space into a higher 

dimensional space where the data may be linearly separated, and then to seek the best 

hyperplane that separates the two classes in the new space. Actually, the goal is to find the 

hyperplane that maximizes the distance between the closest data points of each class known as 

support vectors and the distance the maximum margin. Figure 3-4 illustrates an optimal 

hyperplane and the corresponding support vectors. The widest gap between the two classes, 

known as the margin of separation, is indicated by the support vectors, which are represented 

by red circles. 

 

 

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

SVMs use a constrained quadratic optimization problem to address the large margin hyper 

plane determination [285]. In fact, the Lagrangian given in equation (51) must be maximized 

with respect to 𝛼𝑖 under the conditions shown in equation (52) using Kuhn-Tucker theory. 
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𝐿 = ∑ 𝛼𝑖 −

𝑁

𝑖=1

∑ 𝛼𝑖

𝑁

𝑖,𝑗=1

𝛼𝑗𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗) 

(51) 

∑ 𝛼𝑖𝑦𝑖 = 0 𝑎𝑛𝑑 0 ≤ 𝛼𝑖 ≤ 𝐶

𝑁

𝑖=1

 

(52) 

where 𝑁 and 𝛼𝑖 stand for the data points in the training set and the corresponding Lagrange 

multiplier associated with the 𝑖-th point. 𝑥𝑖 and 𝑦𝑖 ∈ {-1, +1} denote the 𝑖-th input feature and 

the associated target class, respectively, C commonly referred to as the regularization parameter 

is a user-defined penalty parameter, and 𝐾(𝑥𝑖 , 𝑥𝑗) are the inner product kernels given by the 

following equation: 

𝐾(𝑥𝑖, 𝑥𝑗) = ∑ Φ𝑧(𝑥𝑖)Φ𝑧(𝑥𝑗)

𝑚

𝑧=1

 
(53) 

where m represents the dimensionality of the feature space that allows for linear separation of 

the transformed samples and Φ𝑧(𝑥𝑖) corresponds to the 𝑧th dimension of the transformed 

sample 𝑥𝑖. There are many well-known kernel functions, such as: 

 Gaussian radial basis function 𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒
−

1

2𝜎𝑖
2‖𝑥−𝑥𝑖‖2

 
(54) 

 Homogeneous polynomial 𝐾(𝑙𝑥𝑖, 𝑥𝑗𝑙) = (𝑙𝑥𝑖 , 𝑥𝑗)
𝑑

 (55) 

 Inhomogeneous polynomial 𝐾𝑙(𝑥𝑖 , 𝑥𝑗) = (𝑙𝑥𝑖. 𝑥𝑗 + 1𝑙)
𝑑

 (56) 

The decision function can be described as follows: 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝑦𝑖𝛼𝑖
∗

𝑖𝜖𝑠𝑣

𝐾(𝑥, 𝑥𝑖) − 𝜃) 
(57) 

Where 𝛼𝑖
∗𝑠 represent the solutions of the constrained optimization problem, 𝑆𝑉s denote the 

indices of the support vector and 𝜃 is a user-defined threshold. 

3.6.  K Nearest Neighbors (KNN) 

The KNN technique is a simple but effective non-parametric method used in supervised 

classification and regression tasks [286]. The technique consists in identifying the k number of 

training samples that are closest to the new input data in terms of Euclidean distance. The output 

for the new input is then determined by the majority vote of the k nearest training samples. The 

selection of an appropriate value for k is a challenging task, since the usage of a large value of 

k may decrease the precision of the algorithm, whereas the usage of a small value of k may 

make the results more sensitive to noise. Specifically, the k-NN technique is used to measure 



69 
 

the distance between a new input and the existing data points in the dataset, in order to 

determine the output for the new input. Any new query situation is subjected to a distance 

comparison of its features with all prior observed situations in the training dataset. The 

classification process involves assigning the new query to the class that is most commonly 

represented among its k-nearest neighbors in the dataset [287]. The distance used for this 

purpose is given by the following equation (59) for any input 𝑥𝑖: 

𝑑(𝑥𝑖) = min{𝑑(𝑥𝑖, 𝑥1), 𝑑 (𝑥𝑖, 𝑥2), … , 𝑑(𝑥𝑖, 𝑥𝑛)} (59) 

The Euclidean distance is employed in this work. It is computed using the following 

equation: 

𝑑𝐸({𝑥1, 𝑥2, ⋯ , 𝑥𝑁}; {𝑦1, 𝑦2,⋯,𝑦𝑁}) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑁

1

 
(60) 

where N denotes the total number of dimensions. 

3.7.  Decision Trees (DT) 

DT is an algorithm for developing a knowledge-based system through inductive inference of 

case histories. The structure of a DT may be regarded as a tree-like illustration of the decision-

making process [288]. It organizes data according to tree characteristics, with leaf nodes 

representing a set of records subject to constraints. The process of constructing the decision tree 

involves developing a branch of the tree based on distinct record field values. In fact, a decision 

tree is created by repeatedly including additional branches and sub nodes to each subset of 

branches. The selection of different record field values is one of the critical steps in creating 

the decision tree. The structure and rate of development of the decision tree are influenced by 

the quality of the selection process. The DT's classification performance is also affected. The 

growth rate of the decision tree is slowed down by an unsatisfactory branch value, which also 

results in a branch that is too thin and can lead to the discarding of some relevant information 

rules [288]. 

The ID3 DT classification algorithm was first presented by Quilan in 1986 [289]. The 

inability of the ID3 algorithm to handle discrete features and its propensity for overfitting led 

to the subsequent development of the C4.5 algorithm. It consists in automatically selecting 

discriminating factors from unstructured and possibly very large data. Thus, logical concepts 

of cause and effect that were not obvious in the raw data may be deduced through decision 

trees.  The different potential decisions are made at the ends of the branches and closely follow 
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the decisions made at each level. The following is a definition of the C4.5 algorithm: 

Considering a training set consisting of A data points in the form (𝑉1, 𝑉2, ⋯, 𝑉𝑎, C), where 𝑉𝑖 

denotes the sample attribute value and C its category. Assuming that the discrete attribute A 

has k different values, the sample set T is split into subsets 𝑇1, 𝑇2, ⋯,𝑇𝑘. The information gain 

rate is then given as ratio (A, T) resulting from the division of the sample set T by the discrete 

attribute A. 

𝑟𝑎𝑡𝑖𝑜 (𝐴, 𝑇) =
𝐺𝑎𝑖𝑛 (𝐴, 𝑇)

𝑠𝑝𝑖𝑙𝑡(𝐴, 𝑇)
 

(61) 

 The Gain (A, T) and the spilt (A, T) can be defined as: 

Gainl (A, T) = inf (T) - ∑
|𝑇𝑖|

|𝑇|
𝑘
𝑖=1  × inf (𝑇𝑖) 

(62) 

spilt (A, T) = -∑
|𝑇𝑖|

|𝑇|
𝑘
𝑖=1 × 𝑙𝑜𝑔2 (

|𝑇𝑖|

|𝑇|
) (63) 

where inf(T) denotes the information entropy of T.  

3.8.  Radial basis function neural network (RBFNN) 

The RBFNN is a high-dimensional interpolation technique introduced in [290]. It can be used 

to tackle a wide range of applications, including time series problems, classification, prediction, 

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

learning, and a significant potential for self-adaptation. The RBFNN consist typically of 3 

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

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

hidden layer's neurons. The second layer is a hidden layer. It is designed to have a suitable 

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

it into a new space. Each neuron in the hidden layer implements a single radial basis function. 

The final layer, which is the third layer, performs a linear transformation from the hidden unit 

space to the output space. Figure 3-5 illustrates the topology of a RBFNN with one hidden 

layer. 
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Figure 3-5. Radial basis function neural network structure. 

 The output of the model is given as follows: 

𝑦̂(X) = ∑ 𝑊𝑖
𝑛
i=1 φ𝑖(‖𝑋 − 𝐶𝑖‖) +  𝑏 (64) 

Where 𝑊𝑖 and b represent the weights and bias term, n denotes the number of neurons in the 

hidden layer, ‖. ‖ represents the Euclidean norm and 𝜑{‖𝑋 − 𝐶𝑖‖} 𝑛
1
 are nonlinear radial basis 

activation functions centered at points 𝐶𝑖. The most used nonlinear activation function is a 

Gaussian function defined as follows: 

φ(‖𝑋 − 𝐶𝑖‖) =  𝑒
−

1

2𝜎𝑖
2‖𝑋−𝐶𝑖‖2

 
(65) 

Where 𝜎𝑖 represents a spread parameter.  

The training (offline) of an RBF neural network consists in finding the values of C, W,  and 

σ to minimize (66) for a given number of neurons and a given set of inputs [291]: 

Φ(X, W, C, σ) =
‖𝑦(𝑋) − 𝑦̂(𝑋, 𝑊, 𝐶, 𝜎)‖2

2
 (66) 

where y represents the actual output vector of the system given the input data X. 

Since the outputs of the hidden layer are combined linearly to form the model output, 

equation (66) may be formulated as follows: 

Φ(X, W, C, σ) =
‖𝑦(𝑋) − 𝜑(𝑋, 𝐶, 𝜎)𝑊‖2

2
 

(67) 

Determining the global optimal value (W*) of the linear parameters W with regard to the 

nonlinear parameters C and 𝜎 as least squares solution. 

W* = 𝜑+(𝑋, 𝐶, 𝜎) 𝑦(𝑋) (68) 
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where “+” represents a pseudo-inverse, and replacing (68) in (67), the training criterion to 

compute the nonlinear parameters C and σ is: 

Φ(𝑋, 𝐶, σ) =
‖𝑦(𝑋) − 𝜑(𝑋, 𝐶, 𝜎)𝜑+(𝑋, 𝐶, 𝜎) 𝑦(𝑋)‖2

2
 

(69) 

Equation (69) is now independent of the linear parameters W. It is minimized using the 

Levenberg-Marquardt approach [292]. A clustering method known as the optimal adaptive k-

means algorithm (OAKM) [293] is used to initialize the hidden layer function center positions. 

Equation (70) is applied to define the initial spreads of the neuron activation functions [294]. 

𝜎𝑖 =
𝑑𝑚𝑎𝑥

√2𝜋
, 𝑖 = 1, … , 𝑛 

(70) 

where 𝑑𝑚𝑎𝑥 represents the largest distance between the centers found by the OAKM algorithm. 

The training procedure described so far for the estimation of parameters assumes that the 

relevant inputs and the network topology (number of neurons) have been defined. However, in 

order to determine the parameter vector W, the number of hidden units, the number of neurons 

and the range of input features must be specified. Generally, the set of d input features, 𝑥𝑘,𝑖, 

must be chosen from a larger set, F, whose dimension is often much larger than the maximum 

dimension 𝑑𝑀 intended for the input vector.  

The problem can be specified as follows: select d (𝑑𝑚 < d ≤ 𝑑𝑀) input features from the set 

F, an appropriate number of neurons n (𝑛𝑚 < n ≤ 𝑛𝑀), and determine the parameter vector w, 

so that the best RBFNN mapping, given in (64), is obtained. 

The problem of designing an ANN can be clearly separated into two distinct subproblems, 

each highlighting certain design features [295]: 

1. ANN parameters refer to the parameters of the network. They are calculated using 

a learning approach. 

2. ANN structure refers to the network topology. It consists in particular in selecting 

appropriate range of inputs and an adequate number of neurons. 

Several approaches have been suggested to tackle these two sub-problems, either jointly or 

separately, some of them failing to exploit fully the existing techniques that are deemed more 

suitable [296]. The first is a problem of nonlinear optimization of parameters, for which 

nonlinear gradient-based approaches have proven to be effective. The second one requires a 

multi-objective optimization approach because it is a combinatorial optimization challenge. 
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The problem decomposition reveals the existence of quality metrics for each sub-problem 

and provides detailed guidance on how to select them [296]: 

1. ANN parameters the training stage's effectiveness and the quality of the mapping 

generated by the computed parameters should be reflected in the quality metrics. 

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

for the application at hand. 

This decomposition in the nature of the quality metrics enables us to define a two-

component quality vector as follows: 

𝜇(𝐹, Λ, 𝑛, 𝑊) = [𝜇𝑝, 𝜇𝑠] 

𝜇𝑝 = [𝜇1
𝑝, 𝜇2

𝑝, … , 𝜇𝑢
𝑝], 

𝜇𝑠 = [𝜇1
𝑠, 𝜇2

𝑠, … , 𝜇𝑣
𝑠], 

Λ = [𝜆1, 𝜆2, … , 𝜆𝑑] 

(71) 

where 𝜇𝑝 and 𝜇𝑠 include the quality metrics u and v associated with each of the subproblems, 

the superscripts p and s represent the quality metrics associated with the training phase of the 

ANN network and the suitability of the ANN network for the specific application, respectively. 

Λ refers to the index vector of the columns of F which defines the input features under 

consideration.  

Considering that the quality metrics in 𝜇(𝐹, Λ, 𝑛, 𝑊) are well-defined quantities that specify 

the objective functions that should be minimized to achieve the "best ANN for the application 

at hand", the problem can now be formulated as follows: select d ∈ [𝑑𝑚, 𝑑𝑀] input 

characteristics from F, n ∈ [𝑛𝑚, 𝑛𝑀] neurons, and determine W, such that 𝜇(𝐹, Λ, 𝑛, 𝑊)  is 

minimized.  

min
Λ,𝑛,𝑊

𝜇(𝐹, Λ, 𝑛, 𝑊), given: (F, y), d ∈ [𝑑𝑚, 𝑑𝑀] and n ∈ [𝑛𝑚, 𝑛𝑀]   (72) 

Based on the definition of 𝜇(𝐹, Λ, 𝑛, 𝑊), it is plausible that certain objective functions are 

conflicting, for instance, in 𝜇𝑠, there may be an objective of minimizing the complexity of the 

ANN network, to express the objectives of enhancing performance while lowering the network 

size. Since there is no single solution that minimizes all components of 𝜇(𝐹, Λ, 𝑛, 𝑊) 

simultaneously, the problem described in (72) is therefore a combinatorial multi-objective 

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

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

The solution lies in performing an exhaustive search on the search space represented by (F, 

d ∈ [𝑑𝑚, 𝑑𝑀], [𝑛𝑚, 𝑛𝑀]), thus exploring the true Pareto front. However, this is generally not 

feasible in a reasonable time due to the difficulty of assessing 𝜇(𝐹, Λ, 𝑛, 𝑊) and the size of the 

search space. Trial and error procedure may provide a strategy for conducting the search, but 

since there are so many potential outcomes, it is possible to perform many tests without 

discovering any suitable objective values for 𝜇(𝐹, Λ, 𝑛, 𝑊). Furthermore, since the the 

connection between the search space and the objective space is unknown, the test results could 

easily lead the designer astray to some undesirable local minima [296]. 

Although many approaches were suggested over the years to tackle multi-objective 

challenges, it is only recently that the ability of evolutionary algorithms (EA) to approximate 

the Pareto front has been realized, leading to the development of the research area now referred 

to as multi-objective evolutionary optimization (MOEA) [296]. Therefore, to tackle the 

challenge of finding the structure of ANNs, Multi-Objective Optimization Algorithm are used, 

since they have been shown to be reliable when dealing with challenges with multiple 

conflicting objectives [291], [297], [298]. 

3.9.  Multi-Objective Optimization 

In classical optimization tasks, there is a single objective and a single ideal solution [299]. 

This can be formulated as follows: 

𝐹(𝑥) = min
𝑥

(𝑓1(𝑥))  𝑠. 𝑡. 𝑥 𝜖 𝑋, (73) 

Where x denotes the decision vector and X ⊆ ℝ𝐷 refers to the parameter space. Moreover, the 

objective space is given by Y such that F: X →  𝑌 ⊆ ℝ𝐷. 

Multi-objective optimization (MOO) is commonly used to tackle problems with many 

objectives. In such problems, the objectives are usually not well correlated with each other, 

making it impossible to represent them as a single objective. Consequently, the ideal solution 

is usually not a single point in space, but rather a set that characterizes the possible alternatives. 

The MOO problems can be expressed as follows [300]: 

𝐹(𝑋) = min
𝑥

(𝑓1(𝑥), ⋯ , 𝑓𝑧(𝑥))  𝑠. 𝑡. 𝑥 𝜖 𝑋, (74) 

Where F: X →  𝑌 ⊆ ℝ𝑧 involves z objectives.  

The definitions of some relevant terms that will be used later are introduced below [300]. 
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 Dominate solution: a solution 𝑥1 dominates solution 𝑥2 (𝑥1 ≤ 𝑥2), if and only if 

𝑓𝑖(𝑥1) ≤ 𝑓𝑖(𝑥2) for i 𝜖 (1,2, ⋯ , 𝑍) and ∃ 𝑗 𝜖 (1,2, ⋯ , 𝑍)  such that 𝑓𝑗(𝑥1) < 𝑓𝑗(𝑥2). 

 Non-dominated solution: a solution 𝑥1 and solution 𝑥2 are non-dominated with 

regards to each other if and only if ∄ 𝑖 ∈  (1,2, ⋯ , 𝑍) such that 𝑓𝑖(𝑥2) < 𝑓𝑖(𝑥1) and 

∄ 𝑗 ∈  (1,2, ⋯ , 𝑍) such that 𝑓𝑗(𝑥1) < 𝑓𝑗(𝑥2). i.e., 𝑥1 ≤ 𝑥2 and 𝑥2 ≤ 𝑥1 are not 

satisfied. 

 Pareto-Front: it is a set of all possible non-dominated solutions. Each non-dominated 

solution 𝑥0 is in the Pareto-Front if ∄ 𝑥 𝜖 𝑋 such that (𝑥 ≤ 𝑥0). 

The optimization of a design problem is a challenging task in the real world, as it involves 

multiple objectives, many of which are often in conflict with each other. This implies that 

enhancing one may harm the other. In this situation, there is a set of non-dominated or Pareto-

optimal solutions, and none of them is better than the others in terms of objectives. Figure 3-6. 

illustrates an example of an optimization problem with two objectives f1 and f2. Solution (1) 

dominates solutions (4) and solution (2), solution (3) dominates solution (2), and solutions (1) 

and (3) are non-dominated with respect to each other. 

 

Figure 3-6. Bi-objective minimization problem [299]: solution (1) dominates solution (4) 

and solution (2), solution (3) dominates solution (2), and solution (1) and solution (3) are 

non-dominated. 

The multi-objective optimizer aims to enhance the surface of the non-dominated solutions 

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

3.9.1. Evolutionary algorithms (EA) 

Comparing each solution to all other solutions is a simple and relatively slow approach for 

finding the Pareto front set. This procedure has a complexity level of O (𝑍𝑁2), with N denoting 
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the number of solutions and Z the number of objectives. Hence, to enhance the effectiveness of 

the search for the most suitable solutions, EAs have been introduced [296], [299]. They exploit 

the natural evolution principle: the survival of the fittest. These approaches generally employ a 

population of randomly selected solutions. Each random solution is referred to as an offspring, 

and a set of these solutions are referred to as a generation. Each iteration consists of updating, 

improving, and performing several tasks including crossover (combining solutions), mutation 

(adding new solutions), fitness assignment (computing the cost function for each solution), and 

selection (selecting the best solution for the next iteration). 

3.9.2. Genetic algorithms (GA) 

GAs are popular evolutionary algorithms whose objective is to get an approximate solution to 

an optimization problem when there is no exact method (or the solution is unknown) to address 

it in a reasonable time. The GA was proposed by John Holland et al. based on the natural 

process of evolution to determine an ideal solution in a search space [301]. It relies on two key 

concepts: (i) Survival of the fittest or competition and (ii) Inheritance of the child from the 

parents' genetic heritage. The GA initiates its operation by generating a certain number of 

potential solutions, referred to as the initial population. Following this, the initial population is 

expected to evolve over a certain number of generations. Each potential solution, also referred 

to as an individual is subsequently assessed and assigned a fitness measure since the strategy is 

to utilize the elites to generate the next generation. The replacement operators, mutation, 

parental recombination, and mating selection are all used in the canonical GA. The concept of 

evolution involves producing successive generations with the goal of generating individuals 

with a relevant fitness level after a certain number of generations. By mating the elitists from 

the initial population, a new generation is developed to replace the previous population, with 

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

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

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

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

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

solution to the problem at hand. The input parameters are regarded as genes, and a specific 

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

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

generates a suitable value for the output parameter [302]. 
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Once the genetic mapping of the solution range has been defined, the individuals of the first 

generation are generated, usually randomly, thus integrating the entire search space. A portion 

of the current population of each generation should be chosen to raise the following generation. 

The primary objective is to enable the genes of the best individuals to be inherited by the next 

generation. For this purpose, a fitness value is assigned to each individual thanks to a fitness 

function. 

3.9.2.1. Selection 

To develop a new generation, some of the individuals in the generated initial population should 

be selected once each has been assigned a fitness value. Several well-known selection 

techniques can be employed, such as roulette wheel (also referred to as proportional fitness 

selection), tournament selection, stochastic universal sampling (SUS), and truncation selection. 

 Roulette wheel 

In this approach, individuals are first sorted in ascending order according to their fitness scores. 

Assume that the i-th individual receives the fitness value 𝑓𝑖. The second stage involves 

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

𝑃𝑖 =
𝑓𝑖

∑ 𝑓𝑖
𝐼
𝑘=1

 
(75) 

where I represent the number of individuals. The probability of choosing the i-th individual is 

actually indicated by the normalized fitness value 𝑃𝑖. In the third phase, a probability interval 

is calculated for each individual with respect to the accumulated normalized fitness scores.  it 

is defined as follows: 

[𝑙𝑖, 𝑙𝑖 + 𝑃𝑖] = [∑ 𝑃𝑗

𝑖−1

𝑗=1

, ∑ 𝑃𝑗

𝑖−1

𝑗=1

+ 𝑃𝑖] 

(76) 

where 𝑙𝑖 stands for the interval's lower bound for the i-th individual. It should be noted that 𝑙1  

is equal to zero for the first individual. In the fourth stage, the individual whose interval contains 

the random number k chosen in the interval [0,1] is then chosen for mating. In order to create a 

pool of potential parents for mating, this phase is performed multiple times. The individuals 

with high fitness values have a greater chance of being chosen than the rest using this approach. 

Moreover, they stand a good chance of being chosen more than once during the selection 

process. 
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 Tournament selection 

Using the tournament selection approach, multiple attempts are conducted to randomly select a 

subset of size s from the current population. Within each tournament, the most deserving 

individual is selected to be the parent who will raise the next generation. The most vulnerable 

individuals are less likely to be chosen if s is a large value. In contrast, when s = 1, the 

tournament approach behaves like the random selection approach. 

 Stochastic Universal Sampling (SUS) 

The SUS technique is an extension of the roulette wheel approach that selects an individual 

using several evenly spaced points at a time instead of just one. Therefore, more than one 

individual is selected simultaneously from the SUS. The benefit of the SUS is that it gives 

weaker individuals a stake to be chosen as well. This approach mitigates the unfairness of the 

roulette wheel approach, which largely overlooks the weaker individuals. In the SUS approach, 

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

𝑘 =
𝐹

𝐼
 

(77) 

where F and I, respectively, represent the total fitness values and the number of individuals that 

the technique is intended to select. I pointers are produced as follows in the second phase: 

𝑝𝑜𝑖𝑛𝑡𝑒𝑟𝑠 = [𝑝1, 𝑝2, ⋯ , 𝑝𝑁],              𝑝𝑖 = 𝑟 + (𝑖 − 1) ∗ 𝑘                𝑓𝑜𝑟 𝑖 = 1 𝑡𝑜 𝐼 (78) 

Similar to the roulette wheel approach, the individual for which the interval contains 𝑝𝑖 is 

chosen for mating for each pointer 𝑝𝑖. 

3.9.2.2. Crossover 

Crossover is a type of genetic operator that combines genes. The basic goal of crossover is to 

mix the beneficial gene combinations of the two parents to generate a new individual that 

benefits from both parents' gene sets. The parents' genes are combined to create new 

chromosomes, which are then used to generate offspring.  The crossover operator uses a 

probability known as the crossover rate, which often requires a high probability value (for 

example, 0.7). Many crossover techniques have been presented including one-point, multipoint, 

Cut and Splice and Uniform crossover techniques.  

 Single-point crossover 

In the single-point crossover approach, the two mating chromosomes, or the chosen parental 

population, are cut at a randomly selected point called the crossover point or pivot point. To 

generate two offspring chromosomes (children), the genetic material to the left (or right) of the 



79 
 

point is exchanged between the two parent chromosomes at this cut. The rest of the genes after 

the designated point are interchanged between the two parents, leading to the creation of two 

offspring that have the same size as their parents. Figure 3-7 illustrates the single-point 

crossover operator. 

 

Figure 3-7. Single-point crossover operator. 

 Multipoint crossover 

Multipoint crossover, unlike single-point crossover, works with multiple crossover points. 

Therefore, the original parent chromosomes are more fragmented. The genetic information 

between two selected pivot points that are to the right of an even (or odd) number of crossover 

points is swapped to generate two distinct children. Figure 3-8 illustrates a two-point crossover 

approach. 

 

Figure 3-8. Two-point crossover operator. 

 Cut and Splice crossover 

The Cut and Splice technique is comparable to the single point technique; however, each parent 

has a distinct pivot point. The two parents swap each gene after each point, resulting in two 

children of distinct lengths. Figure 3-9 depicts an example of the Cut and Splice technique. 
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Figure 3-9. Cut and Splice crossover. 

 Uniform crossover 

In contrast to previous techniques, in the uniform technique the parents contribute to the 

generation of the offspring at the gene level rather than at the segment level. Specifically, it is 

decided for each gene whether it should be swapped with the corresponding gene of the other 

parent or whether it should remain unchanged. In this technique, each gene is exchanged with 

a fixed likelihood, often 0.5, so that each offspring inherits approximately 50% of the genes 

from the first parent and 50% from the second. Figure 3-10 illustrates an example of the uniform 

crossover technique. 

 

Figure 3-10. Uniform crossover. 

3.9.2.3. Mutation 

A second genetic operation called mutation is applied to a generated offspring to add diversity 

to the next generation. In this operation, one or more genes of the relevant chromosome are 

mutated. The mutation rate has a much smaller range than the crossover rate. The typical 

approach to mutation affects the value of a gene with a probability of  
1

𝑙
, where l represents the 

length of the chromosome. 

3.9.2.4. Replacement 

It involves deciding which individuals from the current generation will pass to the next after 

the offspring have been generated and evaluated. The most common method is to completely 
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replace the current population with the new offspring. However, in some advanced techniques, 

the parents of the current population are given the opportunity to compete with the offspring 

and only a portion of the current population migrates to the next generation. 

3.9.2.5. Termination criteria 

Typical termination criteria for genetic algorithms are as follows [303]: (i) the specified 

maximum number of generations is attained, (ii) the maximum number of fitness function 

evaluations is reached, (iii) the probability of obtaining relevant changes in the following 

generations is extremely low. 

To define the upper bound of the first two criteria, an appropriate maximum search length 

should be estimated, which requires some knowledge of the problem to be tackled. The third 

method (iii), on the other hand, does not necessitate any knowledge of the problem. It has two 

variations: phenotypical and genotypical termination criteria. The phenotypical termination 

criterion evaluates the progress made over the previous generations. The average fitness value 

over the last n generations may be used to indicate progress. The algorithm ends if the average 

exceeds a pre-specified threshold. The genotypical method ends the genetic algorithm when the 

present population reaches a certain level of convergence with regards to the population' s 

chromosomes. Specifically, the criterion verifies whether a certain proportion of genes in the 

population have converged. The designer of the genetic algorithm specifies the convergence of 

a gene to a certain value by establishing a threshold that must be reached. For instance, a gene 

is considered to have converged to x if 90% of the chromosomes of a given gene have the same 

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

The operating procedure of the Genetic algorithm is summarized in figure 3-11 flowchart.  
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Figure 3-11. Genetic algorithm flowchart. 

3.9.3. Multi-Objective Genetic Algorithm (MOGA) 

Genetic algorithms are well-suited tools for dealing with multi-objective optimization tasks 

[304], [305]. Within the MOGA, each individual in the population is assessed in the space of 

multiple objectives rather than a single objective. Moreover, rather than generating a solution 

that is superior to all others, a set of Pareto solutions is proposed at the end of the MOGA cycle. 

Indeed, A parallel search is conducted in the space bounded by the objectives thanks to the 

behavior of the population-based genetic algorithm. The population of potential solutions to the 

challenge is produced by the succession of generations. The challenge consists in assigning a 

fitness value to express how well a solution has already optimized the specified objectives 

[306]. The simplest method is to use the weighted sum strategy. In this method, weight is given 

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

of the different objectives. This method has some disadvantages, such as the possibility of an 

incorrect search due to inadequate weights. On the other hand, finding the right weights requires 

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

objective values, and conversely.  

An effective Pareto-based approach for ranking was suggested in [307]. In this approach, 

the ranking is based on the number of individuals that dominate each individual. This means 

that the number of other individuals that dominate it determines the individual’s rank. For 

instance, if any other individual does not dominate an individual, its rank will be 0. If two other 

individuals dominate it, its rank will be 2, and thus if it is dominated by k individuals, its rank 

will be k. The concept of Pareto ranking for two goals is presented in figure 3-12. 

 

Figure 3-12. Pareto ranking [308] 

It is common in most applications to establish multiple or varying priorities for the 

objectives that the MOGA seeks to fulfill. If all the objectives have the same importance, those 

who satisfy all of them will have corresponding ranks that are proportional to the number of 

individuals who dominate them. Those who do not fulfill certain objectives are penalized with 

a higher rank. A Pareto-based ranking example for two goals with the same priorities is 

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

must fulfill the defined goals. 

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

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

In contrast, other individuals failing to satisfy objective g2 are assigned the worst rank, 

regardless of their accuracy in optimizing objective 1. Figure 3-14 present an illustration of a 

Pareto-based ranking for two goals, with objective 2 being given a higher priority than objective 

1. 

 

Figure 3-14. Pareto-based ranking [307]: objective 2 being given a higher priority than 

objective 1and both objectives must satisfy the specified goals. 
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Following the ranking of individuals, the MOGA attributes a fitness value to each individual 

according to its associated rank. Then, the individuals are arranged according to their rank, and 

their fitness value is estimated based on a linear or exponential relationship from the best 

individual (i.e., rank=0) to the worst. For individuals with the same rank, a single fitness value 

is computed using an averaging approach. The average value is assigned to individuals with the 

same rank, to ensure the same likelihood of being chosen as the next generation's parent [306]–

[308]. 

3.10. Radial Basis Function Neural Networks designed by Multi Objective 

Genetic Algorithm (RBFNN-MOGA) 

The configuration (parameters and architecture) of the neural network (i.e., those to be 

established from the data) are often identified in an iterative, ad hoc manner, with the focus on 

parameter determination. Indeed, the number of possibilities for selecting model structure and 

inputs is usually very high. Furthermore, the design objectives may involve multiple conflicting 

goals, making the problem of identifying the model a complex task that requires multi-objective 

combinatorial optimization [306]. 

To determine the best possible parameters and structure of the RBFNN, this study exploits 

the multi-objective NN model identification approach suggested in [296]. The approach also 

enables us to tackle conflicting objectives that occur at the same time. For example, the need to 

diminish the complexity of the model and improve its reliability at the same time. Another 

illustration would be the goal of having a model with a strong generalization capability while 

maintaining an extremely low error in the training set. 

The task of designing a NN based model may be separated into two sub-problems, as 

described in section 3.8. 

 NN structure: It specifies the inputs of the network, the number of hidden layers and the 

number of neurons in each layer. 

 NN parameters: They are usually defined by an appropriate learning process and depend 

on the model that has been selected. 

The MOGA framework is used to design the RBFNN model. The approach combines a 

genetic algorithm with a derivative-based algorithm. The final outcome of the design process 

is a set of non-dominated models that have been optimized with respect to multiple conflicting 
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objectives, which are known as Pareto-optimal solutions. These solutions are obtained after a 

specified number of iterations set by the user. The derivative algorithm estimates the parameters 

of each individual model while the genetic algorithm searches the space of inputs and neurons. 

Specifically, each potential NN topology is formulated as a chromosome. The first component 

of the chromosome represents the number of neurons in the hidden layer, and the following 

components represent the indices of a selected number of features from the preliminary feature 

space. Figure 3-15 illustrates the topology of the chromosome. 

 

Figure 3-15. The topology of the chromosome 

The parameters of each model are estimated using a modified version of the Levenberg-

Marquardt (LM) approach [309]. It takes advantage of the linear/nonlinear separability 

characteristic of the NN, which results in high accuracy and a fast convergence rate. The 

nonlinear parameters (C and 𝜎) initial values (see Equation (65)) are either selected randomly, 

or by using a clustering algorithm, W is established by a linear least-squares solution, and the 

process is terminated using the early stopping method within a maximum number of iterations 

[282]. 

Assuming Dl = (X, y) is a set made up of 𝑁 input-output pairs, which is divided into three 

parts: the training set 𝐷𝑡𝑟, the test set 𝐷𝑡𝑒, and the validation set 𝐷𝑣𝑎. Assume that L is a set of 

all possible input characteristics. The design parameters given to MOGA include the dataset, 

the allowed range of hidden neurons n є [𝑛𝑚, 𝑛𝑀], and the input feature range d є [𝑑𝑚, 𝑑𝑀] 

from L. Afterwards, MOGA develops a non-dominated set of RBFNN designs minimizing 

[𝜇𝑝, 𝜇𝑠], where 𝜇𝑝 and 𝜇𝑠 represent a set of objectives with respect to the parameters p of the 

RBFNN and its structure, respectively. The only objective in 𝜇𝑠 is generally the model 

complexity, which depends on the number of hidden neurons and the number input features. 

𝜇𝑆 = [𝑂(𝜇)] (79) 
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Equation (80) formulates the complexity of the model (O(µ)): 

O(μ) =  𝜇1 × (𝜇2 + 1) (80) 

Where 𝜇1  represents the number of neurons in the hidden layer and 𝜇2  is the number of input 

features. 

The objectives of 𝜇𝑝 vary depending on the specific problem being addressed. Different 

problems may have different requirements and goals, leading to different objectives for the 

optimization process. 

3.10.1. Objective of 𝛍𝐩 in the classification problem 

For classification tasks, the objectives to be minimized are mainly the false positives (FP) and 

false negatives (FN) criteria. Hence, the associated objectives for 𝜇𝑝 are given as follows: 

𝜇𝑝 = [𝐹𝑃𝐷𝑡𝑟
, 𝐹𝑁𝐷𝑡𝑟

, 𝐹𝑃𝐷𝑡𝑒
, 𝐹𝑁𝐷𝑡𝑒

] (81) 

Where [𝐹𝑃𝐷𝑡𝑟
, 𝐹𝑃𝐷𝑡𝑒

] represent the false positives and [𝐹𝑁𝐷𝑡𝑟
, 𝐹𝑁𝐷𝑡𝑒

] the false negatives for 

training and testing set, respectively. 

3.10.2. Objective of 𝛍𝐩 in the estimation task 

In the case of estimation tasks, the objective of μp relies on lowering the error between the 

model outputs and the target values. A nonlinear autoregressive configuration with eXogenous 

inputs (NARX) is employed. Hence, the corresponding objectives for μp are given as follows: 

𝜇𝑝  =  [𝜀(𝐷𝑡𝑟 ), 𝜀(𝐷𝑡𝑒), 𝜀(𝐷 , 𝑃𝐻)] (82) 

Where 𝜀 (𝐷𝑡𝑟) and 𝜀 (𝐷𝑡𝑒 ) stand for RMSE of the model with respect to the training set 𝐷𝑡𝑟 and 

the testing set 𝐷𝑡𝑒. 𝜀(𝐷 , 𝑃𝐻) refers to the forecast error. It is calculated by summing the RMSEs 

over the prediction horizon (PH): 

𝜀(𝐷 , 𝑃𝐻)  =  ∑ 𝑅𝑀𝑆𝐸(𝐸(𝐷, 𝑃𝐻), 𝑖)

𝑃𝐻

𝑖=1

 

(83) 

𝐸(𝐷, 𝑃𝐻) is an error matrix defined over the simulation set D, as described in Equation (84), 

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

𝐸(𝐷𝑠, 𝑃𝐻) = [

𝑒[1,1] 𝑒[1,2] ⋯ 𝑒[1, P𝐻]
𝑒[2,1] 𝑒[2,2] ⋱ 𝑒[2, P𝐻]

     ⋮
𝑒[p − 𝑃𝐻, 1]

⋮
𝑒[p − 𝑃𝐻, 2]

⋯
…

⋮
𝑒[p − 𝑃𝐻, P𝐻]

] 

(84) 

Where 𝑒[𝑖, 𝑗] represents the prediction error of the model observed at time i from D to step j over 

the prediction horizon PH.   
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3.11. Data selection approach 

Artificial neural networks approaches are well known learning techniques for addressing 

classification and regression problems. In fact, the models designed by these techniques are 

data-driven and their performance is therefore affected by the quality of the training data set. 

The data should be appropriately selected to cover the entire input range for which the model 

will be applied. In this section we will present the data selection approach used. It is based on 

a randomized convex hull approximation algorithm, Approxhull introduced in [255]. The 

method can handle high dimensional data efficiently in a reasonable runtime and minimal 

memory demands thus facilitating the model design. 

3.11.1. Convex hull definition 

In Euclidean space, an object is convex if for every couple of points inside the object, each 

point on the straight-line segment connecting them is also inside the object. The convex hull of 

a set of data S is the smallest convex set (area) that includes S. A set S is convex if, for each 

couple (x, y) ∈ S, and any t ∈ [0,1], the point (1 − t) x + ty is in S. Moreover, if S is a convex 

set, for any 𝑢1, 𝑢2, ⋯ , 𝑢𝑗 ∈ S, and any nonnegative numbers {𝛽1, 𝛽2, ⋯ , 𝛽𝑗}: ∑ 𝛽𝑖 = 1
𝑗
𝑖=1 , the 

vector ∑ 𝛽𝑖𝑢𝑖
𝑗
𝑖=1  is referred as convex combination of 𝑢1, 𝑢2, ⋯ , 𝑢𝑗. Figure 3-16 presents an 

illustration of convex and non-convex sets. 

 

Figure 3-16. (a) Convex, (b) Nonconvex 
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From the given definitions, the convex hull of a set S of points in Euclidean space can be 

described in terms of convex sets or combinations of convex [255], [257]: 

 the minimal convex set containing S, or  

 the intersection of all convex sets containing S, or  

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

From the convex hull definition, a k-simplex is a polytope of dimension k that is the convex 

hull of k + 1 affinely distinct points. Basically, a point, a line segment, a triangle and a 

tetrahedron correspond to 0-simplex, 1-simplex, 2-simplex, and 3-simplex respectively. In 

principle, a k-simplex is made up of i-faces, where i ≤ k -1. Each data sample in the convex hull 

set is referred to as a convex vertex or a convex point. Given a convex hull, it can be defined 

using vertices and facets, with vertices denoting the boundary points of the data set and facets 

denoting the connections between vertices. The facet's dimension is the same as the dataset's 

dimension. Figure 3-17 illustrates the vertices and facets of the convex hull of a set of points. 

 

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

3.11.2.  Approxhull algorithm 

An efficient data selection method that enables processing of large datasets by using an 

approximation approach based on randomized convex hulls. The algorithm reduces the 

computational time and memory usage, making it an ideal solution for handling large data 

[255]. The algorithm uses hyperplanes and convex hull distances from computational geometry 

to efficiently handle large datasets by approximating the real convex hull and finding 

informative vertices. This helps to reduce the memory complexity and processing time of the 
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data selection process [257]. In the following sections, we will first explain these two notions 

of computational geometry, before tackling ApproxHull algorithm. 

3.11.2.1. Hyperplane Distance 

Assuming 𝑂 = [𝑂1, 𝑂2, ⋯ , 𝑂𝑛] 𝑇is a point, ƒ is a n-vertex facet (each facet of n-dimensional 

convex hull entails exactly n vertices) and 𝐻 is the corresponding hyper-plane of facet ƒ in a n-

dimensional Euclidean space. The equation of the hyperplane H is defined as follows: 

𝛼1𝑥1 + 𝛼2𝑥2 + ⋯ + 𝛼𝑛𝑥𝑛 + 𝛽 = 0 (85) 

Where 𝑁 = [𝛼1, 𝛼2, ⋯ , 𝛼𝑛]
𝑇
denote the normal vector and 𝛽 is the offset of H.  

The distance from the point 𝑂 to the hyperplane H can be calculated as follows:  

𝑑𝑠(𝑂, 𝐻) =  
𝛼1𝑥1 + 𝛼2𝑥2 + ⋯ + 𝛼𝑛𝑥𝑛 + 𝛽

√𝛼1
2 +  𝛼2

2 + ⋯ 𝛼𝑛
2

 
(86) 

 

3.11.2.2. Convex Hull Distance 

Considering a set 𝑆 =  {𝑥𝑖}𝑖=1
𝑛 ⊂ ℝ𝑑 and a point x ∈ ℝ𝑑, the Euclidean distance between 𝑥 and 

the convex hull of S, represented by 𝑐on𝑣 (S), may be calculated by addressing the following 

quadratic optimization problem: 

𝑚𝑖𝑛
𝑎

1

2
𝑎𝑇𝑄𝑎 − 𝑐𝑇𝑎 

𝑠. 𝑡. 𝑒𝑇𝑎 = 1, 𝑎 ≥ 0 

(87) 

where 𝑒 =  [1,1, ⋯ ,1] 𝑇, 𝑄 = 𝑋𝑇𝑋 and 𝑐 =  𝑋𝑇𝑥, with 𝑋 = [𝑥1, 𝑥2, ⋯ , 𝑥𝑛]. 

Assume that the optimal solution of (87) is 𝑎∗; then the distance of point 𝑥 to 𝑐on𝑣 (S) is 

given by: 

𝑑𝑐(𝑥, 𝑐𝑜𝑛𝑣(𝑆)) =  √𝑥𝑇𝑥 − 2𝑐𝑇𝑎∗ + 𝑎∗𝑇𝑄𝑎∗  (88) 

 

3.11.2.3.  Algorithm 

ApproxHull is an incremental algorithm that starts by constructing an initial convex hull, and 

then gradually extends it by incorporating new vertices in each iteration. It is characterized by 

two main properties that enable it to overcome memory and time complexity constraints in high 
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dimensions. It is primarily an approximation algorithm that extracts a subset of the most 

informative vertices from the real convex hull considering a pre-defined threshold. Moreover, 

the ApproxHull convex hull is given only by the vertices. The algorithm computes the 

hyperplane distance of each sample to the facets of the real convex hull in order to identify the 

vertices of the real convex hull. It involves five main steps [255]. The first step involves 

normalizing each dimension to the range [-1, 1]. In the second stage, the maximum and 

minimum samples for each dimension are determined. These samples are regarded as vertices 

of the initial convex hull. Step 3 generates a population of k facets using the current convex 

hull vertices as a baseline. Each iteration involves checking the validity of all formed facets. A 

facet made up of n points in n dimensions is considered to be valid if the matrix representing 

the facet has full rank. Two tasks are implemented to ensure that the population comprises valid 

facets. In the first stage, the validity of a facet of the population is verified when n vertices of 

the current convex hull are chosen to form the facet. Invalid facets are disregarded and 

substituted with others set of n vertices from the current convex hull until a valid facet is 

identified. In the second stage, there is a possibility that invalid facets may be generated 

iteratively; the jogging technique may be used as an optional step in the data preprocessing 

phase to minimize the time spent ignoring invalid facets and creating valid substitutes. In 

computational geometry, input jogging is employed to address the accuracy error. For 

overcoming the problem of coplanar points that may generate invalid facets, jogging (also 

known as random perturbation) consists of changing the input of each cell in the dataset by a 

small random quantity (negative or positive). In the fourth step, the algorithm identifies the 

farthest points of each facet in the current facet population and considers them as new vertices 

of the convex hull, as long as they have not been discovered previously. First, the equation of 

the hyperplane corresponding to the facet given by Algorithm 1 in terms of offset and normal 

vector is used to find the furthest points. Afterwards, the hyperplane distance of the samples 

from the corresponding hyperplane is calculated by equation (86).  Actually, Algorithm 1 relies 

on the fact that the distance between the center point and the hyperplane is negative to calculate 

the equation of the corresponding hyperplane of the facet. It is in the form 𝛼𝑥 =  𝛽 where 𝛼 

and 𝛽 are the normal and the offset of the hyperplane equation, respectively. 
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ALGORITHM 1: OBTAINING THE CORRESPONDING HYPERPLANE OF A FACET 

Input: 𝑫𝑺 =  {𝒙𝒊}𝒊=𝟏
𝒏 ⊆ ℝ𝒅 as a set of samples and 𝑭 = {𝜸𝒊}𝒊=𝟏

𝒅  as a particular facet so that 𝜸𝒊 is a row vector 

which represents a specific sample in 𝐷S. 

1. Let 𝑐 be a row vector that represents the center point of all samples in 𝐷𝑆. 

2. 𝑼 = {𝒖𝒊|𝒖𝒊 = 𝜸𝒊 − 𝒄}𝒊=𝟏
𝒅  

3. α = {} 

4. β = {} 

5. α = 𝑼−𝟏𝒆 where e [𝟏, 𝟏, ⋯ , 𝟏]𝑻 

6. β = 1 + cα 

7. 
t = √∑ 𝒂𝒊

𝟐𝒅
𝒊=𝟏  where 𝒂𝒊 ∈ α for i=1, 2, …, d 

8. 
nα = {

𝒂𝒊

𝒕
|𝒂𝒊 ∈  𝛂 }

𝒊=𝟏

𝒅

 

9. nβ = 
𝜷

𝒕
 

Output: nα and nβ. 

 

Finally, in step 5, the current convex hull is updated by integrating newly identified vertices 

into the current set. 

Steps 3 to 5 are executed iteratively until one of the two termination criteria is satisfied: 

 There are no newly identified vertices in Step 4 

 If there are new vertices as a result of step 4, and the difference between the maximum 

and minimum of 𝑑𝑐 (with 𝑑𝑐 being the maximum of the approximate distances of the 

furthest points of the current convex hull at each iteration) over the last 𝑤 iterations is 

less than a user-defined threshold 𝛽 (default value 0.1) and there is fluctuation in value 

of 𝑑𝑐 in this w-sliding window, the algorithm ends. 

The main concept of the second criterion is to avoid generating new vertices that are very close 

to the current convex hull, thus not providing new information in a meaningful way. The dc 

shows a decreasing trend over the iterations, as the convex hull formed by ApproxHull grows 

iteratively. Therefore, when the difference between the maximum and minimum of dc over the 

last w iterations is not large, the newly detected vertices can be discarded and ApproxHull can 

be ended. 

Since calculating the distance of a point to the current convex hull by resolving the quadratic 

optimization problem stated in equation (87) is complex and time-consuming in high 

dimension, the approximate distance of a newly found vertex to the current convex hull is 

calculated based on 2*d vertices in the current convex hull that are the nearest neighbors of the 



93 
 

newly found vertex, where d refers to the dimension. The Approxhull algorithm is summarized 

in Algorithm 2 [257].  

ALGORITHM 2: APPROXHULL ALGORITHM 

Input:  𝑫𝑺 =  {𝒙𝒊}𝒊=𝟏
𝒏 ⊆ ℝ𝒅 as a set of samples, 𝑘 represents the population size of facets in d-dimensional 

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

1. Scale each dimension of DS to the range [-1, 1] 

2. Let 𝑉 represents the maximum and minimum samples with regards to each dimension in DS; 

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

4. While (not NotFound and not Diff) do 

5.  Let 𝑃 be an empty population. 

6.  For (i = 1; i ≤ 𝑘; i + +) do 

7.   Let F be an empty facet. 𝑗 = 1; 

8.   While (𝑗 ≤ 𝑑) do 

9.    Select randomly a vertex 𝑣 from 𝑉; 

10.    If (𝑣 is not in F) then 

11.     F = F ∪ {𝑣}; 𝑗 = 𝑗 + 1 

12.   𝑃 = 𝑃 ∪ {F}; 

13.  𝑛ew𝑉 = {}; 

14.  For each facet F in 𝑃 do 

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

16.   For each point 𝒇𝒑in F𝑃 do 

17.    If (𝒇𝒑 is not in 𝑉) do 

18.     𝑛ew𝑉 = 𝑛ew𝑉 ∪ {𝒇𝒑 }; 

19.  If (𝑛ew𝑉 = {}) then 

20.   NotFound = True; 

21.  If (not NotFound) then 

22.   Let dc be the maximum of the approximated distances of vertices in 𝑛ew𝑉 to the current convex 

hull. 

23.   𝐷C = 𝐷C ∪ {dc} 

24.   If (iteration ≥ 𝑤) then 

25.    Let 𝒅𝒄𝒎𝒊𝒏 be the minimum of dc in 𝐷C over 𝑤 last iterations. 

26.    Let 𝒅𝒄𝒎𝒂𝒙 be the maximum o of dc in 𝐷C over 𝑤 last iterations. 

27.    If (fluctuating observed in value of 𝑑c over 𝑤 last iteration and (𝒅𝒄𝒎𝒂𝒙 − 𝒅𝒄𝒎𝒊𝒏)< 0.1) then 

28.     Diff = True; 

29.    Else 

30.     𝑉 = 𝑉 ∪ {𝑛ew𝑉 }; 

31.  iteration = iteration + 1 

Output: V 
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The process results in the generation of training, testing, and validation sets. Figure 3-18 

illustrates a flowchart summarizing the ApproxHull algorithm.  

 

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

monitoring 

4.1. Introduction 

This chapter focuses on deep learning-based NILM techniques.  In fact, the accuracy of energy 

estimation and generalization are the most important two capabilities that an NILM algorithm 

must fulfill to be viable in practical application [198]. Although training deep learning 

algorithms on a large quantity of data with many characteristics does not necessarily ensure 

optimal performance owing to potential presence of misleading and unimportant 

characteristics, however the deep learning models can achieve good generalization and high 

accuracy if trained on a reasonable amount of data and/or by optimizing the hyper parameters 

[51], [203]. Moreover, it is possible to achieve low time complexity and good performance with 

limited data by selecting the most efficient features. Owing to the inefficiency of the selected 

feature(s), the disaggregation accuracy of specific loads may deteriorate in some cases. Hence, 

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

types of devices with a satisfactory performance and minimal generalization error.  

To tackle some of these challenges, we propose a hybrid deep learning architecture based 

on a convex hull data selection technique using active and reactive low frequency power data. 

The framework is based on a hybrid architecture consisting of two models. A classification 

model based on a CNN trained with an estimation model based on a bidirectional LSTM. The 

rest of chapter is structured as follows: Section 4.2 discusses the NILM problem formulation 

and the proposed optimization approach. Section 4.3 presents the case study house and data 

collection method. The results of the experiments and a discussion including results from the 

literature are reported in Section 4.4. Section 4.5 summarizes the chapter. 

4.2. Proposed Optimization 

The basic objective of energy disaggregation is to break down the aggregate energy of the house 

into specific appliance contributions. This involves identifying the operating state of each 

device and assessing its contribution to the overall energy consumption of the household. The 

problem can be defined as follows: considering a sequence of aggregated data 𝑋t= {𝑥1, ⋯ , 𝑥𝑇}, 

the NILM task is to estimate the energy consumption of each specific device i,  𝑦𝑡
(𝑖)

=

{𝑦1
(𝑖)

, ⋯ , 𝑦𝑇
(𝑖)

}, where i={1, …, N} is the index of the device (from a set of N devices), and t = 
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{1, …, T} is the time-index of the sequence with length T. The aggregated data can be described 

as the sum of the contributions of the specific devices plus an unspecified part owing to noise, 

in the following terms: 

𝑋𝑡 = ∑ 𝑦𝑡
(𝑖)𝑁

1 +  𝜕𝑡 (89) 

where 𝜕t denote the noise term. 

The contribution of specific device 𝑦𝑡
(i)

 is defined by: 

𝑦𝑡
(𝑖)

 = 𝜓(𝑋𝑡) (90) 

where ψ, is the operator that, when employed to the aggregated data, yields the best 

prediction of the contribution of each specific target device. The problem of finding an estimate 

of the operator ψ can be regarded as a supervised learning task. The proposed optimization is 

based on a supervised deep learning hybrid architecture using a data selection algorithm, 

introduced in [255]. The hybrid network architecture is composed of two subnetworks inspired 

by the studies reported in [205], [256]. The method employs a distinct classification subnetwork 

that is formed jointly with an estimation subnetwork. The output of the two subnetworks is 

combined to form the network output. With the spreading of parameters over associated tasks, 

these learning methods enable the models to generalize more efficiently. Furthermore, deep 

neural networks have a penchant for detecting irrelevant and unrelated appliance activations 

[60], [198]. The coupled classifier eliminates these irrelevant predictions, thus considering only 

the predictions where the appliance is active. In the general framework of the proposed 

optimization each subnetwork is regarded as a subtask of NILM task [256]. On the one side, 

the CNN model is used to classify the appliance’s states. The objective is to determine whether 

the appliance is turned ON or OFF. The appliance is deemed to be "ON" when its energy usage 

surpasses a predetermined threshold. The outcome of the classification subnetwork is the state 

of the appliance 𝑠𝑡
(𝑖)

= {𝑠1
(𝑖)

, ⋯, 𝑠𝑇
(𝑖)

}, where 𝑠𝑡
(𝑖)

∈ {0, 1} denotes the ON-OFF state of appliance 

i at time t. The CNN hyper parameters were tuned using the trial-and-error procedure [161]. 

The architecture of CNN with the best hyper parameters is presented in table 2. 
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Table 2. Classification subnetwork CNN architecture 

 

The power sequence of the appliance, on the other hand, is predicted using a bidirectional 

LSTM model. The use of recurrent NN allows the model to achieve a reliable estimation of the 

energy usage of each device while maintaining the scalability of the network architecture. 

Minimizing the MSE loss function yields the best LSTM model fit. The following is the 

regression model's subnetwork architecture with the best parameters: 

Table 3. Regression subnetwork bidirectional LSTM architecture 

 

Considering  ŝt
i = fc

i(Xt) where 𝑓𝑐
𝑖 denotes the appliance state classification model and 𝑋𝑡  

is the input of the models. Assume that 𝑝̂𝑡
𝑖 = 𝑓𝑟

𝑖(𝑋𝑡) where 𝑓𝑟
𝑖 represent the estimation model. 

The outcome of the classification sub-network is multiplied by the estimated power values of 

the estimation sub-network, as shown in (91), to obtain the overall disaggregation output. 
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𝑦̂𝑡
(𝑖)

= 𝑠̂𝑡
𝑖ʘ𝑝̂𝑡

𝑖  (91) 

 

where 𝑦̂𝑡
(𝑖)

denotes the disaggregation output of device i at time t, 𝑝̂𝑡
𝑖 and 𝑠̂t 

𝑖   represent the  

regression and classification subnetworks output respectively. Figure 4-1 presents the full 

architecture of the proposed optimization model.  

 

 

Figure 4-1. Architecture of the proposed optimization model 

4.3. Data Collection in the case study house 

The study employs data gathered from a residential household located in Algarve region of 

southern Portugal. It is a single-family household, with two floors and 20 different spaces (such 

as halls, garden, etc.). The house contains a solar panel installation consisting of 20 Sharp NU-

AK panels [270]  organized in two strings and with a maximum power of 300 W per panel. The 

battery is a BYD Battery Box HV H11.5 [271], which has a storage capacity of 11.5 kWh. It is 

controlled by an inverter called Kostal Plenticore Plus converter (KI)  [272]. Figure 4-2 depicts 

the view of the building’s PV system. 
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Figure 4-2. Case study house details: (a) photovoltaic panels, (b) inverter, (c) battery. 

Actually, the house is equipped with a variety of household electrical appliances, and a json 

file was generated using the NILM toolkit format [249] to describe the house's rooms and 

equipment. The electrical panel of the house includes a Schneider panel with one triphasic and 

16 monophase circuit breakers. An Intelligent Weather Station (IWS) [273], a few TP-Link 

HS100 Wi-Fi Smart Plugs (SP) [274], and a few Self-Powered Wireless Sensors (SPWS) are 

also available in the household for monitoring room climate variables. Following that, a 

monitoring system for several electrical variables was implemented. A Carlo Gavazzi (EM340) 

[275] 3-phase energy meter supplies the aggregate data required for the NILM task. The 

electrical measurement is performed using a 2-wire Modbus RTU connection on the Class X 

certified Carlo Gavazzi meter. 45 separate electrical variables are supplied by the EM340, 

measured at 1 Hz. For each circuit breaker, additional electrical variables are measured to 

supply a ground truth approximation for the NILM task. In this case, the measurement tools are 

Circutor Wibees (WBs) [276]. They are wireless plug-and-play meters that measure electricity 

usage. Each one of them supplies a hotspot so that the initial configuration can be performed 

via a manufacturer's mobile app. The WB automatically transfers the collected data to a free 

web service from the manufacturer. This functionality may be turned off and the collected data 

are still available via the Modbus IP protocol or via an internal web interface/service. Since the 

appliances utilize Hall effect technology, certain calibrations are necessary in order to obtain 

(a)   (b)     (c) 
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accurate readings. For the 16 monophasic circuit breakers and subsequently for each phase of 

the triphasic, variables including current, voltage, frequency, apparent power, active power, 

reactive power, power factor, active inductive reactive and capacitive reactive energy are 

measured every second. The WBs measure 198 variables in total every second. It should be 

noted that the time instants of the circuit breakers are not the same since the measuring meters 

are not synchronized. 

A Kostal smart energy meter (KEM)[277] and inverter provide information on the variables 

regarding the energy produced by the PV, stored in the battery and injected to the grid. The 

inverter also provides measurements of the house's power consumption. The Kostal Intelligent 

Energy Meter (KEM) and the Kostal Plenticore Plus converter (KI) measure a total of 21 and 

47 variables, respectively using a sampling interval of one minute. The Modbus IP protocol is 

used to access data through a cable IP network. Smart Plugs are utilized for on/off control of 

certain devices. They also enable separate measurement of sockets that are part of the same 

Circutor Wibees. These tools utilize an initial access point and a mobile app from the 

manufacturers to connect to an already-established wireless network. A cloud API or a direct 

internal web service might be used to read and control them. Presently, 4 Smart Plugs are used 

in the house, allowing 6 variables to be measured for each plug every second. 

The Intelligent Weather Station (IWS) is used to monitor relative humidity, air temperature, 

and global solar radiation and forecast their changes over a self-defined time period. A two-

step method is used to make these predictions. The nearest neighbor technique is used when 

minimal measurement data are available while neural network based predictive models are 

automatically built offline and loaded onto the IWS for real-time use when sufficient data are 

available. For further information about the operation of the IWS, please see [273]. 

The Self-Powered Wireless Sensors (SPWS) measure room data including relative 

humidity, air temperature, door status, and window status (open or closed), light, walls 

temperature, and room movement. They are Ultra-Low-Power equipment that uses the 2.4 GHz 

or 868 MHz ISM radio band to communicate. They are intended to measure thermal comfort 

for use in developing predictive control of certain air conditioners in the household. More 

details regarding the use of SPWS for HVAC predictive control can be found on [278]. 

Data transfer from and to the measurement equipment is handled by Gateways and a 

technical network. A wireless network and a technical IP cable network were established using 

a network router installed in an extension of the electrical panel box. The home network is 

separated by the router from the technical network. All the equipment is connected to this 

network, except for the SPs and SPWS. EasyGateway [279] are utilized to perform data 
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acquisition from existing appliances. It is a fault tolerant IoT gateway that supports a range of 

receive/acquire protocols such as SNMP, Modbus, serial http, and Easy modules, as well as a 

set of data delivery connectors (DDCs) generally used in IoT environments like AMPQ and 

MQTT. Five of these gateways are employed inside the electrical panel box to ensure the 

necessary acquisition rates, and the readings from the EM340, WB, KI, and KEM have been 

distributed within and between them. There is also a separate internal EasyGateway for the 

weather station. In order for the SPWS to communicate, an additional EasyGateway is placed 

in a centralized position in the residence. Since EasyGateways always operate at a one-minute 

rate, the data collected by the measurement equipment attached to each EasyGateway are 

packed and transferred at that rate. 

The gateways can provide information to up to three separate DDCs. In this case, two DDCs 

and two IoT platforms are deployed. One platform employing an EasyMqs DDC, is used inside 

the house, and another, employing a Generic AMPQ DDC, in the cloud. The same IoT platform 

is used within the cloud and inside the house. It collects information from the configured 

message queue servers. A set of plug-ins configured for each type of entity on the platform is 

used to pass the arrived data. A comprehensive description of the IoT platform can be found in 

[279].  

The system includes a web page where the end user can configure a set of specifications for 

data management and storage. The data may be downloaded in 4 common formats: csv, xlsx, 

mat, and npz. It also provides data visualization using graphs organized by sensor category. 

Figure 3-9 illustrates a diagram of the data acquisition system. 

 

 

Figure 4-3. diagram of the data acquisition system [280]. 
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The distribution of some appliances with respect to the circuit breakers of the house is 

shown in table 4. 

Table 4. Distribution of appliances through circuit breakers 

Breaker # Devices 

1 Alarm 

2 Swimming Pool Pump (utility,4), Incandescent Lamp (outdoors), Incandescent 

Lamp (outdoors), Linear Fluorescent Lamp (utility,4), LED lamp (outdoors), 

LED lamp (outdoors),  

Linear Fluorescent Lamp (outdoors), Hair Dryer (outdoors), LED Lamp 

(utility,5)  

3 LED Lamp (bedroom,4), Compact Fluorescent Lamp (bedroom,2), Compact 

Fluorescent Lamp (bedroom,3), LED Lamp (bathroom,2), LED Lamp 

(bathroom,2), LED Lamp (hall,2), LED Lamp (hall,2), Compact Fluorescent 

Lamp (hall,2), Compact Fluorescent Lamp (study), Compact fluorescent lamp 

(study), Compact Fluorescent Lamp (study), Compact Fluorescent Lamp (study), 

Compact Fluorescent Lamp (study) 

4 Linear Fluorescent Lamp (garage), Compact Fluorescent Lamp 

(hall,1), Compact Fluorescent Lamp (hall,1), LED Lamp (bathroom,1), LED 

Lamp (bathroom,1), Compact Fluorescent Lamp (bedroom,1), Compact 

Fluorescent Lamp (bedroom,1), Running Machine (bedroom,1), Clothes Iron 

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

5 Air Conditioner (study)  

6 Motor_1 (garage), Motor_2(garage)  

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

8 Electric Water Heating, Washing Machine, Broadband Router, Dryer 

Machine (utility, 2),  

9 Dish washer (kitchen), Microwave (kitchen), Fryer (kitchen), Kettle (kitchen)  

10 Air Conditioner (bedroom,4) 

11 Fridge Freezer (kitchen), Coffee Maker (kitchen), Toaster (kitchen), Food 

Processor (kitchen), Small Cooking Device (kitchen), Television 

(kitchen), Fridge Freezer (hall, 2), LED Lamp (outdoors), Compact Fluorescent 

lamp (hall, 2), Compact Fluorescent Lamp (utility, 1)  
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Compact Fluorescent Lamp (utility, 2), Compact fluorescent lamp (dining 

room)  

12 Compact Fluorescent Lamp (lounge), Television (lounge), Audio System 

and Set top box (lounge)  

13 Compact Fluorescent Lamp (bedroom,4), Compact Fluorescent Lamp 

(bedroom,4), LED Lamp (bedroom,4), Compact Fluorescent Lamp 

(bedroom,3), Compact Fluorescent Lamp (bedroom,2), Broadband Router 

(bedroom, 2), Electric Air Heater (bathroom,2), Electric Air Heater (hall,3), 

Immersion Heater (study), Aquarium Pump (study), Compact Fluorescent Lamp 

(study), Desktop Computer (study), Laptop Computer (study), Laptop Computer 

(study), Television (study), audio system (study), Printer (study), Broadband 

router (study)  

14 Air Conditioner (lounge)  

15 Linear Fluorescent Lamp (kitchen), Compact Fluorescent Lamp 

(lounge), Compact Fluorescent Lamp (lounge), LED Lamp (outdoors)  

16 Burner Stove_1 (kitchen)  

17 Oven (kitchen)  

18 Burner Stove_2 (kitchen)  

19 Data acquisition system 

 

Data are being collected since November 2019 totaling over 2 years of data. The aggregated 

data are collected using the three-phase EM340 energy meter. The distribution of devices 

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

Table 5. Distribution of devices through EM340 phases 

Phase Breakers # 

I 1, 4, 7, 10, 13, 16 

II 2, 6, 8, 11, 15, 17 

III 3, 5, 9, 12, 14, 18 

 

The distribution of energy consumption in the household during the period from January 

2020 to December 2021 (2 years of data) in terms of phases is presented in figure 4-4. 



104 
 

 

Figure 4-4. Distribution of energy consumption in the case study house. 

4.4. Experiments and Results 

4.4.1. Data Pre-Processing 

Data were gathered over several weeks in the household presented in Section 4.3 using a 1 

second sampling rate. Although only 1 month of data is considered in this experiment, each 

device actually accounts for roughly 2.4 million samples. The EM340 phase 2's aggregated 

active and reactive powers readings are retrieved. A sliding window of 20 variables is created 

at each time point, 10 of which are lagged active power values and 10 lagged reactive power 

values. The ApproxHull algorithm outlined in Section 3.5.1 receives these data along with the 

label (device ON/OFF) if a classification is desired or the current active power if an estimation 

is sought. Four relevant appliances (swimming pool pump, washing machine, Fridge, and 

electric water heater) are considered to evaluate the proposed optimization. These appliances 

are among the main consumers in the case study household. Each device's actual power series 

is extracted manually using data from the smart plugs and Circutor Wibee readings. An 

approach similar to that employed in NILMTK [249] is used to define the ON-OFF state of 

each appliance. Basically, the device is deemed ON when its energy consumption surpass a 

predefined threshold value for a minimum period of time. In fact, for certain multi-state devices, 

the power consumption may decrease below the threshold value for a short period of time 

without being turned OFF. In this case a minimum time threshold is predefined during which 

the power consumption is maintained below the threshold. If the period of time during which 

the power does not exceed the power threshold is longer than the predefined time threshold, 

phase 1
32%

phase 2
53%

phase 3
15%

E (kWh)

phase 1 phase 2 phase 3

https://www.mdpi.com/1996-1073/15/3/1215/htm#sec3dot1-energies-15-01215
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then the device is considered OFF. Moreover, the ON state is defined considering strictly 

consecutive samples above the predetermined threshold, and the data sequences below the 

predefined time threshold are excluded. The parameters used to create the appliance labels, 

some statistics regarding the number of activations, the maximum and average activation time, 

and the total active energy consumed by each appliance during the considered time period are 

summarized in Table 6. 

Table 6. Appliances statistics 

 
 

The entire dataset is processed using the ApproxHull algorithm to create training, testing, 

and validation sets for each device (1 month of data sampled at second interval, totaling around 

2.4 million samples). A separate dataset is generated for each device. Following that, the convex 

points covering the entire input range where the model is intended to be applied are created. 

The identified convex points are subsequently incorporated into the training set for each device 

data. The rest of samples are then randomly shared over the remaining training, testing, and 

validation sets in the proportions of 60%, 20%, and 20%, respectively. Table 7 displays the 

average number of vertices found and the dimensions of the training, testing, and validation 

sets for each device dataset. 

Table 7. Size of training, testing, and validation sets. 
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4.4.2. Training and Testing 

The studies were carried out considering data from March 1, 2021, to March 28, 2021, for the 

washing machine and data from June 2, 2021, to June 30, 2021, for the other appliances. A 

separate model is trained for each appliance. The best hyperparameter settings were obtained 

through hyperparameter tweaking. The model is trained using Adam's optimization approach 

[281] with a learning rate of 5e-5 and a batch size of 512. For the classification subnetwork and 

the estimation subnetwork, respectively, the binary cross-entropy loss function and the MSE 

loss function were employed. The loss functions of the two subnetworks are combined to obtain 

the loss function for the design process. To avoid overfitting, early stopping approach [282] 

was used. This is also referred to as implicit regularization, as it terminates training when the 

error on the validation set starts to increase. Tables 8 and 9 present the results obtained in the 

test dataset for state detection and power consumption prediction of each device, both  with and 

without the ApproxHull data selection strategy respectively. 

Table 8. Performance evaluation results without ApproxHull data selection approach  

 
 

Table 9. Performance evaluation results using ApproxHull data selection approach 

 

The results presented in tables 8 and 9 show the reliability of the model in identifying and 

predicting the energy usage of each appliance. The proposed data selection strategy has 

considerably improved the performance of the model compared to the approach without data 

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

values).  

Actually, the data selection strategy enabled to reduce the MAE for the fridge and the 

washing machine by 27% and 81%, respectively. For the swimming pool pump and the electric 

water heater, the MAE was lowered by 25% and 73%, respectively. Regarding the F1 score, 

the identification performance of the washing machine and the fridge were enhanced by 18% 

and 5% respectively using the proposed data selection strategy. The identification performance 

of the electric water heater was improved by 2%. In terms of estimation accuracy (EA), the 

prediction performance was improved by 40% for the washing machine and 6% for the fridge 

by using the data selection strategy while the performance of prediction of electric water heater 

was improved by 2%. 

The swimming pool pump and electric water heater could be identified with quite good 

accuracy owing to their basic architecture. Nonetheless, using the data selection strategy, the 

overall performance showed improvements with slightly higher values. The comparison of the 

EA and F1 score ((i) without the data selection strategy, and (ii) using the data selection 

strategy) is shown in Figure 4-5 and Figure 4-6 for all appliances involved in the experiment. 

 

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

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

strategy. 

The data selection strategy has resulted in a more accurate disaggregation of energy 

consumption for each appliance, regardless of the complexity of multi-state appliance 

architectures. Figure 4-7 to figure 4-10 present some examples of the results of the 

disaggregation. Figure 4-7 compares the predicted active power consumption of the washing 

machine to its actual active power and the total aggregated active power. Figure 4-8 shows the 

fridge's predicted active power versus its actual active power. The aggregated active power can 

be viewed in figure 4-9 and figure 4-10 where figure 4-9 shows the actual, predicted active 

power for the electric water heater, and figure 4-10 the actual and estimated active power of the 

swimming pool pump. 

 

Figure 4-7. Washing machine's disaggregation output. Red, predicted active power; 

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

active power. 

 

 

Figure 4-9. Electric water heater’s disaggregation output. Red, predicted active power; 

yellow, aggregated active power and blue, actual active power. 

 

 

Figure 4-10. Swimming pool pump’s disaggregation output. Red, estimated active 

power; blue, actual active power; yellow, aggregated active power. 
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Figures 4-7 through 4-10 show that there is a fairly accurate consistency between the 

predicted and the actual energy consumption for the four devices under study.  The predicted 

and actual active power consumption signals are very close. It is also important to note that 

each of these devices showed very satisfactory results. 

4.4.3. Cross Validation 

Five-fold cross-validation was conducted in order to evaluate the reproducibility of the 

experiment. The design data was divided into five non-overlapping segments of equal size. One 

segment was used ams the test data to test the model, while the remaining four segments were 

utilized to calculate the model's parameters and determine its accuracy. Similar to the initial 

experiment, training was done using 80% of the data, and testing with 20%. The test subset is 

circulated alternately k times in the process. Table 10 displays the F1 score results of the five-

fold cross-validation for the fridge and washing machine. 

Table 10. F1 score using Cross validation 

k 1 2 3 4 5 

Washing machine 0.963 0.961 0.959 0.958 0.959 

Fridge  0.944 0.938 0.950 0.934 0.947 

 

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

As discussed in chapter 2 section 2.9, it is difficult to directly compare NILM approaches due 

to the ambiguity of the performance indicators, which depend on the data and the context of the 

studies. The methods presented in this experiment employ data gathered from a household using 

a sampling rate of 1 Hz. Both active and reactive powers are used as inputs in the proposed 

model design. However, only active power readings are available in the majority of currently 

publicly available low-frequency NILM datasets [209], [232]. Therefore, a reasonable 

qualitative comparison of the approaches using different data sets is not feasible. Meanwhile, 

to illustrate its effectiveness, a comparison was undertaken with state-of-the-art techniques to 

benchmark the proposed approach. Two commonly used multi-state appliances for assessing 

NILM approaches are washing machine and fridge. Table 11 contrasts the presented NILM 

approach to the current state-of-the-art NILM techniques for washing machine. The comparison 

of the fridge's performance with the state-of-the-art methods can be seen in Table 12. 
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Table 11. Results of comparison with existing NILM approaches for washing machine. 

Method Recall Precision   F1  MAE (W) SAE EA 

Online-NILM [283] 1 0.60 0.70 118.11 - - 

MFS-LSTM [198] - - 0.76 14.42 0.51 0.74 

CNN [284] 0.78 0.20 0.32 18.38 - - 

LDwA [205] - - 0.69 11.17 - - 

CNN [60] 0.98 0.87 0.92 - - 0.92 

TP-NILM [50] 0.86 0.87 0.86 8.31 0.01 - 

Proposed 0.96 0.96 0.96 1.64 0.05 0.93 

 

Table 12. Results of comparison with existing NILM approaches for the fridge. 

Method Recall Precision F1 MAE (W) SAE EA 

Online-NILM [283] 0.73 0.87 0.79 4.34 - - 

MFS-LSTM [198] - - 0.87 19.60 0.46 0.76 

CNN [284] 0.97 0.80 0.88 7.90 - - 

LDwA [205] - - 0.86 19.81 - - 

TP-NILM [60] 0.89 0.85 0.87 17.03 −0.05 - 

Proposed 0.97 0.92 0.95 12.72 0.09 0.88 

The results reported in Tables 11 and 12 demonstrate that the proposed framework is quite 

successful in detecting the operating states of the appliances and predicting the power 

consumption of each device. The proposed optimization achieved the best performances in 

terms of MAE (1.64 W), F1 score (96%), precision (96%), and EA (93%) for the washing 

machine. However, it achieved slightly lower recall (96%) than the CNN (98%) proposed in 

[60] and the Online-NILM (100%) presented in [283]. 

The proposed framework for the fridge shows consistent superiority over state-of-the-art 

methods in terms of precision (92%), recall (97%), estimation accuracy (88%), and F1 score 

(95%). On the other hand, the MAE of 12.72 W obtained by the proposed framework is slightly 

worse than the MAE of 4.34 W achieved by the Online-NILM method [283]. 

From these overall results we can conclude that the proposed optimization approach 

successfully disaggregates the contribution of specific appliances with a better F1 score and a 

more reliable EA compared to state-of-the-art works. 
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4.5. Summary 

This chapter described a NILM approach that utilizes a combination of deep learning and a 

convex hull data selection strategy. The data were gathered from a household located in the 

region of Algarve, South Portugal.   

The first step was to select the data using a random convex hull approximation. The 

approach consists in selecting the most informative vertices of the real convex hull. Thereafter, 

the model is designed by combining two subnetwork models. Each subnetwork is considered 

as a subtask of the overall NILM task. The main architecture relies on a CNN-based device 

state identification subnetwork model and an energy estimation subnetwork model based on 

bidirectional LSTM models. Actually, the energy estimation subnetwork tends to estimate some 

irrelevant energy consumptions that do not belong to the target appliance. Therefore, the usage 

of a subnetwork for appliance operating state identification enables the prediction of the 

ON/OFF state of the appliance and, thus, eliminates all estimates that do not belong to the target 

appliance. The outcome of the model is generated by merging the outputs of the two sub-

models. 

The results of the test showed that the data selection strategy has considerably improved the 

results of the proposed model, especially for multi-state appliances. Furthermore, the results 

demonstrated that the proposed framework successfully disaggregates the target appliances 

with better energy estimation reliability and higher F1 score than the state-of-the-art techniques. 
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Chapter 5 Shallow neural networks approach for non-intrusive 

load monitoring 

5.1.  Introduction 

A trend in the NILM field is the search for low sampling rate disaggregation approaches to 

enable potential compatibility with readily available residential smart meters. Recently, an 

increase in NILM research has been spurred by advances in deep learning methods, with very 

promising results, as discussed in Chapter 4. However, these techniques require a lot of training 

data to accomplish a satisfactory performance [201]. Owing to the scarcity of high-quality 

labels and durable data sets, this represents a significant challenge for NILM algorithms [41]. 

Moreover, these approaches benefit considerably from a large number of training parameters, 

which in most cases necessitates processing capacity that is neither cheap nor readily available 

[201]. Furthermore, NILM framework must meet a number of requirements, including 

sufficient accuracy to recognize the appliance operating state as well as accurate estimation of 

power usage, low-complexity models, and inexpensive hardware. 

To tackle these challenges, a NILM approach based on a low sampling power data, thus 

enabling the usage of low-cost meters, and using shallow neural network models with low 

complexity is proposed. The framework is based on the design of radial basis function neural 

networks by a multi-objective genetic algorithm (MOGA). The rest of Chapter is structured as 

follows: Section 5.2 describes the proposed radial basis function neural networks designed by 

multi objective genetic algorithm (RBFNN-MOGA) approach for NILM. The experiments 

conducted, the data preprocessing approach, the evaluation metrics used, the parameters as well 

as the results obtained using the suggested framework are described in section 5.3. Since a 

comparative analysis was conducted to benchmark the performance of the proposed framework 

with some classification methods, the results of the developed classification methods are 

presented in Section 5.4. Sections 5.5 and 5.6 discuss the results of the comparative analysis 

and the experiments conducted using the public data set. The energy consumption in the case 

study house is discussed in Section 5.7 and Section 5.8 summarizes the chapter. 

5.2.  Proposed approach 

The NILM process, as described in Chapter 2, encompasses data collection, feature extraction, 

device classification, and energy estimation [30], [35], [37], [38], [48]. Figure 5-1 presents an 

overview of the NILM framework. The first step of an energy monitoring system is dedicated 
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to data acquisition from a smart meter. Then, certain device characteristics must be selected 

and processed. A learning algorithm is employed to predict which devices are active at a given 

time, as well as their states. From this knowledge, the energy usage of appliance is estimated. 

 

 

Figure 5-1. NILM Overview 

The proposed NILM approach employs a RBFNN-MOGA, with design data selected 

through an approximate convex hull algorithm.  Initially, the data selection method described 

in Chapter 3 section 3.11 is employed to conduct a data selection based on the identification of 

the most informative vertices of the real convex hull. Then, an RBFNN-MOGA classifier is 

designed to classify whether a specific appliance is active or not. The RBFNN-MOGA classifier 

is designed with the goal of lowering the complexity of the model as well as the number of false 

positives and false negatives. If the device is active, its energy consumption is then estimated 

using an RBFNN-MOGA estimator, designed in a similar way to the RBFNN-MOGA 

classifier.  In this case the RBFNN-MOGA estimator is designed with the goal of lowering the 

complexity of the models and the root means square error (RMSEs) in the design sets. Figure 

5-2 presents a flow chart summarizing the processes occurring in the design of the RBFNN-

MOGA model. It should be noted that before using MOGA the data selection approach 

presented in Chapter 3 section 3.11 is applied to create the training, testing and validation set.  

The MOGA design approach has been utilized in the literature to tackle several classification 

and estimation problems [297], [298], [310], [311].  
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Figure 5-2. Overview of the design approach. 

 Once the models are designed, the online functioning process is illustrated in figure 5-3 

flowchart. 
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Figure 5-3. Overview of the proposed approach. 
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5.3.  Experimental Results 

The following sections report the results of the experiments conducted on the data gathered in 

the case study household described in Chapter 4, Section 4.3. The data have been gathered for 

over two years period and are available at [312]. The experiments considered data gathered 

over a one-month period, from March 1, 2021, to March 28, 2021, for the washing machine and 

from June 2, 2021, to June 28, 2021, for the other appliances, for a total of roughly 2.4 million 

samples for each appliance. Since the preliminary data, which were acquired with a one-second 

sampling period, were too big to be handled by the MOGA framework, the data were resampled 

at a one-minute rate. 

5.3.1. Data preprocessing  

Following the data collection, the next step is the pre-processing of the data sets. The total 

aggregate powers were retrieved from the EM340 meter data. The ground truth active power 

sequence of the device was extracted manually using the CW and SP data. The ON-OFF labels 

of the appliances were created using a method similar to that presented in Chapter 4, Section 

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

5.3.2. MOGA design radial basis function neural network results 

To generate the optimal final solution, the system needs to train a considerable number of 

RBFNN models. On one side, certain limitations need to be set on the size of the datasets that 

will be fed into MOGA in order to make the process completed within a reasonable time frame, 

on the other side, to ensure the quality of the training set to be utilized. To do this, the data 

selection algorithm described in chapter 3 section 3.11. is employed. First the initial dataset is 

given to the algorithm. For device state identification, the input features are a sliding window 

containing 20 variables (10 delayed aggregated active power values and 10 delayed aggregated 

reactive power values). For energy estimation, the delays of two exogenous variables 

(aggregated active and reactive powers, 10 for each variable), as well as 10 lags of the modeled 

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

All convex hull points of the relevant data samples are created using the ApproxHull data 

selection algorithm. The generated convex points and random data samples are then used to 

construct the MOGA training set, resulting in 60% of the data. The remaining random data 

samples are used to create test and validation sets for MOGA, 20% for each set. It is important 

to note that the initial data set is cleaned up before being fed into the ApproxHull data selection 
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algorithm. Thus, rows with non-numeric values, rows with missing values, equal columns 

(identical features), duplicate rows (equal samples) are excluded to reduce the risk that 

ApproxHull generates a singular matrix that corresponds to a random invalid facet. The results 

created by the Approxhull approach for the classification and estimation models as well as the 

size of the data set created for each device are presented in table 13 and table 14, respectively. 

Table 13. Approxhull results for classification models 

Devices CH vertices Training Testing Validation 

Fridge 441 24493 8164 8166 

Washing machine 810 24185 8061 8063 

Electric water heater 731 8212 2737 2739 

Swimming pool pump 673 12655 4218 4220 

 
Table 14. Approxhull results for estimation models 

Devices CH vertices Training Testing Validation 

Fridge 842 24185 8061 8063 

Washing machine 753 24185 8061 8063 

Electric water heater 1497 8212 2737 2739 

Swimming pool pump 640 12655 4218 4220 

 

In terms of device state classification, the MOGA models were trained with the goal of 

lowering the complexity of the model, the number of false positives and negatives in the training 

and test sets for each device.  

In terms of estimation of energy, the objectives that MOGA minimizes include the RMSEs 

of training set 𝜀(𝐷𝑡𝑟 ), test set 𝜀(𝐷𝑡𝑒), the complexity of the model, and the prediction error 𝜀 

(Ds, 𝑃𝐻). The prediction horizon (PH) was given a value of 1, and Ds stands for a given period 

retrieved from the active power time series of the device (with s consecutive input-output pairs). 

The parameters used for the RBFNN-MOGA are as follows: In order to lessen the 

complexity of the models in all the experiments, the number of input features was defined in 

the range of [1, 20] for classification models and in the range of [1, 30] for estimation models, 

while the number of hidden layer neurons was defined in the range of [2, 30] for both models. 

The number of generations was defined to 100, with a population size of 100. The proportion 

of random immigration was set to 0.01. A crossover rate of 70% was adopted, while the 

selective pressure was set to 2. Each individual in the population was given 10 training sessions 

under distinct initial conditions, and the best training trial was chosen using the proximity of 

origin criterion. An early stopping criterion with a limit of 50 iterations is adopted as the 
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termination criterion. These parameters have proven to be effective in the design of RBFNN by 

MOGA based on the experiences of previous research works [291], [297], [298], [311]. 

At the end of one MOGA run, the dimensions of the non-dominated sets generated for the 

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

Table 15. Dimensions of Non-dominated sets 

Devices Classification Estimation 

Fridge 274 45 

Washing machine 89 171 

Electric water heater 414 329 

Swimming pool pump 153 172 

For each device, the performance statistics in the non-dominated sets in terms of minimum 

and average false positives (FP) and false negatives (FN), as well as the corresponding model 

complexities in the classification phase are presented in table 16. 

Table 16. Classification performance in the non-dominated sets 

Table 17 presents the performance statistics for the training, test, and validation sets 

performed in the non-dominated sets during the estimation phase in terms of minimum and 

mean root mean square error values. 

 

 

 

Devices 

Training Testing Validation Model 

complexity 

FP FN FP FN FP FN  

Fridge Min 1722 0 534 0 550 0 6 

Mean 2638 295 843 96 836 103 139 

Washing machine Min 0 20 0 10 0 7 8 

Mean 24 220 4 56 6 55 282 

Electric water heater Min 58 1 24 0 25 0 6 

Mean 231 231 79 68 60 71 162 

Swimming pool pump Min 6 0 2 0 2 0 6 

Mean 84 49 23 14 23 12 143 
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Table 17. Estimation performance in the Non-dominated Sets 

After some further evaluation, for each device and each designed model, the optimal model 

of non-dominated sets with better performance and low complexity is chosen. Once the optimal 

models are defined, the optimal classification model is mainly used to detect whether the device 

is active or not in the next sample. If the appliance is active, then the optimal estimation model 

is used to predict the energy usage of the appliance. Table 18 shows the results of classification 

on the validation set utilizing the optimal model in terms of Precision, Recall, F1 score, number 

of features, number of neurons in the hidden layer and model complexity for each appliance.  

The results of estimation utilizing the optimal estimation models in terms of SAE, MAE, EA, 

number of features, number of neurons in the hidden layer and model complexity are reported 

in table 19. 

Table 18. Device status classification results 

Devices 
R P F1 Number of 

features 

Number 

of neurons 

Model 

complexity 

Fridge 0.98 0.91 0.95 7 30 240 

Washing machine 0.97 0.97 0.97 4 30 150 

Electric water heater 0.99 0.97 0.98 12 29 377 

Swimming pool pump 1 1 1 8 25 225 

R: Recall, P: Precision 

 
 
 
 
 
 
 

Devices                                    RMSE Training Testing Validation 

Fridge 𝜖𝑚𝑖𝑛 0.131 0.124 0.133 

𝜖 ̅ 0.136 0.129 0.136 

Washing machine 𝜖𝑚𝑖𝑛 0.010 0.018 0.010 

𝜖 ̅ 0.031 0.032 0.025 

Electric water heater 𝜖𝑚𝑖𝑛 0.250 0.221 0.239 

𝜖 ̅ 0.298 0.260 1.710 

Swimming pool pump 𝜖𝑚𝑖𝑛 0.063 0.048 0.057 

𝜖 ̅ 0.069 0.048 1.790 
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Table 19. Energy estimation results 

Devices 
MAE (W) SAE EA Number of 

features 

Number 

of neurons 

Model 

complexity 

Fridge 4.00 0.010 0.96 4 6 30 

Washing machine 1.1 0.030 0.93 23 20 480 

Electric water heater 66.7 0.043 0.95 27 18 504 

Swimming pool pump 1.5 0.004 0.99 7 14 112 

 

The analysis of the results reported in Tables 18 and 19 shows the ability of the models to 

identify the appliance status and estimate the power consumed by each device. The results of 

the appliance state classification (Table 18) show an F1 score of over 95% for the fridge, 97% 

for the washing machine, 98% for the electric water heater and 100% for the swimming pool 

pump. The complexity of the classification models varies from 150 for the washing machine 

(with 30 neurons in the hidden layer and 4 input features) to 377 for the electric water heater 

(using 29 neurons in the hidden layer and 12 input features). For the fridge (30 neurons in the 

hidden layer and 7 input features) and the swimming pool pump (25 neurons in the hidden layer 

and 8 input features), the complexity of the classification models is 240 and 225 respectively. 

The results in terms of energy estimation (Table 19) show that the energy usage of the washing 

machine was estimated with an EA score of over 93%, the electric water heater was estimated 

with an EA score of 95%, and an EA score of 96% was observed in the disaggregation of the 

fridge whereas the swimming pool pump was estimated with an EA score of 99%. The 

complexity of the estimation models varies from 30 for Fride (6 neurons and 4 input features), 

112 for the swimming pool pump (14 neurons and 7 input features), 480 for the washing 

machine (20 neurons and 23 input features) and 504 for the electric water heater (18 neurons 

and 27 input features). 

An illustrative example of the results of the disaggregation process in terms of active power 

is presented in figures 5-4 to 5-7. The actual and predicted active power of Fridge is presented 

in figure 5-4. Figure 5-5 illustrates the estimated and the actual active power of washing 

machine. Figures 5-6 and 5-7, respectively, show the predicted and actual active power of 

Electric water heater and Swimming pool pump. 
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Figure 5-4. Fridge. Red, predicted active power, blue, actual active power,  

 
Figure 5-5. Washing machine. Red, predicted active power, blue, actual active power.  

 
Figure 5-6. Electric water heater. Red, predicted active power, blue, actual active power. 
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Figure 5-7. Swimming pool pump. Red, predicted active power, blue, actual active 

power,  

The analysis of Figures 5-4 to 5-7 shows an accurate consistency between the predicted and 

measured active power for all the appliances in the experiment. It can be observed that the 

estimated power signals are very reliable. In view of these experimental results, we can 

conclude that the disaggregation results are quite satisfactory, with models of very low 

complexity and working on one-minute data. 

5.4.  Results of other implemented classification methods 

Five experiments employing a distinct range of classification techniques, including SVM, 

KNN, DT, LSTM, and CNN classifiers, were conducted on the same one-month of data from 

the previous experiment. To improve the robustness of the training operation and accelerate its 

process, the data has been standardized. An approach similar to that described in [51] was used 

to standardize the aggregated data. The mean and standard deviation of each sequence are first 

determined. Afterwards, the mean is subtracted from the input sequence which is then divided 

by the standard deviation to generate the standardized sequence. The process is formulated in 

the equation (97). 

X standardized  =  
(X − μ)

σ
 ~ 𝑁 (0,1) 

(97) 

Where X represents the input sequence, σ the standard deviation of the input sequence, and µ 

the mean of the input sequence. 
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For all the models, the data set is separate into training set (80%) and a test set (20%). As 

in the previous experiment, a sliding window of 20 variables (10 aggregated active power 

values and 10 aggregated reactive power values) is utilized as input to the models. The output 

of the models is the ON-OFF status of the devices. 

5.4.1. Support Vector Machines (SVM) results 

The model was trained to identify the operating states of the appliance. The goal is to detect 

whether the device is active or not. For each appliance, a single model is trained. The Gaussian 

rbf  kernel was employed to train the model. The spreading parameter σ and the penalty C, are 

tweaked to minimize the error function described in (98). 

𝑒𝑟𝑟𝑜𝑟 (𝑥𝑖, 𝑦𝑖) =
1

2
𝑤′𝑤 + 𝐶 ∑ 𝜉𝑖

𝑁

𝑖=1

 (98) 

Where w denotes the weight vector, and 𝜉𝑖 the slack variables. The search for hyperparameters 

that reduce the loss of five-fold cross-validation was performed automatically. Table 20 reports 

the results of the tests conducted in the test dataset in terms of Precision, Recall and F1 score. 

Table 20. SVM results 

Devices Recall Precision F1 

Fridge 0.91 0.90 0.91 

Washing machine 0.91 0.75 0.82 

Electric water heater 0.98 0.96 0.97 

Swimming pool pump 0.98 0.99 0.98 

 

5.4.2. K Nearest Neighbors (KNN) results 

As for SVM, the KNN model was trained to identify the appliance's operating states. For each 

appliance, one model is trained. Given that k is a user predetermined parameter, a trial-and-

error process was performed to select the suitable k that suits the data. The resulting best value 

obtained was k = 5. Table 21 presents the results within the test dataset in terms of Precision, 

Recall, and F1 score. 
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Table 21. KNN results 

Devices Recall Precision F1 

Fridge 0.90 0.92 0.91 

Washing machine 0.91 0.73 0.81 

Electric water heater 0.98 0.95 0.97 

Swimming pool pump 0.99 0.99 0.99 

 

5.4.3. Decision Tree (DT) results 

The algorithm was trained to identify the operating states of the appliances. For each appliance, 

a single model is trained. Through a cross validation method, the training data was randomly 

split into ten subsets. Then, ten new trees are generated within each of the nine subsets of data. 

Afterwards, using data that was not involved in the training, the prediction accuracy of each 

new tree is assessed. This provides a reliable estimate of the prediction reliability. The ideal 

leaf node observations (MinLeafSize) minimizing the cross-validation loss was determined 

using an automatic hyperparameter optimization. The results of the tests conducted in the test 

dataset in terms of Precision, Recall and F1 score are reported in Table 22. 

Table 22. Decision tree results 

Devices Recall Precision F1 

Fridge 0.87 0.93 0.90 

Washing machine 0.94 0.73 0.82 

Electric water heater 0.98 0.93 0.95 

Swimming pool pump 0.98 0.99 0.98 

 

5.4.4. Long Short-Term Memory (LSTM) results 

The fourth experiment was to design an LSTM classifier to identify the device operating states. 

The binary cross-entropy loss function and Adam's optimizer were used to train the model. 

Through a trial-and-error process, the loss function was minimized in order to obtain the set of 

parameters that best suits the task. The search for hyper parameters which minimize the loss of 

five-fold cross-validation was performed using hyper parameter optimization. The design 

parameters used with the suitable hyper parameter values is reported in table 23. Table 24 

reports the results of the test performed in the test dataset in terms of Precision, Recall and F1 

score. 
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Table 23. LSTM structure 

Layer  number of hidden units activation 

Input   

LSTM 32 ReLu 

Dropout (dropout=0.3)   

LSTM 64 ReLu 

Dropout (dropout=0.3)   

LSTM 128 ReLu 

Dropout (dropout=0.3)   

Fully connected dense 1024 ReLu 

Fully connected dense 1 sigmoid 

 
Table 24. LSTM results 

Devices Recall Precision F1 

Fridge 0.89 0.83 0.86 

Washing machine 0.82 0.96 0.88 

Electric water heater 0.98 0.94 0.96 

Swimming pool pump 0.97 0.99 0.98 

 

5.4.5. Convolutional neural network (CNN) results 

In the fifth experiment, a CNN classifier was trained to classify the operating states of the 

devices. As for LSTM, the Adam optimizer and the binary cross-entropy loss function are used. 

The design was conducted using a trial-and-error process to find the best suited set of 

parameters that minimize the loss function. Table 25 presents a summary of the architecture 

used with the suitable hyper parameters. The results of the tests conducted on the test dataset in 

terms of Precision, Recall, and F1 score are reported in Table 26. 

Table 25. CNN structure 

Layer  filters kernels activation 

Input    

Conv1D 32 3 ReLu 

Conv1D 64 3 ReLu 

Conv1D 128 3 ReLu 

Max pooling1D    

dense (1024)   ReLu 
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dense (1)   sigmoid 

 
Table 26. CNN results 

Devices Recall Precision F1 

Fridge 0.92 0.91 0.91 

Washing machine 0.96 0.90 0.93 

Electric water heater 0.95 0.98 0.96 

Swimming pool pump 0.99 0.99 0.99 

 

5.5.  Discussion 

The results of the experiments reported in tables 18, 20, 21, 22, 24 and 26 show that all the 

models considered can identify the operational states the different appliances. To highlight the 

performance of the proposed approach, the obtained F1 score value has been compared to the 

other implemented classification approaches. The comparative histogram of the different 

approaches is shown in figure 5-8. 

 
Figure 5-8. Classification performance in terms of F1 score. 
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From the analysis of the comparative results shown in Figure 5-8, it can be observed that 

the proposed model obtained the best F1 score of 95% for the fridge, while the LSTM obtained 

the worst F1 score of 86%. The other classifiers (SVM, KNN and CNN) identified the operating 

states of the fridge with similar F1 scores of 91% and a slightly lower score of 90% for DT.  

For the washing machine, the proposed model achieved the highest F1 score of 97%, 

whereas the SVM and DT models achieved similar F1 scores of 82%. Also, the deep learning 

models performed slightly better than the SVM and DT models, with the CNN achieving an F1 

score of 93% and the LSTM an F1 score of 88%.  The KNN model obtained the worst F1 score 

of 81%. 

For the electric water heater, the MOGA framework achieved an F1 score of 98%, while 

the SVM and KNN models achieved a comparable F1 score of 97%. The LSTM and CNN 

models achieve a similar F1 score of 96%. The DT model (95%) obtained the lowest F1 score.  

For the pool pump, the proposed framework achieved an excellent F1 score of 100% 

whereas the other models (SVM, KNN, DT, CNN, LSTM) performed well with F1 scores 

ranging from 98% to 99%. 

Globally, it can be noted that the best performances are achieved in the classification of 

high-power appliances, while most of the models struggle to correctly classify the operating 

states of devices like washing machines and fridges. This stems from the complex architecture 

of multi-state devices, where identification is more challenging, and may lead to a high number 

of false positives. Overall, it can be concluded that the proposed approach performs better than 

the other classification methods in terms of identifying the operating states of devices. 

Since the same data were used for each of these above six experiments, the performance of 

these approaches can be qualitatively benchmarked. This is generally not the case when 

evaluating the performance of state-of-the-art approaches, owing to the distinct nature of the 

data used and the context of the experiments. However, for illustrative purposes, a comparative 

study with the most recent state of the art methods has been performed. Two of the most 

commonly used multistate devices for evaluating NILM state-of-the-art techniques are the 

washing machine and the fridge, and thus they will be considered in this analysis. Table 27 

illustrates a comparison of the proposed NILM framework with some state-of-the-art NILM 

techniques for washing machine. The effectiveness of the MOGA framework compared to 

state-of-the-art techniques for fridge disaggregation is presented in Table 28. Also, to be noted 
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that the optimization approach proposed in Chapter 4 (which we will call deepOpt) uses the 

same data as those used to design the MOGA framework, but with distinct sampling intervals 

(1 second for deepOpt and 1 minute for MOGA framework). 

Table 27. Washing machine performance comparison 

Approach S (s) R P F1 MAE(W) SAE EA 

[283] 1 1 0.60 0.70 118.1 - - 

[198] - - 0.76 14.42 0.51 0.74 

[50] 60 0.86 0.87 0.86 8.31 0.01 - 

Prop. deepOpt 1 0.96 0.96 0.96 1.64 0.05 0.93 

Prop. MOGA 60 0.97 0.97 0.97  1.1 0.03 0.93 

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

 
 

Table 28. Fridge performance comparison 

Approach      S (s) R P F1 MAE(W) SAE EA 

[283] 1 0.73 0.87 0.79 4.34 - - 

[198] 1 - - 0.87 19.60 0.46 0.76 

[50] 60 0.89 0.85 0.87 17.03 0.05 - 

Prop. DeepOpt 1 0.97 0.92 0.95 12.72 0.09 0.88 

Prop. MOGA 60 0.98 0.91 0.95 4.00 0.01 0.96 

 

From the analysis of the performance comparison results shown in tables 27 and 28, the 

proposed approach outperformed the optimization approach presented in chapter 4 (DeepOpt), 

especially in terms of estimation accuracy (EA) for the fridge (96% versus 88% for DeepOpt). 

For the washing machine, the mean absolute error was lowered by 32% using the proposed 

approach compared to the optimization approach illustrated in Chapter 4 (DeepOpt). It is 

important to note that the proposed MOGA approach, and the optimization method reported in 

Chapter 4 performed better than the state-of-the-art approaches reported in Tables 27 and 28. 

Since MOGA's design of a RBFNN does not involve too much training data (about 8212 

samples to 24493 samples), while performing comparably or better than approaches involving 

more training data (about 1.3 million samples to 1.4 million samples for DeepOpt), it can be 

seen that resampling the data from 1 second to 1 minute did not alter the performance of the 

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

An experiment was conducted in the public dataset AMPD (Almanac of Minutely Power 

datasets [224]). The AMPD dataset contains water data, natural gas data, and electricity 

consumption data from a Canadian household over a period of two years, in which electrical 

features such as current, voltage, active, and reactive powers are captured at one-minute 

resolution. The experiment was conducted using data collected from April 1, 2012, to April 30, 

2012. The same configuration as the proposed MOGA framework was used to train the models. 

The fridge and the clothes dryer were considered in order to assess the effectiveness of the 

proposed technique within the AMPD public dataset. Table 29 reports the results of the test 

performed on the validation set in terms of power estimation and identification of the 

operational states of the appliances. 

 

Table 29. Results on AMPD public dataset 

Devices MAE (W) SAE EA R P F1 

Fridge 9.13 0.10 0.90 0.91 0.93 0.92 

Clothes dryer 3.53 0.01 0.94 0.99 1 0.99 

 

The analysis of the results reported in Table 29 demonstrates that the operating states of the 

clothes dryer and the fridge were identified with a high F1 score of 99% and 92% respectively. 

The performance in terms of energy estimation shows that the clothes dryer was predicted with 

an estimation accuracy of more than 94%, whereas the fridge obtained an EA score of 90%. 

Figure 5-9 depicts some examples of disaggregation outcome for the fridge. An example of 

disaggregation outcome for the clothes dryer is shown in Figure 5-10. 

 
Figure 5-9. Fridge AMPD. Red, predicted active power, blue, actual active power 
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Figure 5-10. Clothes dryer AMPD. Red, predicted active power, blue, actual active 

power.  

From the analysis of Figures 5-9 and 5-10, a reasonable consistency between the actual 

active power and the estimated active power of the appliances is observed. The estimated active 

power signals are very trustworthy. 

A comparative study was conducted with the work reported in [313] and [314] which use 

the same AMPD public data sets. Indeed, the authors of [313] suggested a modified cross-

entropy (MCE) algorithm based on a combinatorial optimization approach to identify load 

states. The method involves generating a load decomposition while iteratively updating the 

likelihood of the appliance operation and considering the penalty function constraint to find the 

optimal combination of states. In [314], the authors proposed a method based on the probability 

of time-segmented states. In order to collect the power signatures of the load and count the 

probabilities of the segmented states over time, they applied an affinity propagation clustering 

technique. The function chooses the best matrix following the detection of the device state after 

producing a variety of matrix representations of the device states using the likelihood. Table 30 

presents the results of performance comparison of the fridge and clothes dryer in terms of 

operating state detection (F1 score) with the works reported in [313] and [314]. 

Table 30. F1 comparison 

Devices [313] [314] Prop. MOGA 

Fridge 0.92 0.88 0.92 

Clothes dryer 0.23 0.29 0.99 

 

The analysis of the results illustrated in Table 30 shows that the proposed framework 

achieved an F1 score of 92% comparable to the F1 score achieved by the work reported in [313] 

while the work presented in [314]  achieved the worst F1 score of 88%. For the clothes dryer, 
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the proposed framework obtained the best F1 score of 99% while the approaches presented in 

[313] and [314] obtained the lowest scores of 23% and 29% respectively. From these results it 

can be concluded that the proposed MOGA framework performs very well. 

5.7.  Energy consumption estimation in the case study house 

The MOGA technique proposed to disaggregate the four devices presented in Section 5.2 was 

extended to other appliances in the case study home. These appliances are within the range of 

appliances that consume the most electricity in the house. The experiment was conducted using 

one month of data. The results obtained from the data selection and the size of the dataset for 

each appliance in terms of estimation and classification are reported in table 31 and table 32. 

 

Table 31. Data selection results for classification models 

Devices  CH vertices  Training  Testing  Validation  

AC_1  913  28777  8925  8927  

AC_2  1170  28505  9501  9503  

AC_3  569  26777  8925  8927  

AC_4  799  26777  8925  8925  

BS_1  714  26777  8925  8927  

BS_2  638  26777  8925  8927  

Oven  1164  26777  8925  8927  

DM  993  24185  8061  8063  

EAH _1  900  26777  8925  8927  

EAH _2  1386  26777  8925  8927  

EAH _3  1384  26777  8925  8927  

AC: Air conditioner, DM: Drying machine, BS: Burner stove, EAH: Electric air heater.  
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Table 32. Data selection results for estimation models 

Devices  CH vertices  Training  Testing  Validation  

AC_1  1993  26777  8925  8927  

AC_2  913  28505  9501  9503  

AC_3  543  26777  8925  8927  

AC_4  565  26777  8925  8927  

BS_1  881  26777  8925  8927  

BS_2    698  26777  8925  8927  

Oven   1249  26777  8925  8927  

DM  835  24185  8061  8063  

EAH_1  1982  26777  8925  8927  

EAH_2   1309  26777  8925  8927  

EAH_3   2180  26777  8925  8927  

The results obtained after one run of MOGA for each device is an ensemble of the non-

dominated models. Table 33 reports the dimensions of the non-dominated sets for the device’s 

classification models and the energy estimation models. 

Table 33. Dimensions of non-dominated sets 

Devices  Classification  Estimation  

AC_1  444  145  

AC_2  281  86  

AC_3  663  126  

AC_4  131  159  

BS_1  827  81  

BS_2    256  256  

Oven   539  213  

DM  561  59  

EAH_1  636  80  

EAH_2   654  231  

EAH_3   768  443  

 

Once the non-dominated sets are obtained, an analysis is conducted to select the optimal 

models with both good performance and low complexity among the non-dominated sets. 
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Therefore, two models (one model for classification and one model for estimation) are selected 

for each appliance. The results regarding the device operating states identification using the 

selected models in terms of model complexity, number of features, number of neurons in the 

hidden layer, Precision, Recall and F1 score are presented in Table 34. Regarding device 

energy estimation, the results using the selected models in terms of MAE, SAE, EA, number of 

features, number of neurons in the hidden layer and model complexity are presented in Table 

35. 

Table 34. Device state classification results 

Devices 
Recall Precision F1 Nb of features Nb of neurons Model 

complexity 

AC_1 0.92 0.94 0.93 13 20 280 

AC_2 0.97 0.98 0.97 5 30 180 

AC _3 0.94 0.90 0.92 11 28 336 

AC_4 1.00 1.00 1.00 9 11 110 

BS_1 0.59 0.81 0.68 5 23 138 

BS_2   0.86 0.97 0.91 12 29 377 

Oven 0.80 0.97 0.88 19 29 580 

DM 0.96 0.98 0.97 17 29 522 

EAH_1 0.98 0.95 0.96 4 30 150 

EAH_2 0.91 0.89 0.90 9 30 300 

EAH_3 0.74 0.76 0.75 9 18 180 

 
Table 35. Energy estimation results 

Devices 
MAE 

(W) 

SAE EA Nb of features Nb of neurons Model 

complexity 

AC_1 191.0 0.011 0.87 14 18 270 

AC_2 11.0 0.002 0.97 3 17 68 

AC _3 11.0 4e-4 0.98 7 10 80 

AC_4 9.0 0.003 0.97 15 18 288 

BS_1 90.0 0.004 0.86 3 20 80 

BS_2   37.0 0.002 0.90 3 4 16 

Oven 43.0 0.005 0.73 22 19 437 

DM 0.009 4e-4 0.98 3 9 36 

EAH_1 28.0 0.010 0.95 12 13 169 

EAH_2 10.0 0.004 0.99 3 12 48 
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EAH_3 14.0 0.006 0.87 16 6 102 

From the analysis of the classification results reported in Table 34, it is observed an 

excellent F1 score of 100% for the air conditioner (AC-4), while the poorest F1 scores were 

obtained in the detection of the electric air heater (EAH-3: 75%) and the burner stove (BS-1: 

68%). In the first case, it may be possible to use a higher sampling rate, while in the second 

case, the appliance is rarely used and there is a scarcity of detectable data. The remaining 

devices were identified with good F1 values, varying between 88% and 98%. Regarding the 

energy estimation, the results presented in Table 35 demonstrate that the energy consumption 

of the electric air heater (EAH-2) was predicted with an excellent estimation accuracy (EA) of 

99% while the poorest performance was obtained in the estimation of the energy consumed by 

the oven (73%). This poor disaggregation performance results from the fact that the oven has 

many distinct modes of operation, with distinct power consumption, as well as a wide range of 

temperatures. The other appliances were disaggregated with a good estimation accuracy 

varying from 86% to 98%. Figures. 5-11 to 5-21 illustrate the examples of disaggregation 

outcome in terms of estimated active power (red line) and ground truth values of active power 

consumption (blue line) for the devices considered. 

 

Figure 5-11. Air conditionner (AC-1). Red, predicted active power, blue, actual active 

power. 
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Figure 5-12. Air conditionner (AC2). Red, predicted active power, blue, actual active 

power. 

 

 
 

Figure 5-13. Air conditionner (AC3). Red, predicted active power, blue, actual active 

power.  
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Figure 5-14. Air conditionner (AC3). Red, predicted active power, blue, actual active 

power. 

 

 
Figure 5-15. Burner Stove (BS1). Red, predicted active power, blue, actual active 

power,. 
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Figure 5-16. Burner Stove (BS2). Red, predicted active power, blue, actual active power 

 

 
Figure 5-17. Oven. Red, predicted active power, blue, actual active power. 
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Figure 5-18. Drying Machine. Red, predicted active power, blue, actual active power. 

 
 

 
Figure 5-19. Electric air heater (EAH-1). Red, predicted active power, blue, actual active 

power. 
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Figure 5-20. Electric air heater (EAH-2). Red, predicted active power, blue, actual active 

power. 

 

Figure 5-21. Electric air heater (EAH-3). Red, predicted active power, blue, actual active 

power. 

Following the design of the models, an experiment to predict the energy consumption of 

some devices in the case study house using the designed models was conducted. The experiment 

considered only the aggregated data of January 2022. The energy disaggregation results 



141 
 

obtained using the designed models are presented in Table 36. The consumption distribution of 

the devices per phase is reported since the aggregated data were collected using the EM340 3-

phase smart meter. 

Table 36. Distribution of energy consumption in the case study house 

 

From the results of the energy disaggregation presented in Table 36, the swimming pool 

pump (153.14 kWh) and the electric water heater (114.54 kWh), account for the highest energy 

consumption during the month of January 2022 in the case study house. The air conditioners 

(AC2 and AC4) and the electric air heater (EHA2) have consumed roughly 91.98 kWh, 71.74 

kWh and 95.52 kWh respectively during the month of January 2022. The consumption of the 

remaining devices is estimated in the range of 4.22 kWh to 28.40 kWh. The distribution of 

electricity consumption in the case study house during the month of January 2022 is 

summarized in the pie charts presented in Figure 5-22. 
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Figure 5-22. Distribution of electricity consumption in the case study house. 

The overall consumption of the case study household during the month of January 2022 

accounted for 1070 kWh, consisting of 380 kWh for phase I, 470 kWh for phase II and 220 

kWh for phase III. The devices considered in the study represent 66% of the total monthly 

energy usage in the case study household. The majority of these devices are programmable 

besides being responsible for the largest consumption of electrical energy in the house, which 

means that it may be possible to modify their operations without creating too much 

inconvenience for the users. This is particularly the case for HVAC devices (Air conditioners 

(AC 1-4), Electric air heaters (EAH 1-3), Washing machine (WM), Drying machine (DM), 

Swimming pool pump (SPP), and to some extent Electric water heater (EWH)), which represent 

for 60% of the total household consumption. This means that there is a significant flexibility to 

design the electrical profile of the house to meet energy management objectives. Since the case 

study house is equipped with photovoltaic panels and an electricity storage system, the online 
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operation of certain of these electrical devices shall be considered in the new design of the 

model-based predictive control of the HEMS system proposed in [315]. 

5.8.  Summary 

This chapter introduced a low-complexity NILM framework for energy disaggregation based 

on radial basis function neural networks designed using a multi-objective genetic algorithm 

(MOGA). The approach involves the collection and selection of residential house data, the 

extraction of characteristics, the classification of appliances, and the estimation of energy. The 

data were acquired within a real-life scenario in a household located in Faro, Portugal, 

employing a low-frequency sampling rate. The proposed framework demonstrated an excellent 

ability to disaggregate the appliance specific consumption while reducing the data sampling 

from 1 second to 1 minute to enable the usage of low complexity models (a few hundred 

parameters) and of low-cost meters. 

Moreover, a comparative analysis was conducted with other computational intelligence 

classifiers in order to identify the operating states of the appliances. The experiment focused on 

implementing and testing on the same data as those used for the proposed framework, the 

classification algorithms such as SVM, DT, KNN, LSTM, and CNN. The analysis of the 

comparative results demonstrated that the proposed framework performed better in terms of 

identifying the operating states of the appliances. Furthermore, the effectiveness of the 

proposed framework in obtaining the best estimate of the energy consumed by each appliance 

in the household was highlighted by comparing it with other state-of-the-art techniques using 

both distinct and common data. 

The proposed NILM framework enabled the disaggregation of the energy consumption of 

appliances representing 2/3 of the total electrical consumption of the case study household over 

a one-month period. Additionally, it revealed that nearly 60% of the consumption was 

associated with programmable devices, providing more flexibility to the HEMS deployed in 

the house. 
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Chapter 6 Application of MOGA design to a large amount of data 

6.1.  Introduction 

In this chapter, we will analyze and discuss the application of the MOGA design on a long 

period of data. Since electricity consumption is influenced by various socio-economic and 

environmental factors, the distribution of electricity consumption data is not evenly distributed 

over time and within the consumption pattern. Several works have shown that existing NILM 

solutions are not well suited for real-world applications due to their low disaggregation 

accuracy over a larger amount of new data [198]. Indeed, non-electric elements also influence 

energy consumption in buildings. Energy use patterns, for example, are influenced by building 

and consumer factors such as number of occupants, housing type, and consumer behavior. In 

addition, the performance of machine learning algorithms tends to degrade in new contexts, for 

instance when usage patterns are not similar to those on which the algorithms were trained. 

Meanwhile, the generalizability and transferability of the models within an ever-changing data 

distribution is a challenging task for NILM algorithms. Therefore, the ability of the models to 

adapt to these changes and, obviously, to other houses without the need for intensive retraining 

should be considered.   

To tackle this challenge, we will analyze the application of the proposed MOGA approach 

designed using a small amount of data (3 weeks) to a long period of data (one year). The 

remainder of the chapter is structured as follows: Section 6.2 presents a data analysis of the case 

study house. The results of the experiments conducted are presented in section 6.3 and a 

discussion in section 6.4. Section 6.5 summarizes the chapter. 

6.2.  Data Analysis 

As previously mentioned, data are being collected in the case study house since November 2019 

until today (2023). The data are recorded with a resolution of one second which represents 

several tens of millions of records. We have considered a year of data from May 2020 to May 

2021 to analyze the electricity consumption trend in the case study household. Figure 6-1 

presents the total monthly consumption in the case study house during one year.  



145 
 

 

Figure 6-1: Monthly electricity consumption in the case study house. EM represents the 

data measured by the tri-phasic smart meter and WB (Wibee) represents the data 

collected by the different circuit breakers. 

As it can be seen, the monthly consumption varies from month to month with a large 

increase in December and a peak in January. This can be explained by the meteorological 

conditions, which record very low temperatures during these months. Since the smart meter 

used is a three-phase meter, we can observe the electricity consumption related to each phase. 

Figure 6-2 depicts histograms of monthly electricity consumption related to each phase during 

the year. 
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(a) 

 

(b) 
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(c) 

Figure 6-2. Monthly electricity consumption in the case study house by phase. (a) Phase 

1, (b) Phase 2, (c) Phase 3. 

The trend of consumption differs from one phase to another.  This is because different 

loads are attached to each phase (see Table 4 in chapter 4). The consumption of phases 1 and 3 

show the same peaks as the total consumption while the consumption related to phase 2 exhibits 

a slightly different profile. It can also be observed that the devices related to phase 2 are 

responsible for the consumption of more than 53% of the total consumption while phase 1 and 

phase 3 represent roughly 31% and 16% respectively. As already indicated in chapter 4 section 

4.3 in table 5 the circuit breakers or wibees (1, 4, 7, 10, 13 and 16) are associated with phase 1, 

the wibees (2, 6, 8, 11, 15 and 17) are associated with phase 2 and the wibees (3, 5, 9, 12, 14 

and 18) with phase 3.  Figure 6-3 presents the distribution of the monthly consumption 

measured by the circuit breakers associated with phase 1. The monthly distribution of electricity 

consumption measured by the circuit breakers associated with phase 2 and phase 3 are presented 

in figure 6-4 and figure 6-5 respectively.  
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Figure 6-3. Monthly electricity consumption in the case study house by circuits breakers 

(phase 1).  
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Figure 6-4. Monthly electricity consumption in the case study house by circuits breakers 

(phase 2). 
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Figure 6-5. Monthly electricity consumption in the case study house by circuits breakers 

(phase 3). 

 
The distribution of devices by circuit breakers is already presented in table 4, section 4.3 

of chapter 4. It should be noted that the circuit breakers (wibees 1, 3 and 6) are not represented 

because they are responsible for an insignificant part of the consumption (less than 1% of the 

house consumption). This is because the devices attached to these circuit breakers do not 

consume much energy (e.g. alarm for wibee 1, lighting for wibee 3 and motors for wibee 6). 

 

6.3. Experiments and Results 

In this experiment, we considered the one year of data.  A set of appliances within the range of 

the most consuming ones in the case study house and attached to individual circuit breakers are 
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used.  These include air conditioners, burner stoves, swimming pool pump, and ovens. We have 

given the one year of aggregated data to the MOGA previously trained with the 3 weeks of data 

(see chapter 5). The purpose is to identify the operating states of the appliances. The 

classification results are reported in Table 37. 

Table 37. Classification results on one year of data 

Devices Recall Precision F1 

AC_1 0.50 0.86 0.63 

AC_2 0.19 0.29 0.23 

AC_3 0.88 0.35 0.51 

AC_4 0.95 0.85 0.90 

BS_1 0.50 0.27 0.35 

BS_2 0.24 0.89 0.37 

SPP 0.99 0.50 0.67 

Oven   0.68 0.76 0.72 

 

6.4.  Discussion 

The analysis of the results reported in Table 37 reports that the overall performance of the 

models decreased when applying the models on a large data distribution.  Meanwhile, the 

models were able to identify the air conditioners with an F1 score ranging from 23% for AC_2, 

51% for AC_3, 63% for AC_1 and 90% for AC_4. For the burner stoves, the models identified 

BS_1 with an F1 score of 35% and BS_2 with an F1 score of 37%.  The swimming pool pump 

(SPP) and the oven were identified with an F1 score of 67% and 72% respectively. These low 

performances, especially for ACs and BSs, can be explained by the fact that these devices are 

occasionally used in the case study house, resulting in a low number of activations and a high 

number of false positives. The devices also have a similar consumption pattern that makes it 

challenging to identify when two of the same type are operating at the same time. Moreover, 

the aggregate energy consumption distribution changes drastically depending on, for instance, 

the months of the year, the occupancy of the house, etc., thus changing the consumption pattern 

and leading to the deterioration of the performance of NILM models.  

The MOGA models were designed using the data selection approach, which consists in 

selecting the most informative convex points from the training set. We analyzed the 

distributions of the convex points in the training set and the one-year test data, considering only 

one delay for the active and reactive powers. Figure 6-6 shows the sets of data covered by the 

training set and the full one year of data, and the distribution of false positives detected in the 

one year of data for Burner stove. 
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Figure 6-6. Convex points in the training set and the distribution of false positives 

Analyzing the figure 6-6 we can see that the convex points of the training set cover only a 

part of the data when considering the one year data.  The features patterns used to train the 

models have changed radically which leads to a high number of false positives. One alternative 

is to consider a wider distribution of data to train the models in order to capture the maximum 

range of feature patterns. 

6.5.  Summary 

This chapter presented the application of MOGA designed models on a long period of data. We 

first conducted a statistical analysis in the case study house. Following this, the experiment 

focused on data from one-year period. The results showed the limitation of the models to detect 

certain types of devices with good performance over a long period of data. There are several 

reasons for these limitations including the amount of training data representing only a small 

fraction of the appliance consumption patterns, meteorological and socio-economic factors etc.  
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Chapter 7 Conclusions and future work 

This chapter summarizes the content of this thesis and discusses the limitations of the proposed 

work as well as the prospects for future work in the deployment and application of NILM 

systems. 

7.1.  Conclusions 

In this thesis work, computational intelligence techniques for NILM were studied. In fact, the 

total electricity consumption is usually collected at a single point, usually the interface between 

the supplier and the customer. Then, using computational intelligence techniques, this 

aggregated consumption is breakdown into the consumption of specific device attached to the 

household electric panel, providing the consumer with detailed electricity consumption by 

device. Device-specific information has been shown to be an effective tool for enhancing 

energy efficiency at the residential level, which is of the utmost importance in the current 

context of climate change and environmental concerns. Moreover, this information would help 

homeowners to understand how their house consumes energy, allowing them to make wise 

choices about how to reduce energy consumption. This is generally thought to be a very 

individual and dynamic decision-making process that would consider a variety of factors, 

including the characteristics of the house, the homeowners' comfort level, financial constraints, 

etc. Furthermore, device-specific power consumption is also beneficial in several areas due to 

its applicability to home energy management systems, fault detection, ambient assisted living, 

human activity recognition, remote load monitoring services, etc.   

Within all the approaches explored by the research community, this thesis focused on the 

optimization of deep learning models and the design of radial basis function neural networks 

using the multi-objective genetic algorithm for non-intrusive load monitoring, as their 

capabilities and promising performance are at the forefront of feasible enhancements. Since the 

primary challenge of NILM involves the disaggregation of energy, the research work of this 

thesis can be summarized in the following points.  

In Chapter 1, the research context marked by the concerns regarding the increasing global 

energy consumption, the alarming decline of energy resources and climate change was 

discussed. Then, the importance of NILM technology to optimize the energy use in the 
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residential sector was highlighted and its main challenges were briefly discussed. The research 

objectives of this research work were then introduced.  

In Chapter 2, a detailed and comprehensive overview of the current state of the art of NILM 

is presented. First, a brief introduction to the concept of load monitoring is presented. Next, the 

problem of energy disaggregation has been duly stated, followed by a review of the original 

NILM framework. Then, the main components of a NILM system were studied. The data 

collection process, including low frequency data collection and high frequency data collection, 

was presented while highlighting the relationship between sampling frequency and device 

signatures. Following this, the background and research on device electrical signatures, 

particularly steady-state, transient, and non-traditional signatures, was discussed.  Finally, a 

review of the main evaluation metrics typically employed and a survey of the different public 

datasets available in the literature were outlined. The study exposed a number of observations, 

including the fact that the majority of studies have focused on exploring device signatures, and 

that there is still a need to create a comprehensive set of features that can accurately describe 

all forms of signals. An alternative is to use non-energy features that could be mixed with the 

energy features to allow for more accurate detection.  Regarding the evaluation metrics, there 

is no consensus on the most appropriate evaluation metric to use in order to report the success 

of a NLM algorithm.  Therefore, the selection of the most appropriate evaluation metrics seems 

to depend on the method developed. Regarding the publicly available datasets, although several 

datasets have been proposed in the literature, there are some disadvantages that limit their 

practical use, including different data formats, missing data, covering only some developed 

countries, and limited labeling data. Another challenge for state-of-the-art NILM approaches is 

the disaggregation of multi-state devices, which seems to be much more difficult than the 

disaggregation of two-state devices. 

In Chapter 3, a brief overview of the theoretical background for the development of this 

thesis work is presented. First, the basic concepts of machine learning methods were introduced. 

Then, the methods used, CNNs, LSTMs, SVMs, KNNs, and DTs, are briefly described. Since 

the MOGA is used as a framework to define the parameters and input features of RBFNN, its 

associated parameters and input characteristics, given the specified objectives, are studied. 

Finally, an overview of the data selection approach used was outlined. 

In chapter 4, machine learning and deep learning-based approaches for NILM were tackled. 

Many studies in literature have focused on HMMs and their variants generally operating on low 



155 
 

frequency data. However, it has been shown that the complexity of these models grows 

exponentially as the number of target devices increases. Moreover, their scalability and 

generalization capabilities are not very promising. Also, the existing inference techniques for 

state estimation are extremely sensitive to local optima, which limits their application in the 

real world. Thus, since the complexity of the NILM problem increases exponentially with the 

number of devices, it is necessary to address the complexity of the model, e.g., by optimizing 

the solver or by reducing the dimensionality of the input. In this perspective, one of the 

contributions of this thesis is the proposal of an optimization approach based on a hybrid deep 

learning architecture and a convex hull data selection approach. To tackle the problem of 

scarcity and quality of data sets discussed in Chapter 2, low frequency power data were 

collected in a typical house as part of a real-life scenario in Montenegro, Portugal. The case 

study house is equipped with a multitude of households load and several variables are 

monitored. A rigorous analysis of the different electrical features was conducted and thus the 

aggregated active and reactive powers sampled at 1 Hz were adopted as input to the models. 

The data selection approach was to select the most informative vertices of the real convex hull 

by randomly approximating the convex hull. The proposed hybrid deep learning architecture is 

composed of a classification model based on a CNN jointly trained with an estimation model 

based on a bidirectional LSTM model. The results achieved demonstrated the efficiency of the 

proposed approach, reaching F1 values up to 99% and estimation accuracy values up to 98%. 

It was shown that using the proposed data selection approach significantly improves the 

performance of the designed model, especially for multi-state loads. Furthermore, the 

comparative analysis conducted has shown that the proposed optimization approach accurately 

disaggregates the target appliances with better power estimation reliability and F1 score than 

the state-of-the-art methods. 

Chapter 5 is devoted to the proposal of an energy disaggregation algorithm. In fact, the 

quest for low sampling rate disaggregation algorithms to enable potential compatibility with 

widely available residential smart meters is a trend in the NILM sector. Recent developments 

in deep learning techniques have increased interest in NILM research, with extremely 

encouraging results, as exposed in Chapter 4. However, to achieve satisfactory performance, 

these techniques need a lot of training data. This is a significant challenge for NILM algorithms 

due to the scarcity of high-quality labels and durable datasets. Moreover, these methods benefit 

greatly from a large number of training parameters, which in most cases require expensive or 

not readily available processing capacity. Furthermore, NILM algorithms must meet a range of 
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criteria, such as sufficient accuracy to identify the device's operating state, low-complexity 

models, and low-cost hardware. In order to tackle these challenges, we proposed a NILM 

framework based on a low resolution data, thus enabling the use of low-cost meters, and using 

shallow and low complexity NN models. The framework is based on the design of RBFNN-

MOGA, with design data selected by an approximate convex hull algorithm. Many experiments 

were conducted. The first experiment consisted of designing disaggregation models for devices 

exposing a range of power characteristics, from two-state devices to complex characteristics of 

multi-state devices. The proposed RBFNN-MOGA framework achieved very satisfactory 

performance, with models of very low complexity and operating on one-minute data. A 

comparative analysis was conducted to evaluate the RBFNN-MOGA framework against the 

optimization approach proposed in Chapter 4. The results of the analysis showed that the 

RBFNN-MOGA model does not require too much training data, while achieving similar or 

better performance than approaches using more training data, therefore the down sampling of 

the data sampling rate from 1 second to 1 minute did not affect the performance of the RBFNN-

MOGA framework and considerably reduced the amount of data to process. The second 

experiment consisted in using the same data (the data used for the RBFNN-MOGA design) to 

assess the proposed framework versus the state-of-the-art classification methods. Several 

classifiers including SVM, DT, KNN, CNN and LSTM have been implemented. The results of 

the comparative analysis showed that the RBFNN-MOGA framework outperformed the 

implemented methods in terms of identification of device operating states. Another experiment 

was conducted in the public dataset AMPD. The RBFNN-MOGA framework was used to train 

the models. A comparative study was conducted to benchmark the proposed framework with 

state-of-the-art approaches using the public APMD data. The results of the experiment showed 

that the RBFNN-MOGA framework performed better than the state-of-the-art approaches on 

the same datasets. The experiment was then extended to other appliances in the case study 

household. Considering one month of data, the RBFNN-MOGA framework allowed to identify 

the most energy consuming appliances (the swimming pool pump with 153,14 kWh and the 

electric water heater with 114,54 kWh during the month of January 2022). Moreover, it enabled 

the disaggregation of the energy consumption of devices that were responsible for 66% of the 

total electrical consumption of the case study household over a one-month period. Furthermore, 

it revealed that nearly 60% of the consumption was associated with schedulable appliances, 

thus providing greater flexibility to the HEMS system deployed in the house. 
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In Chapter 6, the application of the MOGA design over a long period of data is tackled. 

First, a statistical analysis was conducted in the case study household considering a long period 

of data to highlight the trend and consumption patterns of the house. Then, the experiment was 

conducted using one year's data. The results, including the performance and limitations of the 

models, were discussed. It was shown that the features patterns of the house consumption are 

influenced by several factors, which leads to different appliance signatures resulting in the 

deterioration of the models' performance. Most existing NILM models are designed to learn to 

disaggregate data that are faithful to the target device data used for validation, leveraging 

adequate and varied training data. However, this constitutes a limitation for NLM models, 

making it challenging to adapt them to new data. One alternative is to consider invariant features 

that are more likely to generalize. 

In summary, the methods proposed in this thesis have proven to be effective in addressing 

some of the challenges outlined in Chapter 1 regarding NILM algorithms. The proposed 

methods could be further investigated from both a scientific and practical application 

perspective. 

7.2.  Future works 

The research conducted in this thesis has led to some intriguing ideas for further scientific study. 

One of the challenges of current NILM research is the lack of labeled datasets for a 

comprehensive evaluation and comparative analysis of NILM approaches. This shortcoming is 

mainly due to the fact that the existing labeling procedure still relies on laborious, time-

consuming, and error-prone manual inspection, which prevents the formation of alternative 

labeled datasets. Future research should take this into account and consider the development of 

labeling tools for NILM datasets that would allow users to review automatically created 

annotations, thereby significantly reducing the workload associated with human annotation. In 

fact, the study of disaggregation algorithms should focus on the robustness, disaggregation 

reliability, and scalability of NILM for a larger number of devices so that the detailed device 

consumption information provided by the available smart meters becomes more tangible. 

The discussions in this thesis work showed that computational intelligence techniques 

achieve very high performance when evaluated on the same data domain. However, further 

research will be needed, especially to improve the portability of the NILM architecture, but also 

to acquire more knowledge about invariant feature extraction, in order to generalize the 

resulting models to other houses. One of the main points we want to study is the state duration, 
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which represents the probability that a load remains in a given state for a given amount of time. 

This can help to enhance the classification of loads operating at similar power consumption by 

introducing an additional singularity. 

Finally, although the disaggregation algorithms are primarily focused on single-point 

electrical energy use, a possible direction of research would be to explore other features such 

as time of the day, day type (weekday, weekend, or holiday), season and/or local weather 

information, devices combinations (e.g., stoves and hoods are frequently used together), and 

occupant preferences [30]. For instance, the average outdoor air temperature and consequently 

the season have a strong correlation with HVAC system consumption. However, the effort to 

consider all of these parameters will be a significant challenge. It is also worth noting that the 

information extracted from NILM techniques has the potential to be used in other applications 

such as home energy management systems, energy efficiency recommendation systems, fault 

diagnosis applications, ambient assisted living, recognition of activities of daily living, etc. 
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