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Abstract
The electrical grid is facing profound structural changes due to the increased share of renewable
energy generation dictated by the need to limit climate change impact and dependencies on imports.
However renewable energy generation is variable, uncertain and not controllable, as it depends on
the weather conditions and thus it is not dispatchable like conventional power generation. In the
current grid operation framework, generation adjusts to cover the needs of demand and to keep the
system balanced. Hence, a system integrating a large share of renewable energy sources requires
other sources of flexibility among which demand flexibility that is controllable thanks to smart
grid technologies. Smart grids and digitization of the energy sector through the deployments of
smart meters open up to new business models for the utilities. Metering data analytics provides
insights to the operators to make informed decisions in a close to real-time manner. Indeed, the
analysis of streams of data as they are collected by smart meters can provide detailed information
on the characteristics of the demand that can be used to improve the grid operation and planning.
This thesis addresses the crucial role of metering data analysis in the context of the digitization
of the energy sector. The focus is on the implementation of methodologies for load analysis
(load profiling) and load management (assets detection and management, Demand Response (DR)
analysis) that can be implemented in the real-world and have a substantial positive impact on the
grid operation and planning.
As a disruptive communication technology with large scale deployment, smart meters have raised
privacy concerns. Beyond privacy problems, we first discuss the ethical implementation of smart
grids and how the relationships between utilities and customers could secure investments in
smart grid technologies. Indeed, the future of smart grids relies on the capacity to keep customers
involved. Hence, beyond the technical aspects of smart grids, ethics should be the driver for
decision making concerning interactions with customers.
Load profiling has been used to understand when and how electricity is consumed and to represent
the loads with a limited number of typical load profiles summarizing the load behaviors. We
propose in this work to take advantage of the stream nature of metering data to create a novel
dynamic approach to load profiling using an online adaptive clustering algorithm. The online
adaptive clustering algorithm was benchmarked against state-of-the-art clustering algorithm on a
real-world dataset provided by Radius (Danish DSO) with more than 10 000 customers.
Among the new business models of utilities, assets detection and management for demand
flexibility is probably the most important. Hence, the extraction of information about large
appliances, that could be used to provide services to the grid is needed. We propose to use
Non-Intrusive Load Monitoring (NILM) to decompose the aggregated consumption signal into
individual appliances consumption signals. An unsupervised NILM algorithm is implemented
and benchmarked against state-of-the-art NILM algorithm on the UK-Dale dataset. An application
of the algorithm to the detection of Heat Pump (HP) is also presented.
xiii

xiv

ABSTRACT

The demand flexibility can be harnessed using DR through dynamic pricing. In a price-based
DR framework there is significant variability of the individual response of participants. Hence,
the analysis of the load to evaluate the responsiveness, quantify and characterize the response
is fundamental to understand how the aggregated response is formed. The EcoGrid EU project
in Denmark regroups 1900 participants into a real-world application of DR. The data collected
during the EcoGrid EU project are used to test a responsiveness evaluation protocol as well as
quantification and characterization of the response without the support of a baseline.

Resumé
El-nettet står overfor gennemgribende strukturelle ændringer grundet den øgede mængde af
vedvarende energiproduktion, som er nødvendig for at begrænse klimaforandringerne samt
reducere afhængigheden af import. Da produktion af vedvarende energi er variabel, usikker og
svær at kontrollere pga. afhængighed af vejrforhold, kan den ikke styres påsamme måde som
konventionel elproduktion. I den nuværende drift af el-nettet tilpasses produktionen til efterspørgslen for at holde systemet i balance. Et energisystem der skal kunne integrere store mængder
af vedvarende energi kræver således andre kilder til fleksibilitet, bl.a. fleksibel efterspørgsel som
nu kan styres takket være smart grid teknologier. Smart grids og digitalisering af energisektoren
gennem brug af smarte målere åbner op for nye forretningsmodeller i forsyningssektoren. Metoder
til analyse af målerdata giver operatørerne informationer der kan danne grundlag for at tage
informerede beslutninger tæt pårealtid. Analyser af datastrømme, samtidig med at de bliver
opsamlet i smarte målere, kan uden tvivl give detaljerede informationer om behovskarakteristika
som kan bruges til at forbedre driften og planlægningen af el-nettet. Denne afhandling behandler
den vigtige rolle analyse af målerdata spiller i forbindelse med digitalisering af energisektoren. Der
fokuseres påimplementeringen af metoder til belastningsprofilering (load profiling) og styring af
belastningen i el-nettet (assets detection and management, DR analyse) som kan anvendes i virkeligheden og have stor positiv betydning for driften og planlægningen af el-nettet. Som en disruptiv
kommunikationsteknologi med storskala anvendelse har brugen af smarte målere givet anledning
til bekymring omkring databeskyttelse og privatliv. Udover disse udfordringer, diskuterer vi først
den etiske implementering af smart grids og dernæst hvordan forholdet mellem forsyningssektoren og kunderne vil kunne sikre investeringer i smart grid teknologier. Fremtidsudsigterne for
brugen af smart grids afhænger således af evnen til at involvere kunderne. Udover de tekniske
aspekter omkring brugen af smart grids bør etik således være drivkraften for beslutningstagning
angående interaktioner med kunderne. Belastningsprofiler er blevet brugt til at forståhvornår og
hvordan elektricitet forbruges samt til at repræsentere belastninger med et begrænset antal typiske
belastningsprofiler som opsummerer belastningernes adfærd. Vi foreslår i denne afhandling at
udnytte den kontinuerte strøm af målerdata til at anvende en ny dynamisk tilgang til at lave
belastningsprofiler ved at benytte en online adaptiv clusteringalgoritme. Algoritmen er blevet
bench-market op imod en state-of-the-art clusteringalgoritme pået virkeligt datasæt med mere
end 10.000 kunder som er stillet til rådighed af Radius. Detektion og styring af fleksible aktivers
efterspørgsel er sandsynligvis den vigtigste af de nye forretningsmodeller inden for forsyning.
Derfor er der behov for at kunne udtrække information om store apparater der kan bruges til at yde
service til el-nettet. Vi foreslår at benytte NILM til at dekomponere signalet for det aggregerede
forbrug til signaler for de enkelte apparater. En ikke superviseret algoritme NILM implementeres
og benchmarkes op imod en state-of-the-art NILM algoritme påUK-Dale datasættet. En anvendelse
af algoritmen til detektion af varmepumper bliver ogsåpræsenteret. Fleksibiliteten i efterspørgslen
kan udnyttes ved at bruge DR gennem dynamiske priser. Ved prisbaseret DR er der væsentlig
forskellighed i det individuelle respons fra deltagerne. Derfor er analysen af belastningen, ved
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først at evaluere følsomheden overfor prissignalet, dernæst kvantificere og karakterisere responset,
afgørende for at forståhvordan det aggregerede respons er sammensat. EcoGrid EU projektet i
Danmark regrupperer 1900 deltagere i projektet til en anvendelse af DR i virkelighedens verden.
De data der blev opsamlet i EcoGrid EU projektet bliver brugt til at teste en protokol til evaluering
af følsomhed overfor prissignalet samt til at kvantificere og karakterisere responset uden brug af
en baseline.
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1
Introduction

1.1

The context of digitization in the energy sector

The emergence of the Internet, which was a major technological breakthrough, had an impact on
almost every engineering field. Originally, digital data acquisition and transfer were limited to
some activities like public administration, banking, and retail. Following the development of the
Internet, the exchange of data increased at an exponential rate as households became connected to
the network. Since the beginning of the 21st century, data collection has become part of the physical
world with the democratization of GPS, smart cards for public transportation, smartphones and
more generally Internet of Things (IoT) devices [1]. The development of connected devices and the
physical infrastructures came alongside with the development of computational power allowing
the analysis of large amounts of data in close to real-time. Utility services have also followed the
digitization trend and deployed smart meters reporting consumption. The first utility company to
do so was Enel (gas and electricity utility in Italy) with 30 million smart meters deployed between
2000 and 2005 to automate invoicing and detect fraud [2]. The rest of the Western world followed
quickly and now most countries are in the process of deploying or are planning to deploy smart
meters. Smart meters together with communication networks and data management systems
form the Advance Metering Infrastructure (AMI), which collects the metering data and allows
bi-directional information flows between operators and customers [3].
The modernization of electrical grids into smart grids aims at limiting dependencies on imports
and reducing climate change impact by integrating an increased share of Renewable Energy
Sources (RES) [4]. The deployment of smart grid technologies induce important structural changes.
Electrical grids were originally designed to transport and distribute electricity from controllable
(e.g., nuclear, hydro, gas or coal fired) power plants to customers so that the generation would meet
the demand at any time to keep the grid balanced [5]. The integration of weather-dependent RES in
the electrical grid increased uncertainty and variability on the generation side. A higher resolution
of the metering data provides close to real-time data that can be used to adjust the generation to
the demand in a more cost-efficient manner exploiting the flexibility of the grid. Utilities have
many flexibility options to balance a system with large share of RES [6], (i) fast ramping generators,
(ii) curtailment, (iii) storage, and (iv) demand flexibility. The solution lies in a combination of all
these flexibility sources, among which demand flexibility is the most cost-efficient. Most of the
smart meters have a two-way communication protocol, which allows for both sending metering
data and receiving incentive signals. Hence, Demand Side Management (DSM), the action of
modifying the aggregated consumption of customers, could be implemented on a large scale to
exploit the potential flexibility of the demand and compensate RES inflexibility [7].
Smart meters, despite the name, are nothing more than digitally-connected meters. The grid
becomes smart because of the analysis and exploitation of the information contained in metering
data. Indeed, for utilities, the paradigm has drastically changed from a lack of data, i.e., one
1
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data point per year per customer, to streams of data, i.e., one data point per hour (down to 15
minutes) per customer. The methods used to estimate the patterns of consumption based on the
yearly consumption should now summarize them into a limited number of informative patterns.
Moreover, additional information on the large and potentially flexible appliances can now be
unveiled providing more accurate and detailed insights on load behaviors. The analysis of metering
data can be divided into three branches [8], (i) load forecasting (e.g., individual and/or aggregated
loads), (ii) load analysis (e.g., bad data detection, thief detection, and load profiling), and (iii) load
management, (e.g., customer characterization, Demand Response (DR) program marketing, DR
implementation). As a disruptive communication technology, smart meters raise some concerns.
The implementation of smart grid technologies has shown that customers bear the risk as they are
exposed to privacy breaching, while the benefits of smart meters are mostly on the utility side. The
role of customers is changing, but the position of the customer in a smart grid organization is not.
Smart grids should place customers at the center of the electrical grid. The need for metering data
and analysis is not questioned, but the way they are used as well as the contributors are.

1.2

What can metering data be used for?

The objective of this thesis is to propose data analytics that take advantage of the quantity and the
nature of metering data to provide insightful information to utilities to improve efficiency and
sustainability of smart grids [9]. More precisely, it will focus on load analysis and load management
analytics.
The growing amount of metering data has opened doors to analytics in the energy field. Moreover,
the deregulation of the power industry has increased competition between energy providers.
Innovative solutions in terms of tariffs or consumption insights are the main leverage to increase
market share. Hence, analytics, which could be defined as the process of transforming data into
insights, has a key role in this process [10]. A component of metering data measures human
activities in relation to electricity. Hence, load behavior inherits partly the characteristics of
human behavior consisting of habits (predictable) with well-scheduled activities, and changes
(stochastic), which are difficult to predict. It becomes particularly true when considering important
changes in the loads due to the acquisition of Electric Vehicle (EV), Photovoltaics (PV), Electric
Heating (EH) and Air Conditioner (AC). Consequently, energy data analytics should require little
(semi-supervised) or no (unsupervised) training to handle changing behaviors. Because of the
ethical implications of data analytics, the role of the utilities in building a trust relationship with
customers, which is an important part of smart grids success is also discussed.
Why should ethical smart grids be the end goal?
Authors in [11, 12] have underlined the need for more ethics and respect for privacy in the
implementation of smart grids. Indeed, the long term development of smart grids relies on
the active involvement of customers. Hence, customers are becoming key actors of smart grids.
However, the deployment of smart meters and the metering data collection raises some questions
on how customers are considered in the actual framework. The structural changes of the grid have
modified the responsibilities of the actors, but the relationships between them have not evolved
yet. The main issue raised by associations of customers is privacy breaching [13], but profound
changes have to occur in the relationship between utilities and customers who are not merely
consumers anymore. Before presenting the data analytics developed in this thesis, it is essential to
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contextualize the use of metering data and understand under, which conditions it could have a
positive impact on the smart grid and society.
How can load profiling be rethought by profiting of the stream nature of metering data?
In view of the growing metering data availability, more data-driven approaches are implemented.
Load profiling using clustering has become state-of-the-art [14]. It is an improvement from simply
categorizing customers by activities. However standard clustering approaches generate static
typical load profiles, that do not take into account possible non-stationarity of the loads [15]. The
algorithm has to be rerun to update typical load profiles in order to handle possible new trends
in the load pattern. Considering the extensive size of the pool of customers to cluster, such an
operation is time-consuming. Hence, looking closely at load patterns, three characteristics of
their dynamic can be observed (i) stationarity, a load replicates over time; (ii) non-stationarity,
a load changes pattern over time; and (iii) disruptive, a load follows a pattern never observed
before. Our solution to answer this question and handle these characteristics is to implement an
online adaptive clustering algorithm. The online part of the algorithm handles both stationary and
non-stationary loads while the adaptive part allows the clustering to adjust to disruptive loads.
How much can we learn about appliances from metering data?
Utilities have approximated information, given by customers, about the appliances installed in each
household. Beyond the standard domestic appliances, large power consumption and potentially
flexible appliances (e.g., Heat Pumps (HPs), EH, ACs, EVs) are of interest to utilities [7]. Indeed,
in the context of DSM these appliances are assets whose flexibility can be harnessed to provide
services to the grid. Knowing precisely where assets are located on the grid topography allows to
implement targeted recruitment of these customers into efficiency programs and manage assets
optimally [16]. For example, the growing share of EVs could create important imbalances that
could be prevented through the use of smart charging facilities [17] although the EVs have to
be located first. We suggest developing a multi-purpose methodology based on Non-Intrusive
Load Monitoring (NILM) approach to learn more about the load behaviors of assets. In contrast
to state-of-the-art NILM methodologies, our approach is unsupervised, thus requires no training
dataset with individual appliance consumption, which means that it can be applied to real-world
dataset.
How can demand response be quantified and characterized in a data-driven manner?
Demand response is a complex framework that uses many control elements: smart home controllers,
two-way communication smart meters, encryptions [18]. In theory, they all work perfectly together.
In practice, troubleshooting has to be done and can result in a chaotic situation and be extremely
time-consuming if the malfunctioning pieces of equipment are not identified. A test protocol
is necessary to evaluate the responsiveness of equipment in each household, to detect potential
malfunctions, and prioritize maintenance tasks. Furthermore, the amplitude of the response
has to be evaluated to reward participants according to their contribution. Both quantification
and characterization of the response have to be considered [19]. Indeed, quantification does not
say anything about the dynamics of the response. The state-of-the-art evaluates the response
using a baseline describing the load ‘if’ no incentives were received. Baselines are conceptually
problematic as they rely on forecasting models that are trained using data with no DR, which
are usually collected before the DR program starts. As the error of a model increases with the
forecasting horizon, baselines present larger errors the longer the DR program lasts.
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Scientific contributions

The energy sector digitization is part of the grid modernization process that was imposed by the
increased share of RES [4]. The modernization of the grid not only modifies the grid structure but
also the relationships between the actors. From a customer point of view, the goal of modernizing
grids is not well understood and customers have been expressing distrust in the utilities in France,
the Netherlands, the United Kingdom as the deployment of smart meters is occurring [20]. [Paper
A] gives an overview of the context of smart meter deployments and metering data use to explain
how legitimate concerns about the installation of smart meters and the uses of high-frequency
metering data can engender distrust in the utilities. This work aims at presenting alternatives
towards an ethical smart grid with more rewards for risk takers and better distribution of the
benefits. Smart grids and deregulation of the power industry redistribute responsibilities between
actors. Therefore, their roles should be modified; (i) customers are providing more information
to the utilities through metering data and utilities are losing some control to aggregators, and
(ii) customers are expected to provide services to the grid by changing their electricity consumption.
Smart grids require active customers. It is not possible without a minimum of fairness, ethics, and
respect for the role of each stakeholder. Smart meters are so far mostly used for billing purposes,
grid maintenance and operation.
Load profiling, displaying the patterns of electricity consumption, provides insights for grid
maintenance and operation. In the actual grid framework, the utilities had an approximate idea of
the aggregated load profiles at different grid levels and how much electricity should be generated
in each hour through the use of typical load profiles. Typical load profiles were implemented as the
average daily pattern of each category of customers (e.g., grocery store, offices, demographics for
domestics) over periods of time [14]. The typical load profiles are representative of categories only
under the assumption of relative stationarity over the period and homogeneity in each category.
Load profiling was constrained by the lack of data to obtain more accurate typical load profiles [21].
A large amount of metering data has changed the way typical load profiles are generated and
today’s state-of-the-art is data-driven through clustering approaches [22]. Indeed, clustering,
summarizing a large set of loads through a limited number of cluster centers, is intuitively a
suitable approach to generate typical load profiles from all metering data. Clustering tackles down
the assumption of homogeneity of the categories as a category can be associated with many clusters
representing subpopulations. However, clustering still relies on the assumption of stationarity,
which is legitimately arguable as loads reflect human activities. We suggest to take advantage of the
stream nature of metering data to cluster loads handle stationary, non-stationary, and disruptive
load patterns. In [Paper B] an online and adaptive clustering algorithm is presented. It updates
typical load profiles and adjusts the clustering to the data structure.
Clustering is the first step towards more advanced analytics on the demand side. Considering
the amount of metering data collected and the challenges posed by smart grid operation and
maintenance, much more can be done with the available data [23]. Metering data, and more
specifically the information extracted from the data, has become the center of load management. The
gap between metering data and machine learning was filled in the 1990s with the conceptualization
of NILM, but it only became a new field of machine learning in the 2010s with the release of
high-frequency consumption dataset and the increased computing power capacities [24, 25]. NILM
consists in individualizing electricity consumption signal of appliances from the overall electricity
consumption signal. Hence, information on the power consumption of individual appliances can
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be obtained. The state-of-the-art approaches are variations of Hidden Markov Models (HMMs)
and Artificial Neural Networks (ANNs),which both are supervised learning approaches requiring
extensive training data and computational power [26]. [Paper C] presents an unsupervised NILM
methodology, which is performing as well as state-of-the-art methodologies and shows stable
performances with the degradation of the resolution. NILM applications have been limited to
give customers feedback on the consumption of each appliance [27]. The unsupervised NILM
methodology has been adapted to detect the presence and characterize the load behavior of targeted
appliances (e.g., EVs, HPs, EH) to Distribution System Operators (DSOs). Such appliances can
thereafter participate in a DR program to provide flexibility to the grid. Hence, they are strategic
assets as they can either contribute to the unbalance or provide services to smart grids [16]. The
approach is using a Bayesian framework to create a definition of the load behavior of a targeted
appliance and detect its presence in households. An example using the EcoGrid EU dataset to the
detection of domestic HPs is presented in [Paper D].
When customers owning assets like HPs are localized, they can be contacted to join a program like
DR. The implementation of a DR framework is complex and relies on the communication between
many devices (controllers, smart meters, central market) [28]. However, no work has been done
on designing a protocol to identify households with faulty non-responsive equipment in order to
do troubleshooting and maintain the DR capacity of the pool of participants. [Paper E] presents
a protocol using a clinical trial approach to identify non-responsive households. Resources can
then be allocated to solve non-responsiveness issues. In operation, the potential response is a
portion of the flexible load capacity that depends on the initial conditions (i.e., indoor temperature,
comfort settings) at the time of receiving a DR incentive. The usual way to quantify responses is
with the support of a baseline, which is either a forecast of the participant consumption using an
auto-regressive model trained on data collected before the DR framework starts or a representative
set of participants, which are not receiving incentives [29, 30]. Nevertheless, baselines are biased
either by the choice of model or the selection of participants to form the baseline. Hence, evaluating
the response of participants without a baseline would reduce the bias. [Paper F] proposes a
methodology to characterize and quantify the response of individual households in a real-time
pricing DR framework without using a baseline. Characterizing and quantifying responses provide
feedback to operators thus learning more about the behavior of the loads during DR event and can
be used to fine-tune the incentives.

1.4

Thesis outline

This thesis is structured as follows. Part I is a report presenting the fundamental concepts that form
the core of this work and summarizes the scientific contributions disseminated in the publications
written during this Ph.D. project. Within this part, Chapter 2 corresponds to [Paper A] and gives
perspective on the use of metering data and emphasizes the need for more ethics in the smart
grid implementation. The methodologies that have been developed and their main results are
reported in Chapter 3–5. In more detail, Chapter 3 focuses on load profiling and presents the
implementation of an online adaptive clustering algorithm that accounts for highly variable loads.
In Chapter 4 NILM is presented and an unsupervised NILM methodology using sparse signal
approximation, clustering, and community detection is reported. Chapter 5 outlines the need for
analysis of response in a DR framework and presents methodologies to evaluate the responsiveness
of participants to characterize and quantify responses. The reporting closes with conclusions and
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suggestions for future work in Chapter 6.

Part II contains all the publications that contribute to this thesis:
• Paper A is a manuscript submitted to Energy Policy. This paper provides a discussion on the
need to build ethical smart grids, which would be the basis of a long-lasting trust relationship
between utilities and customers. The context of today’s information technology, privacy, and
data protection is developed as it influences the perception of smart grid technologies. The
focus is then on how bad practices regarding deployments of smart meters and metering data
uses can jeopardize smart grid implementations and how ethical behavior can improve it.
• Paper B is a journal article published in Sustainable Energy, Grids and Networks. This paper
presents an online and adaptive clustering algorithm to generate dynamic typical load
profiles. This methodology is benchmarked against state-of-the-art clustering algorithms
used in the load profiling literature. It is also implemented with district heating consumption
data to illustrate its potential application beyond the electrical engineering field.
• Paper C is a manuscript submitted to IEEE Transactions on Smart Grid. This paper introduces
an unsupervised NILM (i.e., energy disaggregation) algorithm using sequentially sparse
signal approximation, clustering, and community detection to individualize appliances
consumption. It compares its performance to the state-of-the-art NILM algorithm as well as
the evolution of the performance with the degradation of the data resolution.
• Paper D is a peer-reviewed conference article in the Proceeding of IEEE PowerTech Conference
(2019). The paper is a use case application of the methodology described in [Paper C] to the
detection of domestic HPs. It is a semi-supervised approach where first a prior definition of
the HPs behavior is learned using a probabilistic Bayesian framework then the definition is
used to detect HPs.
• Paper E is a journal article published in IEEE Transactions on Smart Grid. This paper proposes
a methodology to evaluate the responsiveness of controllers installed in households in a DR
framework. A test protocol has been developed and standard clinical trial statistics have
been used to evaluate if the responses in the test group are significantly different from the
one in the control group.
• Paper F is a peer-reviewed conference article in the Proceeding of IEEE PowerTech Conference
(2017). The paper introduces a methodology to evaluate quantitatively and qualitatively
response of households in a DR framework without defining a baseline. A clustering based
on the distance to the price signal is used to group participants to perform a standard finite
impulse response and methodology using independent component analysis is implemented
to characterize the responses.
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The Ethical Smart Grid: Enabling
a Fruitful and Long-Lasting
Relationship Between Utilities
and Customers
This chapter proposes to discuss why the relationship between the utilities and the customers is fundamental
in the future of smart grids. Beyond the technical aspects that ultimately shape the possible implementation
of the smart grid, we want to emphasize its human aspect. The general context of data collection and privacy
is indissociable from the customers’ perception of smart meters, which is their entry point into the smart grid.
The focus is then placed on the expected role and benefits of the different actors to highlight misalignments
and bad-practices before proposing solutions to the implementation of more ethical smart grids. This chapter
is [Paper A] as is.

2.1

Introduction

The European Union’s (EU) energy policy is facing unprecedented challenges due to the increased
dependencies on imports, scarce resources and the need to limit climate change [4]. Ambitious
energy efficiency programs have been developed to tackle these challenges. Indeed, since 2009
and the 2020 Climate & Energy Package’s road map to the 20/20/20 targets [31], EU has driven
towards a greener energy sector to achieve energy efficiency, energy independence, and last but not
least to reduce greenhouse gas emissions.
As most of the issues on power systems are observed at the distribution level, the program requires
a modernization of the grid to foresee potential issues and to have a pervasive control to prevent
them [5]. Information and communication technologies form the foundations of the smart grid
pyramid (Figure 2.1), which support more advanced infrastructures. The Third Energy Package,
adopted in 2009, strengthens the internal European market for gas and electricity by securing a
competitive and sustainable supply of energy to the economy and the society [32]. To reach this
goal, the EU has set the target of 80% of households equipped with smart meters by 2020 [33]. Smart
meters are deployed to provide more transparency to consumers (billing, price, consumption), to
improve awareness on energy consumption and empower the consumers to modify their energy
behavior using metering data [32]. On the utility side, smart meters’ data will help them to increase
the efficiency and the reliability of the grid. In this paper, we define a utility as an entity that is
given responsibility for the maintenance and operation of some infrastructure of public value and
used for public service. As displayed in Figure 2.1, smart meters constitute the first fundamental
application that involves customers. The perception of smart meters by customers will condition
7
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Figure 2.1: The Smart Grid pyramid (Source: [5]).

the future of smart grids in their capacity to transform customers into actors of the grid through
the use of Demand Side Management (DSM) [20, 34, 35].
At the same time, concerns are raised about a possible backlash of domestic customers [36]. Indeed,
the perspective of having smart meters reporting electricity consumption at high resolution in every
home has engendered irrational fear (e.g., health issues and domestic accidents) and legitimate
questions about the need of smart meters and their impact on privacy [12]. The concept of privacy
has drastically evolved, from Aristotle making the distinction between the public sphere and the
private sphere, to the creation of the right to privacy [37]. With the emergence of information
technology, the legal framework has evolved to protect data and by extension data subjects. The
legislation on data protection and privacy limits the legal use of data, but it also defines the limits
of a gray area on how to handle customers and their data [38]. Even if the decisions made are
in line with the existing legal framework, they can have a substantial (and potentially negative)
impact on the future of smart metering and smart grid deployment plans by extension [39]. It is
where ethics is fundamental. It is defined as "A system of moral principles, which deals with what is
good or bad for individuals and society. It is a collection of fundamental concepts and principles on an ideal
human character that enables people to make decisions regarding what is right or wrong. Ethics is a code of
conduct agreed and adopted by people in a society, which sets the norms of how a person should live and
interact with other people." [38].
Following this definition, an ethical and human perspective has to be placed on the smart grid
technology, especially its extensions smart meters and the data they generate. The foundations of
the smart grid are put in place today. Hence, it is essential to understand the perspective of the
customers to build ethical smart grids to build a fruitful and long-lasting relationship between
utilities and customers [39].
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In this paper, we argue that beyond the technical and legal issues, ethics should be the driver
for decision-making. The EU regulation defines a legal framework in which the utilities can
implement the deployment and exploitation of smart meters with more or less focus on customers.
However, the long term development of smart grid technology will change the status of consumers
to prosumers and they should be treated as such: collaborators providing services to the grid. In
an era where leakage of data is making newspapers’ headlines regularly, this is the only reasonable
way to build a sustainable relationship between domestic customers and utilities. Hence, a balance
between the necessity of data to build the smart grid and the respect of the customers as partners
has to be determined.
The following discussion is delimited by the legal and technical background of the roll-out and
smart meters data utilization concerning privacy and data accessibility (Section 2.2). However,
privacy is not only dependent on the legal and technical aspects, but also depends on what the
citizens are willing to give. As privacy is the most critical issue raised with smart meters, it is
crucial to understand what we mean today by privacy and what is really at stakes in this context
when it is jeopardized (Section 2.3). In terms of ethics, the transition to smart grid redistributes the
cards between utilities and consumers (prosumers) as the latter has a more prominent role now
than before (Section 2.4). Customers are also exposed to giving away sensitive data to utilities. It
has to be acknowledged and rewarded in an ethical manner (Section 2.5). The conclusions are
gathered in Section 2.6 while opening up to broader perspectives.

2.2

Legal and technical background in relation to smart meters’ data privacy

The legal framework of data protection and privacy has evolved, mainly due to the emergence
of new technologies and new threats to privacy they create [20]. Here we aim at giving the
background to both legal and technical aspects that are shaping data collection and use of data
generated by smart meters. It scopes what is legally possible in Europe and how the technical setup
decided by each Member State shapes the relationship between customers and utilities during the
roll-out and after.

2.2.1

A compact historical review of the right to privacy in EU legislation

The origin of the right to privacy can be traced back to the Universal Declaration of the Human
Rights (article 12) in 1948 [40]. It states that ‘ No one shall be subjected to arbitrary interference with
his privacy, family, home or correspondence, nor to attacks upon his honor and reputation. Everyone has
the right to the protection of the law against such interference or attacks’. It aims at protecting the right
and interest of individuals rather than the data itself as data collection appeared to generate an
unexpected impact on an individuals life. Soon after, the Council of Europe strengthened it in the
European Convention on Human Rights [41].
The growth of information technology in the 1970s, especially in the public sector and in the banking
industry, pushed the Committee of Ministers to the Member States to write 2 recommendations
(Resolution 23 and 24) stating that every individual whatever his nationality or residence should
have respect for his right to privacy with regards to automatic processing of personal data. These
resolutions were received positively and the Council of Europe, which had an impact beyond
Europe, as 46 countries ratified it [42]. It defines the concept of personal data as ‘any information
relating to an identified or identifiable individual (‘data subject’)’ and sets the foundation of data
protection at an international level. The Convention aims to protect individuals against unjustified

10

CHAPTER 2. THE ETHICAL SMART GRID

collection, use, and dissemination of personal data. It then implicitly defines what will later be
called legitimate purpose.

After years of negotiation between the Member States, the Data Protection Directive (Directive
95/46/EC) was adopted in order to harmonize the legal framework [43]. Some precisions were
added to the definition of personal data about what identifiable meant; ‘ an identifiable person is one
who can be identified, directly or indirectly, in particular by reference to an identification number or to
one or more factors specific to his physical, physiological, mental, economic, cultural or social identity’. It
remains broad on purpose to extend its application to future information technologies. Despite
being implemented on the same basic principles, it has generated different applications1 . The Data
Protection Directive has articulated around three points; (i) transparency: information on personal
data being processed; (ii) legitimate purpose: specification, explicit and legitimate of the purposes
of the data collection; and (iii) parsimony: adequacy to the purpose of the personal data collected.
Article 7 stipulates the lawful basis to process personal data:
(a) unambiguously consent; or
(b) processing is necessary for the performance of a contract; or
(c) processing is necessary for compliance with a legal obligation; or
(d) processing is necessary in order to protect vital interests; or
(e) processing is necessary for the performance of a task carried out in the public interest; or
(f) processing is necessary for the purposes of the legitimate interests pursued by the controller
or by the third party.
In order to harmonize the Data Protection Directive among the EU Member States, the European
Commission proposed the General Data Protection Regulation (GDPR) in 2012 [44]. It generalizes
the basic principle of the Data Protection Directive and develops some further rules that apply to
all data collected inside the EU by European or non-European organizations.
The main changes on the rights of the data subjects and responsibilities of controllers and processors
concerning data protection and privacy of the data subject are:
• Explicit and provable consent (instead of unambiguous consent)(Article 7).
• transparency and modalities: The data controller should inform and communicate with the
data subject in a ‘concise, transparent, intelligible and easily accessible form, using clear and plain
language’ (Article 12(1)). It should also facilitate the exercise of the data subject rights (Article
12(2)).
• Rectification and erasure: A person has the right to ask for his data to be erased (Article 17);
to restrict the processing under certain condition (Article 18); to transfer personal data from
one service to another (Data portability Article 20).
• Right to object to automated individual decision-making (Articles 21 and 22).
1 As

an EU Directive, it applies to all Member States, but each Member States transposes it in its national law
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• Data protection by design and by default: The data protection and privacy should be included
in the development of the service and the privacy settings should be set to a high level by
default (Article 25).
• Communication of a personal data breach to the data subject (Article 34).
From the foundation of the right to privacy to the GDPR, the definition of privacy and data
protection had to be updated according to the development of information technologies, which
is going at a hectic pace. Nevertheless, the following discussion on smart meter data and their
ethical use is bounded within the EU by this legal framework.

■ Wide scale(≥80%)roll-out by 2020
■No wide scale(<80%) roll-out by 2020
■Selective roll-out by 2020
■New EU member state
■No data available
■ Voluntary
■Mandatory
■Mandatory with possibility to opt-out

Figure 2.2: Map of the roll-out of smart meters in Europe [45].

2.2.2

A review of roll-outs and setups of smart metering in the EU

In the case of smart meters, the technological possibilities, as well as deployment strategies, are
directly related to the problem of privacy and ethics. The scale of roll-out is decided based on a
Cost Benefit Analysis (CBA), described in [32], which concludes whether the roll-out should be at
least 80%, less or just selective. However, the roll-out strategy is entirely left to each EU Member
State, which gives a broad diversity of setups and subsequently different data flows. Table 2.1 gives
an overview of the roll-out status of the different Member States in 2014. The map in Figure 2.2
presents the roll-out scale as well as the recruitment strategy. Table 2.1 and Figure 2.2 give an
overview of the diversity and the number of parameters to take into account in the roll-out of smart
meters in EU. Temporal disparities are also observed; Italy and Sweden had already completed the
deployment of smart meters before the adoption of the Directive 2012/27/EU. The Netherlands had
planned an early deployment, but the roll-out, which was initially mandatory has been challenged
by consumer protection organizations that sued the State to obtain the possibility to opt-out [13].
Smart metering has also changed the responsibilities of the Distribution System Operator (DSO)
and Transmission System Operator (TSO) as they have to handle a large amount of data. Figure 2.3

CHAPTER 2. THE ETHICAL SMART GRID
12

resolution

implementation/ownership

storage

Financing of the roll-out

Table 2.1: Overview of the roll-out (in 2014) in the EU. Source: [45]
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missing information

roll-out scale

e

Member State

New Member State

Metering & network tariffs
Network tariffs
NA
NA
NA
NA
Network tariffs
Network tariffs
Network tariffs
NA
NA
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Funded by suppliers
NA
Network tariffs
DSO & Network tariffs
Network tariffs
Network tariffs
Network tariffs
Network tariffs
Network tariffs
Network tariffs
DSO & Network tariffs
Network tariffs
DSO & Network tariffs
NA
Network tariffs & SM rental
DSO &Network tariffs
d

DSO
DSO
NA
NA
DSO
Central Hub
Central Hub
Central Hub
DSO
DSO
DSO or meter operator
DSO
Central Hub
NA
DSO
DSO
DSO
DSO
DSO
DSO
DSO
Central Hub
DSO
DSO
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DSO
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To be announced

DSO
DSO
NA
NA
DSO
DSO
DSO
DSO
DSO
DSO/municipalities
DSO or meter operator
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Supplier
NA
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DSO
DSO
DSO
DSO
DSO
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DSO
NA
DSO
DSO
c

15 min
NSb
NA
NA
NS
NS
15 min (hourly before 2011)
hourly
1 hour (RT optional)
10-30 min
15 min
NS
30 min (10s to customer)
NS
30 min (10s to customer)
10 min
NS
NS
NS
NS
NS
NS
15 min
NS
15 min
NS
NA
hourly
Not Specified

+
NA
NA
NA
+
+
+
+
+
+
+
+
NA
+
NA
+
+
Inconclusive
+
NA
NA
+
b

95%
<80%
TBAc
NAe
TBA
1%
100%
100%
100%
95%
23%
80%
99.5%
TBA
100%
99%
23%
<80%
95%
100%
100%
80%
<80%
80%
23%
TBA
100%
100%

Cost-benefit analysis

Austria
Belgium
Bulgaria
Croatiad
Cyprus
Czech Republic
Denmark
Estonia
Finland
France
Germany
Greece
Great Britain
Hungary
Ireland
Italy
Latvia
Lithuania
Luxembourg
Malta
Netherlands
Poland
Portugal
Romania
Slovakia
Slovenia
Spain
Sweden
a
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is a schematic representation of the flow of data and actions between the different actors. The
roles of the data controllers, data protection officer and supervisory authority are defined in the
GDPR [44] and are taken in most cases by the DSO, TSO, or independent organism [46]. It could
be considered in the context of smart metering as the perfect flow of data according to [47].

Some parameters, like the resolution of the data, the access to metering data and the implementation/ownership, have a direct impact on the setup and thus the data flow as shown in Figure 2.3 as
well as the capacity of the customer to modify its consumption. The range of possibilities makes
it difficult to standardize. However, most of the DSOs, as responsible authorities of the roll-out,
(will) face the same ethical problems with their customers.
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Figure 2.3: Interaction of actors and flow of smart meter data as described in the GDPR. Source:
([46]).

2.3

What privacy today?

Privacy is a generic word used to describe what we perceive as relating to private matters.
Nevertheless, the definition of privacy is evolving. In this section, we give some examples
revealing today’s state of privacy and how much data we accept to give to obtain a service. A
discussion is as well open on what is at stake when we talk about privacy breaching.

2.3.1

The state of privacy in the big data era

We have entered a new era called the ‘Big data era’ [48]. Despite the term ‘big’, the root of big
data pertains to (i) volume: the quantity of data being collected is growing exponentially [49];
(ii) velocity: The resolution at which data is being collected increases steadily; and (iii) variety:
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The sources of data are getting more diverse. From the Data Protection Directive, data can be
categorized into two types, personal data, which are protected by law and the non-personal data
[50]. Hence, to go around restrictions on the use of personal data, the best way is to collect more
non-personal data that can be combined to create a unique profile, defining an individual.
On the Internet, the most generic data collected concerns navigation information (i.e., browsing)
and clicks. Cookies, saved on each computer, have been used to collect navigation information on
users. Users’ navigation information is then used to generate targeted advertisements. In Europe
and until 2011, websites were not asking for consent on using cookies. In 2011, the so-called
‘EU cookie legislation’, Directive 2009/136/EC, detailing the use of cookies was added to Directive
2002/58/EC on digital user rights [51]. It stipulates that cookies ID are considered personal data
from now on, and requires any website to ask for users’ consent to retrieve information stored on
cookies. Despite the efforts of the European Commission to regulate the exploitation of navigation
information, new ways of collecting that information were already implemented. In order to
optimize their visual aspect, websites collect information concerning the hardware (e.g., screen,
computer) and the software (i.e., the browser type and version) with the genuine aim to give
the best user experience. However, it can form a unique combination, which is called a ‘browser
fingerprint’ [52]. To be close to unique the fingerprint of a browser requires approximately 17
parameters. Thereby cookies are becoming obsolete and the online advertising business is still
monetizing browsing information while avoiding legislation.
Google and Facebook emphasize concerns about data privacy as they have always been at the
forefront of the data monetizing business models, providing services for free and monetizing
data via advertisement. Thanks to the dimensions of their pool of users, they are self-sufficient in
data to feed their advertisement algorithm. In 2017, Alphabet’s (parent company of Google and
Youtube) and Facebook’s digital advertisement revenues combined represented a gigantic 191,8
Billion US dollars (respectively 123.5 B$ and 68.3 B$), which represents half of the global digital
advertising revenue [53]. In itself, the use of data for targeted advertising is not much of a problem
and can be considered as annoying when it is excessive. The problems come out of the methods
used to maximize revenues.
Facebook generates a unique dataset, which appeals to psychometricians studying human behavior.
The collection of likes from users can be used to generate precise psychological profiles like the
‘Big five’ [54–56]. The Cambridge Analytica Scandal made citizens aware of how a breach into the
security could contribute to private interests. Data from 100 000 of Facebook’s users were initially
collected with their consent for research. Despite rules and Non-Disclosure Agreements, access was
given to Cambridge Analytica, which extended the data to 30 million users using interconnections
between friended users. Data was after that not used for research, but to influence opinions through
the targeted advertising algorithm of Facebook. The use of the data is thus not as questionable as
the purpose. The exploitation of such a unique dataset for research purposes is valuable. However,
the use of such a dataset for influencing opinion is a serious law infringement [57].
The ‘privacy by default’ Article in the GDPR, has probably been designed based on the experience
with Facebook’s default privacy settings. Indeed, Facebook’s privacy settings were left to a
minimum level so that user’s profiles could be searchable, and partly visible to all members, thus
increasing traffic [58, 59]. From a user’s point of view, they have to know (i) that access to their
account is not restricted to ‘friends’, and (ii) that they should know how to restrict access [59]. The
configuration as default to the lowest security settings is questionable from a user perspective, as
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their personal information is not protected by default despite the existence of such parameters.
Social networks benefit from data placed in them, but they benefit even more of connections
created between user profiles (see [60] for more information) and generate their advertisement
revenue from the traffic. Usually, users become aware of privacy issues, when terms and privacy
policies have to be updated and some may modify their privacy settings, but the vast majority
does not, as it is a non-trivial operation [59].
The use of smartphones and smart city application (e.g., public transportation card, traffic) adds
a geographical dimension to information collected that anchors it in the physical world. Using
mobility data from carriers’ antennas it has been demonstrated that only four spatiotemporal
points are needed to uniquely identify each carrier [61]. Using GPS data, the number of points
decreases to collect unique patterns. Spatio-temporal data are highly sensitive personal data,
information on where an individual is at any time can be used to intercept physical someone. They
are personal data as they allow to uniquely identify a person from his data.
The Big Data era has induced in citizens a certain distrust as well as a necessity to stay connected,
which create an ambivalent perception of technological products.

2.3.2

Privacy is not the problem anymore

Privacy comes from the Latin word privatus, which means ‘withdraw from public life.’ Indeed,
the strict definition and application of privacy imply that each person should not in any way be
uniquely identified using the collected data [40]. persoBut as the legal framework on data protection
and privacy evolves with the emergence of new information technologies, the concept of privacy
evolves as well. Privacy is usually guaranteed to data subjects by collecting data anonymously in
the sense of namelessness (i.e., not identified by name, address, social security number). Examples
have been given in Section 2.3.1 that shows that anonymized data can be used to uniquely identify
individuals and thus questions the use of anonymity to protect privacy. Indeed, anonymity is used
to collect data without naming the data subject, but keep them identifiable [52, 61]. It is crucial
here to understand what is at stake in that context: names have no importance in themselves.
However, identities, sets of information that define each person, are precious as well as sensitive.
Personal data can be combined with other non-personal data to identify, contact or locate a single
person. Discarding all this information, is a way to keep them anonymous (i.e., nameless), but
still uniquely identifiable. Google has even created a word to describe these paradoxical IDs,
‘anonymous identifier’, which they use for targeted advertisement [1, 62].
A question arises then, how many data points are needed to uniquely identify users? Considering
the profuseness of possibilities, only a few data points are needed to create a combination that
uniquely identifies a user [52, 61]. The problem appears when the data collected can provide
sufficient information to reach a person physically (e.g., through email, phone, address). In [62],
the authors argue that the real value in anonymity is to prevent reachability, not to protect privacy.
From the collected data, it should not be possible to communicate or reach data subjects physically.
This concept is then much more meaningful and also reshapes the concept of privacy. It does not
apply only to personal data, but also to non-personal data that could be used to reach a person.
In [63], an algorithm is built to predict the social security number of American citizens based on
their date and place of birth. They reach success rates from 7% to 61% in predicting the five first
numbers (out of 9) using publicly available data depending on the period and state of birth. It
proves that any personal information can be sensitive information when combined appropriately [63].
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Respecting privacy is not respecting secrecy or granting control over personal information.
It consists of respecting an appropriate flow of information. Nissenbaum calls it contextual
integrity [47]; data (a type of information) collected in a specific context (e.g., finance, health, social
norms) flow, following transmission principles (e.g., consent, buying, selling, confidentiality),
between different actors (e.g., subject, sender, recipient) in an appropriate manner. Disruptive
practices modifying the information flow are evaluated depending on how they move it from the
ideal information flow. In other words, it evaluates the impact of disruptive flows on ethical values
like fairness, justice, freedom, welfare or any other context-specific concepts.
Figure 2.3 could be a representation of the perfect flow of information in a smart metering context.
In reality, from an ethical perspective, the relationships between utilities and consumers are far
from perfect. The major problems are around data collection and the change of status of the actors.

2.4

Customers should be treated as collaborators

GDPR sets standards for data protection and privacy and the Third Energy Package gives guidelines
and objectives for the roll-out and use of smart meters. However, in this new context of the smart
grid, there are no clear guidelines or rules on how to work with customers. The main challenge is
to keep a positive relationship between utilities and (domestic) customers in order to secure the
investment and involve them as actors of the grid [34].

2.4.1

An ethical roll-out to improve acceptance of the customers

The roll-out scales as defined in the CBA (Figure 2.2) have been decided at the EU level and the
DSOs are following the decision in deploying the smart meters. However, the decision to make the
installation mandatory is raising concerns throughout Europe. As presented in Section 2.3 several
privacy scandals have raised awareness about privacy issues and this should not be neglected.
From a customer perspective, the roll-out of smart meters, especially when mandatory, is an
intrusion to what is perceived as the last sanctuary of privacy, ‘Home’ [37]. Indeed, a meter is a
foreign object in a household that inhabitants do not own (it is the DSO’s property) and cannot
remove/modify. The adoption of technology depends on the perception of customers [64]. The
European Commission gave some guidelines on conducting the cost-benefit analysis where ‘an
assessment of the level of social resistance (or participation) to the project should be presented, including a
description of means adapted to ensure social acceptance and their effectiveness’ [37]. The customers either
put high expectation in smart meters (technophiles) and get disappointed or have realistic fears
regarding privacy breaching and loss of control [65]. Hence, both situations lead to a negative
perception of smart meters. To have a positive impact, the benefits of smart meters should be
clearly stated and visible rapidly after installation to maximize customers’ acceptance of the new
technology.
The case of the Netherlands can be used as an example of what can go wrong when end-users
are not appropriately considered in the smart metering framework [13]. Originally the roll-out
was mandatory and refusing the installation was made punishable as an economic offense, with
a fine of 17.000e or imprisonment for a maximum of six months [66]. Besides privacy concerns
transmitted to the Dutch Data Protection Authority on the use of high-resolution data, the utilities
were not inclined to focus on a customer’s inclusive solution to stimulate demand flexibility [13].
The Minister of Economic Affairs amended the Dutch Data Protection Authority’s proposal by
stipulating that the network operator could transfer hourly or 15-minute metering data to the
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energy provider only if the customer gave his consent. To add up to the pile, the Dutch Consumer
Union published a report stipulating that a mandatory roll-out of smart meter reporting 15-minute
electricity information was an infringement of the right to privacy according to the article 8 of
the European Convention on Human Right [41] and was thus not compatible with a democratic
society. The problem was finally solved at the Senate by giving the right to customers to refuse to
have a smart meter installed (opt-out). [66] considered that there are four factors for the rejection
of the smart meter bill by the Senate (i) the high resolution of the data transferred up to the
energy providers, (ii) the mandatory roll-out where resistance is sanctioned by high fines or even
imprisonment, (iii) lack of explanation of the necessity of smart metering and by extension why
the customers have to lose some privacy, and (iv) the combinations of different functionalities in
one meter generating new risk and making the argumentation complex.
Research in social science on the topic of smart meters have also shown significant misalignment
between the reality of the smart meters and customers’ expectations. From a customer point of
view, just the fact that a digitally connected meter is called ’smart’ is inducing a wrong idea of what
are its capabilities since it is not a smart home system [67]. This is a recipe for backlash. In [65],
a behavioral study shows that most of the concerns and deceptions from the roll-out of smart
meters could be solved in two ways(i) scale down the expectation of the customers in explaining
clearly what the smart meters could do; and (ii) align the technology with the expectation by
adding smart thermostats and in-home displays to visualize consumption in real-time. The smart
grid framework requires that the customers know what their metering data is used for, even if
it is technical, stakeholders have the responsibility of informing in a clear and understandable
manner [34].

2.4.2

Evolution of the roles and relationships

The relationship between utilities and customers is ultimately changing due to potential consequences from two-way communication and deployment of decentralized generation [68].
Consumers become prosumers and provide service to the grid. They are actors of the grid and
should be considered as collaborators in maintaining the stability of the grid. The European
utilities have operated in the last decade important restructurations to cope with the opening of
the energy market to concurrence. Indeed, utilites (e.g., EDF in France, ENEL in Italy, DONG
in Denmark) used to be monopolistic and control the network from generation to distribution.
As national companies, they had the trust of customers. Today the trust-relationship has to be
rebuilt between customers and utilities to operate this transition and find a new balance between
the actors of the grid. The goals of the relationship remain unclear to some extent as the benefits
and the expectations are not aligned [20]. For example, the customers are expected to be more
active, but smart meters alone do not provide this functionality, it requires an additional smart
home device. Additionally, the contribution of customers to the stability and reliability of the grid
should be highlighted as it can be used to develop new social norms concerning energy [20].
The development of aggregators could play an essential role in ‘smoothing’ the communication
between the utilities and the customers as they would have fewer customers to handle. Indeed,
beyond their technical role, they could act as representatives of the customers to utilities and have
more weight in the decision making.
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Smart meters to empower customers to become prosumers

The smart grid aims at transforming a centralized, utility-controlled network into a decentralized,
consumer-interactive network allowed by high-resolution monitoring and two-way communication [68]. From a utility perspective, the need for metering data is almost mechanical. Indeed, a
higher share of Renewable Energy Sources (RES) in the generation mix, as promoted by the EU,
makes generation less adjustable to the demand. In order to compensate for the lack of flexibility
on the generation side, the demand could be modulated according to some incentives (i.e., price,
benefit) broadcast to the customers using a two-way communication [69].
DSM programs have been studied and implemented based on the idea of exploiting demand-side
flexibility to reduce RES spillage [7]. DSM (including Demand Response (DR) frameworks as well
as more complex pricing scheme) relies on a marginal dynamic price of generation [28]. Figure 2.4
gives an overview of the different price based solutions that can be used depending on resolutions
of both price and metered data. To generate the corresponding bill, the energy providers need to
know exactly how much power each customer has consumed during each time interval. Hence, the
resolution of the metered data should then be higher than (or equal to) the one from the dynamic
tariff. In such a framework, it is important that customers can access their electricity consumption
and dynamic tariff to modify their energy behavior or to automate their white appliances (i.e.,
dishwasher, washing machine, electric heating) accordingly. High-resolution metering is then a
way to make customers aware of their energy behavior so that they can shift their consumption
from passive (consumers) to active (prosumers) who will provide services to the grid [70]. The
incentive used to change the electricity consumption behavior of customers does not have to be
financial; social norms are a powerful tool to change behaviors [71]. However, for such incentives
to have a positive impact, the relationship between the utilities and the customer has to be positive
as well [20]. A customer who manages his consumption closely should then be encouraged to get
electricity cost reductions [11, 72].
In the context of smart grid, new business models and actors (aggregators) are relying on metering
data to create portfolios and manage their assets [73]. However, it has been demonstrated that the
success of such frameworks depends heavily on the magnitude of demand response triggered and
subsequently active customers [74].

2.4.4

Control of access transferred to the data subject

The electricity metering data are stored on a data hub or the DSO’s servers (Table 2.1). A consent
register, as presented in Figure 2.3, can be created to record which third parties get access to the
data. The consent register is here managed by the data controller (DSO), but it could have the
form of the ‘App’ system developed for smartphones [46] where customers directly manage access
grants. Hence, it will transfer responsibilities, risk assessment, and control to the data subject. It
could then also generate the same problems as with ‘Apps’ on smartphones that are asking for
access to data, which are not useful to the service provided. A third party can access data at high
resolution (up to 1s depending on the model) wire or wireless to smart meters using a dedicated
port. Again if there is no illegal intrusion to the household, it is assumed that customers should
have control over what is connected to the port. The risk of abusive use of metering data by a
third party is increased if the customers are not educated and made aware of how sensitive those
data can be (as we can observe with smartphones). The risk is that information in the data (e.g.,
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Figure 2.4: DSM service enabled in function of the resolution of the metering. Source: [18].

state of white appliances) is extracted and used by unsolicited third parties for sending targeted
advertisement suggesting to replace an appliance [69].
The change from consumer to prosumer comes with changes in the distribution of the responsibilities
and control between the actors of the grid. Indeed, a prosumer needs to control his/her consumption
to act as such and provide services to the grid. The hierarchical structure of the actors of the
grid, with consumers/prosumers at the bottom and utilities at the top, is actually, changing. The
structure is flatter and prosumers are collaborators rather than consumers. Adjustment in terms of
consideration has to occur.

2.5

Requirements in terms of ethics

Good practices can be implemented to make the roll-out and the use of metering data more ethical.
It mainly consists of two global concept parsimony and equity. The need for data is acknowledged.
Nevertheless, it should be parsimonious and come with a direct benefit to the data subject. Hence,
both parties would be satisfied.

2.5.1

Data resolution in accordance to task to fulfill

Privacy concerns are often about the high resolution of metering data- [12]. The higher the
resolution, the more precise the information (See Figure 2.5). By extension, concerns are also related
to machine learning algorithm fed with such data like Non-Intrusive Load Monitoring (NILM) [75].
Beyond the potential information that can be extracted, the targeted use of the information is
of higher interest. NILM applications, for example, are made in a specific context; it consists of
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Figure 2.5: Representation of information that can be inferred from metering data in function of
the resolution. Source:[12].

providing detailed information of individual appliances consumption to customers, who are also
data subject, so that they can identify appliances with large unnecessary electricity consumption.
This information should be provided to no one else. We could also imagine the use of NILM on
data at a lower resolution to identify large and potentially flexible appliances. Hence, DSOs could
use this information to propose flexibility contracts to customers; it would be beneficial for every
party if the benefits are fairly distributed.
Different tasks can be completed using metering data, but they do not require the same level of
information (data resolution). The data resolution should, therefore, be adjusted in accordance
with the task to fulfill. In the same way that the purpose has to be legitimate, the resolution of the
data has to be legitimate. For example, when billing customers under dynamic tariff, it does not
improve anything to use electricity consumption at a higher resolution than the dynamic tariff.
Hence, the resolution of the data should be chosen parsimoniously.

2.5.2

New risks require compensation

As with any connected device (e.g., computers, Internet of Things (IoT) devices), a risk of cyberattack
exists. It can be organized by a foreign governmental agency, a malicious person or a malicious
software [76]. The Russian attack on Ukrainian DSO Kyivoblenergo on December 23rd, 2015, is the
first example of such an organized cyber attack used to temporarily shut down 30 substations of the
distribution grid [77]. The grid is a strategic target and the use of a digital central control system
makes them obvious targets for cyberattack. However, the attack did not target metering data, but
the stability of the grid, which do not affect privacy in this specific case. Nevertheless, a cyber
attack could also be conducted by customers on their own smart meter to steal electricity [72, 78],
or by a malicious person on a specific customer to spy on him [12].
Hence, customers are exposed to new risks of privacy breaching in giving access to their metering
data. The risk is considered and efforts on securing communication are made to limit it. However,
the risk is not null, and it should be addressed with compensations/benefits [67]. As utilities
transfer the cost of smart meters to the customers (Table 2.1), it would fair that customers get
rewarded according to the amount of information transmitted to utilities [79].
We could imagine a voluntary basis system where customers could choose the resolution of the
data provided and would have tariff/remunerations accordingly. The differences between the static
tariff (i.e., for non-metered customers) and dynamic tariff (i.e., for metered customers) should then
take into account the marginal cost of generation, but also a deduction for providing data for the
forecast of the demand.

2.5. REQUIREMENTS IN TERMS OF ETHICS

2.5.3
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Balance of the benefits

Balancing the benefits resides in a trade-off between the loss of privacy and increased risk for the
customer and the need for metering data for utilities [79]. We want to show that it is possible (even
necessary) to do it ethically in order to be sustainable and avoid future backlash [36].
Today, the benefits of smart metering are going toward the utilities, which are saving the cost of
employing meter readers, process invoice automatically and get more insights on the grid for
fraud detection and maintenance [80]. As the meters are paid mostly through network tariffs (only
Italy, Romania, Slovakia and Sweden are sharing costs between customers and DSO see Table 2.1),
the tariff reductions due to potential savings will be, in a first time, shortened on the customer
side. Real-time data has not shown that much interest and it seems fair to think that it will take
some years before the technology becomes mature enough to deploy large scale DSM application.
Hence, until dynamic tariffs are generalized to all EU Member States, some customers will pay
for the technology without having any of the benefits. The access given to consult and analyze
electricity consumption, as promoted by EU, would then have only little impact, as the customers
could only reduce their consumption to reduce their electricity bill.
Moreover, customers undercharged because of malfunctioning electromagnetic meters, which
is common because of the advanced age of electromagnetic meters, will observe an increase in
their electricity bill due to increased metering accuracy [65]. A more accurate billing also means
that it is easier for the energy providers to detect fraud in comparison to annual metering on
electromagnetic meters. To give an idea of the cost of electricity theft, it is responsible in 2000 in
the US of 0.5% to 3.5% losses of the annual growth revenue, which seems low, but still represents
$10 billion, compensated by a higher price on the other customers [81]. With smart meters, the risk
of undetected frauds decreases, which means that theoretically the cost of the fraud is reduced
and can be translated into lower prices. Fraud is better monitored, but at the same time, the risk
of electrocution in compromising smart meters ( i.e., through software) is much lower than with
electromagnetic meters and thus less repealing to possible thieves [72].
Smart meters are part of the Advance Metering Infrastructure (AMI), which forms the informational
backbone of the smart grid and makes the grid smart. From a DSO perspective, AMI allows them
to have precise information about the power flows at a distribution level beyond the substations.
Again this value of metering is emphasized by the increase of variable RES in the generation mix
and decentralized generation down to the distribution level [69]. This way it lowers the risks of
outages, the DSOs can also anticipate the maintenance and solve problems faster as they do not
need customers’ calls to be aware of them.
Whatever the decision was taken to increase the capacity of RES and subsequently to limit climate
change due to electricity generation, dynamic information on the demand side will be required to
optimally use RES, invoice prosumers and balance the generation with the demand [11]. Hence, the
roll-out of smart meter from an environment and grid management perspective is not negotiable,
but the way the data is used and how the benefit of such infrastructure will be shared are still
under discussion. If as in the case of the Netherlands [13], an opt-out is negotiated in most of the
member states, customers will perform a cost-benefit analysis between the loss of privacy and the
social, economic benefits generated [79]. The worst scenario could lead to the loss of an important
part of metered households.
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Conclusions and perspectives

Utilities are putting efforts into complying with the GDPR. GDPR however only protects the
fundamental rights of the data subjects (i.e., customers). Nevertheless, DSOs must also respect the
agenda of the Third Energy Package and deploy smart meters in due time. Hence, mandatory
installation of smart meters appears to be the best solution to fulfill the task in time. This is not
counting on the possible backlash of the customers. The Netherlands’ case gives us a picture of
what could happen in the EU during the next years [13].
Bad-practices during the roll-out (e.g., installing smart meters without informing customers) are
giving a negative image of smart grid technology to the customers. The fact that it is required
to improve the use of RES or that it is imposed by the EU are not arguments supporting the
implementation of the smart grid as it is right now. On the contrary, all the technological
developments and investments would be a vain attempt if customers do not adopt or at least
accept the technology in the first place. Problems may not only arise during the roll-out, but also
afterward as the relationship is dynamic and requires efforts on both sides to be fruitful.
It becomes then clear that insights from social science are necessary to understand how customers
perceive ‘smart meters’ in their home. Indeed, from an engineering point of view, the customer as
non-rational in its decision making is often seen as a problem. Hence, only the technico-economic
aspects of the problem are used to evaluate a framework. The use of social sciences like consumer
science, justice research, ethics and anthropology to large infrastructure projects involving citizens
has shown a positive influence on their perception regarding a potentially non-appreciated project
(i.e., construction of a dam, road).
In the general context of climate change, citizens have become aware of different levels of their
responsibilities as well as how they can influence the outcome. Energy represents one of the fields
were awareness is growing rapidly. It seems that customers are ready to become actors of the grid
and support the development toward a greener electricity generation, but not at any cost.

CHAPTER

3

A Dynamic Approach to Load
Profiling
Beyond the increasing amount of data collected, the deployment of smart meters has changed the nature of
the metering data from data points to streams of data. Hence, load profiling, that used to be computed on
yearly meter reading and information provided by customers, can now be data-driven. Furthermore, load
profiling can take advantage of the stream nature of the metering data to provide more accurate information.
This chapter discusses how load profiling approaches can profit from the stream nature of metering data to
tackle the stationarity and homogeneity assumptions used with state-of-the-art data-driven load profiling
approaches. This chapter uses the methodology developed and the results collected in [Paper B].

3.1

Typical load profiles generation and purpose

The implementation of ‘greener’ energy policies supporting the development and consumption of
Renewable Energy Sources (RES) have motivated investments in Advance Metering Infrastructure
(AMI) to modernize the grid (Third Energy Package in the European Union [82] and American
Recovery and Reinvestment Act in the United States of America [83]). Such an infrastructure aims
to update the status of the distribution grid more frequently in order to avoid or anticipate possible
congestion problems due to RES intermittency. Indeed, intermittent RES increases uncertainty in
matching the generation to the demand at any time, which can put the grid at risk of instability as
variations in RES generation are not necessarily correlated to variations of consumption. Moreover
the increasing deployment of Electric Vehicles (EVs), Heat Pumps (HPs), Photovoltaics (PV) in a
non-homogeneous way over space requires observance at a finer granularity in time and space [84].
Solutions exist to optimize the use of RES (i.e., storage, Demand Side Management (DSM)), but
they all rely on precise information on generation and demand statuses.
The need for information on when and how electricity is consumed has always existed at the
Distribution System Operator (DSO) level to operate and maintain the grid. Historically, typical
load profiles based on the categories of customers were the only insights available on the demandside. The DSOs have been using them for, (i) electricity demand analysis, (ii) tariffs design, (iii) DSM,
(iv) future load estimation, and (v) power system planning and operating. Before AMI, data was
extremely scarce as electromagnetic meters were read once a year and only large customers were
metered with an hourly resolution. The typical load profiles were generated by segmenting the
metered customers into categories corresponding to their activities (e.g., offices, supermarket,
streetlight, domestic) or demographics, building properties and white appliances for domestic
customers. Hence, the objective was to generalize the information from a set of metered customers
to the entire pool of customers in the most accurate manner. Hypotheses were formulated about
23
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the stationarity of the load over time and homogeneity inside each category of customers. For
the domestic customers, the Velander formula has been used to obtain the peak load and recreate
load curves based on yearly consumption [84, 85]. Nevertheless, categorization is known to be
inaccurate, as subpopulations exist in almost every category [14]. Grouping customers based on
their consumption patterns is more cost-effective as the typical load profiles estimation is more
accurate [21]. Deployment of smart meters has drastically changed the paradigm of load profiling:
from estimating the demand using a few metered customers, to now summarizing the information
of streams of metering data.
The problem of summarizing a large amount of data into a limited number of representative
points is a well-known problem in data analysis, which has been studied extensively to produce
clustering algorithms [86]. Hence, research on improving load profiling techniques using metering
data explores what has been done in the field of data analysis, and clustering stands out as a
well-suited approach to produce typical load profiles.

3.2

Clustering-based load profiling

The state-of-the-art in load profiling uses a classical clustering framework displayed in Figure 3.1.
The framework is composed successively of a data preprocessing and feature extraction (optional),
a clustering algorithm and a performance evaluation criterion to choose the best partition in K
clusters [87].

Loads Ω

Data
preprocessing

Clustering
algorithm

Performance
criterion

Features

Partition

Best partition

Figure 3.1: Classical data analysis clustering framework.

It is then applied on batches of historical data, Ω = {x1 , . . . , xn , . . . , xN } composed of N daily
loads x, to generate typical load profiles, which we call static as a complete rerun of the framework
on a more recent batch of data is needed for the typical load profiles to be updated.
Table 3.1: The different types of clustering-based load profiling [15].
Number of clusters:

Static

Dynamic

Load static
Load dynamic

Type 1
Type 3

Type 2
Type 4

The load profiling methodologies can be classified as four types, as presented in Table 3.1, depending
on whether it considers the time dependence of the load and whether the number of clusters K
is changing over time. In this terminology, a static load profiling approach is a type 1 or type 3
depending on whether the preprocessing technique projects the load in a frequency domain or not.
This is the first step towards data-driven load profiling.

3.2. CLUSTERING-BASED LOAD PROFILING

25

In the following section, an overview of the methodologies used in load profiling is given, looking
first at the data preprocessing then at clustering algorithms and finally at the performance criteria.

3.2.1

Data preprocessing

Linear

Principal Component Analysis (PCA)
Canonical Variates Analysis (CVA)

Feature
selection

Nonlinear
Data
preprocessing

Sammon map
Curvilinear Component Analysis (CCA)
Self-Organizing Map (SOM)
Artificial Neural Networks (ANNs)

Discrete Fourier Transform (DFT)
Time series
preprocessing

Discrete Wavelet Transform (DWT)
Symbolic Aggregate Approximation (SAX)
Hidden Markov Model (HMM)

Figure 3.2: Classification of the preprocessing techniques used in the literature of cluster-based
load profiling.

In clustering, preprocessing is often used in order to extract features containing non-redundant
information derived from original variables (Figure 3.1). The clustering algorithm is then performed
on the features, which concentrate the information contained in the variables. The preprocessing
methods can be classified as presented in Figure 3.2 depending on their nature. In the following
section, we give an overview of the feature extraction techniques and time series preprocessing
encountered in the literature of load profiling.
Feature extraction
The principle of feature extraction is to remove redundancy among input variables, hence the
number of dimensions T in space formed by the original variables is reduced to D  T features
in the final space. The projection can be a linear or non-linear transformation combining the
original dimensions to form features. Hence, the features are uncorrelated and contain the same
information as the original dimensions. The feature extraction speeds the clustering process up as
fewer calculations are required.
In data analysis, the most well-known feature extraction technique is the Principal Component
Analysis (PCA), which finds a set of orthogonal components representing the dimensions of
highest variance in the dataset. Mathematically, it consists of finding the coordinates P of Ω in a
space so that the coordinates are ordered by decreasing variance. To do so, we need to find W the
projection matrix with dimensions N × T so that
P = ΩW,

(3.1)
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that verifies
Ω> Ω = WΣ2 W> ,

(3.2)

where Σ2 is a diagonal matrix with the eigenvalues of Ω> Ω on the diagonal. The eigenvalues
of Ω> Ω, which is proportional to the covariance matrix of Ω, are thus conveniently ordered by
decreasing order on the diagonal. W A subset of the components explaining a large amount of the
covariance can be selected as WD the D-first eigenvectors of W and forms a projection matrix of
dimension N × D. The coordinates P in the projected space of the loads in Ω
PD = ΩWD

(3.3)

with P matrix of dimensions D × N . The matrix PD can then be used as input to a clustering
algorithm [22, 87].

>
Ω> Ω = W(Σ>
B ΣW )W

(3.4)

to obtain the eigenvectors of the product within groups and between group covariance matrices [22,
88]. Hence, the canonical variables are the dimensions that maximize the separation between
groups while minimizing the separation within groups [89].
Unlike PCA and CVA, Sammon map performs a non-linear projection that preserves the original
space topology [89]. To do so, the differences between the point-to-point distances in the original
and projected spaces are measured [22]. The optimal mapping is the one that minimizes the
difference according to the error

n=1

N
−1
X

M
X
[d(xn , xm )d(yn , ym )]
,
d(xn , xm )
m=n+1 d(xn , xm ) n=1 m=n+1

E = PN −1 PM

1

(3.5)

where d(xn , xn ) and d(yn , ym ) are respectively the distance between two loads in the original and
the projected spaces. It randomly initializes yn and uses gradient descent to iteratively minimize
the error E. It is more powerful than PCA as it can form nonlinear combinations of variables.
Artificial Neural Networks (ANNs) can also do feature extraction in a non-linear manner. SelfOrganizing Maps (SOMs) are unsupervised ANNs whose goal is to find prototype vectors (i.e.,
weights) that represent the input data set while simultaneously realizing a continuous mapping from
the input space to a lattice (i.e., grid). It can conserve the topology structuring the commonalities
between loads in the initial data set [90]. Hence, a SOM is both a feature extraction technique and a
clustering algorithm as it operates a projection from T -dimensional to a D-dimensional space with
0 < D ≤ 2. It forms a bi/unidimensional output space where the loads are grouped [91, 92]. Often
the cluster formation is not apparent and a simple clustering process, K-means or Hierarchical
Ascendant Clustering (HAC), is required to separate them. SOMs are considered a robust and
computationally efficient approach. Example of its applications can be found in [90, 92, 93]. A
Curvilinear Component Analysis (CCA) is a specific type of SOM where the lattice is a continuous
space able to adjust perfectly to the shape of the subspace [22, 87]. In [94], a deep-learning
auto-encoder is implemented to perform load profiling in real-time.
In the case of feature extraction, time steps of loads are decoupled and the time dependency is lost.
Only the time step or a combination of time steps contributing to the discrimination of the space
are kept, which can be an issue when patterns are similar, but slightly shifted in time.
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Time series preprocessing
The problem of time dependency in feature extraction can be tackled with time series preprocessing.
The most popular transformation is the projection from the time domain to the frequency domain.
In the literature of load profiling, Discrete Fourier Transform (DFT) [92, 95] and Discrete Wavelet
Transform (DWT) [96, 97] have been implemented as preprocessing to clustering. They respectively
decompose the signal into harmonics and wavelets of different lengths [22]. The harmonics (or
wavelets) can then be filtered to keep only the most representative harmonics. The main drawbacks
of DFT are that, (i) it requires stationary behavior of a load, which can be reasonably considered
non-stationary over a long period [98]; and (ii) as harmonics are filtered, the original gets degraded
quickly. As DWT decomposes the signal locally into wavelets, it can be recomposed with accuracy
after filtering1 .
Other time series preprocessing methods compress the information in time to reduce the length
of the signals to process. Indeed, as the loads are the aggregation of consumption of different
appliances or behaviors, patterns appear repetitively over time and can be either summarized
by a letter as in Symbolic Aggregate Approximation (SAX) [99], or a state as in Hidden Markov
Model (HMM) [100]. Hence, the features are not signals anymore, but sequences of index/symbol
each referring to an element in a dictionary of patterns.

3.2.2

Clustering algorithms

There are plenty of clustering algorithms in the literature of data analysis. In the load profiling
literature, only some that appear to be more suited for this task have been tested. Classification
techniques have also been used in the literature, and are therefore included in this section. Figure 3.3
gives an overview of the type of the clustering and classification methodologies used in load
profiling.
Clustering
All the unsupervised clustering techniques in the literature are distance-based clustering and can
be divided into two groups; the Hierarchical Ascendant Clustering (HAC) and the partitioning
algorithm, which is the K-means family algorithm and K-nearest neighbor. The metric used in
clustering is often Euclidean, but it can be replaced by other distances [86].
The HAC takes a pairwise similarity square distance matrix of all the loads in the data. It starts
with each load being a cluster and iteratively, (i) looks for the smallest value outside the diagonal
to group the two closest clusters, and (ii) calculates their average typical load profile, until a
single cluster is formed. A dendrogram, also called hierarchical tree, is then plotted to divide the
partition into K clusters. Hierarchical clustering has been used in [87] to compare the performance
of feature extraction techniques. HAC has also been used after SOM to refine the partitions into a
lower number of clusters [90].
The K-means is also an iterative algorithm consisting of three steps, (i) an assignment step, where
each load is assigned to the closest cluster center, (ii) an update step, where the cluster centers
are recalculated as the average of the loads in the cluster, and (iii) a checking step, calculating
the objective function to check for convergence (within-cluster sum of squares). The K-means
algorithm starts with K cluster centers called centroids, randomly seeded among the loads xn in
1 DWT

is used for this reason to compress music into MP3
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Hierarchical Ascendant Clustering (HAC)

Unsupervised
(clustering)

K-means
Partitioning

Fuzzy-K-means
K-medoids
Follow-the-leader

Clustering and
Classification
algorithms

Supervised

Bayesian
classifier

Gaussian Mixture Model (GMM)
Dirichlet process

(classification)
Support Vector Machine (SVM)
Decision tree

Figure 3.3: Classification of the clustering algorithms used in the literature of cluster-based load
profiling.

Ω. The problem with random seeding, and more generally with K-means, is that it may converge
towards a local optimum. After several repeated runs, the bias can be reduced, as the probability
increases that the global optimum (lowest within-cluster sum of squares) is reached. The centroids
can also be chosen more strategically. The K-means++ algorithm, for example, picks only the first
center randomly and then finds the farthest loads iteratively from the selected centers [15, 101].
Hence, the risk of getting into a local optimum is reduced as the seeded centroids are picked
at extremities of the cloud of points. Many variations of the K-means exist. Among the most
popular are fuzzy-K-means [102] where the assignment is probabilistic, K-medoids [93] where
the representative point of each cluster is the closest load in Ω to the center, and more advanced
variations [15, 103]. K-means has also been used after SOM to refine the partition into a lower
number of clusters [90].
Follow-the-leader is an iterative clustering algorithm where a threshold σ, representing the largest
distance from a point in a cluster to its center, is set instead of specifying K [91]. Hence, the first
iteration of the clustering process sets K the number of clusters, the following steps refine the
clustering, reassigning loads to the closest cluster center as in K-means [87]. The threshold σ is
then tuned using a trial-and-error approach.
Classification
Classification algorithms have also been used for load profiling. Indeed, as the amount of metered
households is constantly increasing, training a classifier on a representative set of loads collected
previously to form groups (abusively called clusters) and then classify the remaining or new ones
is an efficient approach if we assume that the load patterns are reproduced over time. As in the
case of clustering, only a few classifiers have been tested on load profiling from the data analysis
literature.
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Among them is the Bayesian framework that models each class as a distribution and has the
advantage of being inferential. It is a solution to the problem of updating the clusters to
newly collected data in a computationally efficient manner. Gaussian Mixture Model (GMM),
using multidimensional Gaussian distributions to represent the classes, has been demonstrated
in [104, 105]. The number of classes K is defined a priori and a model, adjusting the parameters of
the distributions, is fitted on the data using an Expectation Maximization (EM) algorithm that aims
at optimizing the log-likelihood of the mixture model. Another Bayesian classifier observed in the
literature is the Dirichlet process. The Dirichlet process is non-parametric and thus overcomes
the disadvantages of GMM the number of classes does not have to be defined a priori [106]. It can
theoretically fit an infinity of distributions. The distribution of each class is learned iteratively.
Support Vector Machine (SVM) is another branch of machine learning algorithms, which can be
used for classification or regression [107]. The objective of SVM in the case of two classes would be
to find a hyperplane that separates the data in two parts, maximizing the distance of the nearest
points to the hyperplane on each side. The number of hyperplanes depends on how many classes
have to be generated. In [108], a more advanced non-parametric version of SVM is proposed.
Decision trees regroup all the hierarchical models used to perform multiclass classification. It
consists of nodes that split the data into two branches based on statistics of one or many features.
The decision at each node can be deterministic or probabilistic. Decision tree application examples
can be found in [107, 109, 110].

3.2.3

Clustering validity assessment

In classical clustering approach, the number of clusters K has to be empirically determined as it
is a parameter of most clustering algorithms. To do so, the chosen algorithm is run many times
{1, . . . , q, . . . , Q} with different values of Kq in order to select the partition in K-clusters optimizing
a criterion. Therefore this procedure is computationally costly as only one of the implementations is
used afterward. Moreover, as for the preprocessing and clustering, many criteria exist, generating
different results. The most known are the clustering dispersion indicator (CDI) [87, 91, 96], Davies
Bouldin Index (DBI) [87, 90, 96, 103], Scatter Index (SI) [106], Silhouette Index [107], the ratio of the
within-cluster sum of squares to between clusters sum of squares [96]. All of them have a different
definition of what is a ‘good’ partition or a ‘representative’ set of cluster centers, which makes the
choice of the ’best’ partition complicated.
In the context of load profiling, the assumption is that the set of typical load profiles chosen to
represent the pool of loads is representative in the sense that the error generated in assuming that
a load corresponds to its assigned cluster center is minimal. Hence, we can choose a more general
error estimator like the Root Mean Square Error (RMSE) calculated between the cluster centers
and their assigned loads to estimate how much error is generated in assuming that a load can be
accurately represented by its cluster center.
Beyond the methodologies presented in this section, some more advanced clustering approaches for
load profiling have been proposed like ant colony clustering [111] and more complex multi-stage
clustering composed of several clustering algorithm [96, 100, 112, 113]. The technological evolution
of appliances and the penetration of new type of electrical appliances (e.g., EVs, HPs, batteries)
are changing the loads on a time scale, which supposes the profiling to be rerun more often.
In the classification presented in Table 3.1 all the methodologies referenced in this section are
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type 1, which is problematic considering the non-stationarity nature of loads. Benítez et al. have
implemented type 2 [15] and type 3 [114] clustering-based load profiling using variations of the
K-means algorithm. In the following section, a type 4 clustering-based load profiling methodology
is presented, which intends to rethink load profiling in a fully dynamic manner. Indeed, the
clustering process is: (i) flexible, customers can change cluster; (ii) adaptive, the number of clusters
can change according to data structure; (iii) online, the typical load profiles are dynamic and
recursively updated; and (iv) it respects time dependency of load patterns.

3.3

An online adaptive clustering algorithm

From the analysis of load behavior, the implementation of an online adaptive clustering algorithm
for load profiling has to accommodate the following three characteristics:
1. The loads clustered together may have the same behavior and thus have the same dynamics
over time (stationary),
2. at times a load may disrupt from the cluster temporary or permanently to join another cluster
(non-stationary),
3. behaviors never observed before may appear (disruption).
An overview of the algorithm presented is this section is given in Figure 3.4. The division of the
section is represented by dashed rectangles; Section 3.3.2 (top rectangle in Figure 3.4) explains how
the online adaptive clustering parameters are set; Section 3.3.3 (bottom rectangle in Figure 3.4)
describes how the online part of the clustering is implemented; Section 3.3.4 (right inside bottom
rectangle in Figure 3.4) presents how the online clustering can be adaptive.

3.3.1

Notations

In an online approach, loads are seen as elements (e.g., days, weeks) of a time series. We then write
Ωt = {x1t , . . . , xit , . . . , xIt } where Ωt is a matrix containing loads x at time step t for customers
i ∈ {1, . . . , I}. Hence, loads are synchronized on the same time step t and the matrix Ωt can move
in time.
We define the set of typical load profiles Υt obtained after clustering Ωt formed by K t vectors
t
t
as Υt = {y1t , . . . , ykt , . . . , yK
t }, where K is the number of clusters at time step t. As K-means is

used, the distances between the set of loads in Ωt and the typical load profiles Υt at time step t are
calculated and stored into a matrix
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(3.6)

The vector of assignment at time step t, specifying to which typical load profile k each individual
load xit in Ωt is assigned to, is noted At = {at1 , . . . , atI } and generated using the operator,
ati = argmin(dti )
k

(3.7)
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Figure 3.4: Overview of the online adaptive clustering algorithm.
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on each line dti of matrix Dt so that 1 ≤ ati ≤ K t . The vector of assignment is used to generate a
partition of the loads Πt = {Pt1 , . . . , Ptk , . . . , PtK t }. A simple example with five loads {x1 , . . . , x5 }
with a partition into two clusters could be, Π = {P1 = {x1 , x3 , x4 }, P2 = {x2 , x5 }}.
In the context of load profiling, patterns of consumption are the objects of interest. Hence, in order
to compare patterns and not overall consumptions, the loads have to be ‘aligned’. To do so, the
loads xit have to be normalized. A standard way, observed in the literature, is to divide each load
by their reference power (i.e., maximum consumption over the period) to bind them to [0, 1] [87].

3.3.2

A consensus clustering to set the online clustering parameters

Three parameters have to be defined to run the online adaptive clustering algorithm, (i) Υ0 , the
first set of typical load profiles, (ii) K 0 , the number of cluster centers at t = 0, and (iii) the distance
matrix d(Ω0 , Υ0 ) at t = 0. Historical data are used offline to create the first partition Π0 and the
listed parameters.
As explained in Section 3.2.3, the standard process of finding K is computationally costly and only
a small part of the results computed is used afterwards. The alternative to this standard process is
called consensus (or ensemble) clustering and consists in using all the partitions Πq generated
from instances q with different value of Kq to find a consensus partition Π0 into K 0 clusters with
centroids Υ0 [115]. The partitions {Π1 , . . . , Πq , . . . , ΠQ } are combined into a probability distance
dp
PQ
dp (i, j) = 1 −

Kq δ(aqi , aqj )
PQ
q=1 Kq

q=1

(3.8)

where δ is the co-occurrence matrix taking value 1 if ith and j th loads are assigned to the same
cluster and 0 otherwise. The weighted sum of the co-occurrence matrices by the number of clusters
Kq in each partition Πq forms a probability that a pair of loads get assigned together.
The dendrogram of the HAC on the square matrix of distances dp (i, j) using Ward’s criterion is
then generated. The decision of how many clusters K 0 should be generated is then based on the
expertise of the user in solving a specific problem. Subsequently, the initial typical load profiles, Υ0
are calculated by the average of the loads in each cluster, and the initial distance matrix d(Ω0 , Υ0 )
is generated.
The benefits of consensus clustering are manifold, (i) all computed instances contribute to find
K 0 , and (ii) Π0 is a consensus between the different instances with less bias than each instance.
We want to emphasize that the parameter-setting is the only input from the user to the algorithm.
Hence, it is essential that the decision taken to set parameters is based on robust information as it
will influence the evolution of the online adaptive clustering algorithm.

3.3.3

An online K-means clustering implementation

The parameters of the online adaptive clustering are set and we enter the online part of the
algorithm corresponding to the bottom rectangle in dashed line in Figure 3.4. The iteration over
time uses the core of the K-means algorithm to connect the time steps: (i) assignment of the loads
in Ωt to the closest typical load profile in Υt−1 , and (ii) update centroids by averaging loads from
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time step t in each cluster. Hence, the calculation of d(Ωt , Υt−1 ) connects consecutive time steps.
The exponential smoothing of the distance matrix
∆t =

λt d(Ω0 , Υ0 ) +

Pt

Ptτ =1
τ =0

λt−τ d(Ωτ , Υτ −1 )
λτ

(3.9)

is computed to transfer structural information from previous time steps. λ is the exponential
smoothing coefficient and takes a value in [0, 1], corresponding to how much information from
the previous time step is transmitted to the next one. Hence, the assignment of the loads relies
on the distance matrix from previous steps, which stabilizes the clustering. Implementation of
the exponential smoothing handles the first characteristic, as loads are relatively stable and may
evolve together if grouped in a same cluster. The typical load profiles are updated by averaging
the loads, xit ∈ Ptk from the latest loaded data Ωt .
As mentioned in Section 3.2.1 metering data time series displays time dependency. To tackle this
problem, the Euclidean distance used normally in K-means has been replaced by a Dynamic Time
Warping (DTW) distance metric, which has proved to perform well to cluster time series [116, 117].
The distance metric calculated between any given load x and typical load profile y of the same
length M is a dissimilarity index [118],
(3.10)

d(x, y) = φ[ρ(x, y)]dDT W (x, y)
where the first order temporal correlation coefficient
PM −1
m=1 (xm+1 − xm )(ym+1 − ym )
qP
ρ(x, y) = qP
,
M −1
2
M −1
2
(x
−
x
)
(y
−
y
)
m+1
m
m+1
m
m=1
m=1
estimating the dynamic behaviors and the DTW distance

X
dDT W (x, y) = min 
r∈M

(3.11)


|xi − yj | ,

(3.12)

(i,j)∈{1,...,M }2

are balanced using the function φ
φ(u) =

2
,
1 + exp(u)

(3.13)

an adaptive tuning function [119]. DTW measures temporal similarities between two-time series
by calculating the Euclidean distance between a point of a time series and all the points of the
others to generate a distance matrix. A path called a warping path from the lower left corner to the
upper right corner going through the lowest value is then defined through the distance matrix.
The warping path can be constrained around the diagonal (i.e., a window around the diagonal
of the distance matrix) by using the Paliwal window [120] to limit the shifting and speed up the
algorithm as only the distances in the window have to be calculated.

3.3.4

Adaptivity: semi-online facility location

The last step toward a fully dynamic and flexible load profiling is to be able to handle the last
characteristic, novelty, the apparition of unseen load behavior. In term of clustering, it means
increasing the number of clusters (bottom right in Figure 3.4). To tackle this problem, we propose
to use a probabilistic approach called facility location to adjust the number of clusters according
to new unseen behaviors [121]. Facility location consists in setting a cost CiA proportional to the
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distance dti,ai of each load xit to the closest typical load profile yat−1
and a cost C F to the generation
i
of a new cluster center (i.e., facility) with C F  CiA . CiA and C F are combined to form a probability
 A 
Ci
t
,1 ,
(3.14)
p(yk+1
= xit ) = min
CF
that a load becomes its own cluster center. Hence, the farther a load is from the closest cluster
center, the higher the cost of adding it to an existing cluster CiA and as a result the more probable
that it becomes its own cluster center. Hence, facility cost limits clusters’ range and should be
empirically chosen depending on the clusters size and the number of clusters expected.
As the pattern of interest while doing load profiling is minimum a day, all the loads are transferred
a the end of this period to the algorithm to form a block Ωt , and not a load at a time [122]. Hence,
the facility location is implemented in a semi-online manner as it evaluates the need for a new
cluster center on each block Ωt and not a load at a time. A threshold γmin of how many loads
should exhibit a disruptive behavior to generate an extra typical load profile is set to reduce
sensitivity. The process being probabilistic, 1000 Monte-Carlo simulations are run to obtain the
distribution of the number of loads in Ωt above the threshold. The mode of the distribution is
used to take the decision. If the threshold is reached, the farthest load from its closest typical load
profile becomes its own cluster center. The distance matrix is then recalculated and checked for
loads in Ωt that could be assigned to the new typical load profile. Finally ∆t is also updated with
K + 1 clusters.
The adaptive part also consists of reducing the number of clusters. Indeed, two cluster centers
might converge, and the algorithm would ultimately merge them after many iterations. Meanwhile,
it would create redundant typical load profiles. To avoid redundancy among the typical load
profiles, a minimum distance dmin between two typical load profiles is defined. If dmin > d(yu , yv )
between two typical load profiles u and v, the two typical load profiles are considered similar and
merged to form a single cluster using the average of their assigned loads as centroids. ∆t is then
updated accordingly with K − 1 clusters (bottom left in Figure 3.4).

3.3.5

Setting the parameters

The online adaptive clustering algorithm requires many parameters to be set empirically as the
nature of the time series (e.g., electricity metering data, central heating district), the resolution and
the preprocessing affect clustering. As mentioned previously the clustering can have a different
objective depending on the application. Table 3.2 summarizes the parameters and which aspect of
the clustering it tunes.
The influence of K 0 on the online clustering is mitigated by λ as the time increases thanks to
the exponential forgetting. Beyond the first time steps, λ influences the amount of structural
information transferred from one time step to another, a larger value of λ results in higher
information persistence over time. C F and dmin have opposite, but complementary actions as they
respectively increase and decrease the number of typical load profiles. They control the radius of
the clusters, a large C F allows larger clusters thus a smaller K and a small dmin allows smaller
clusters thus a larger K. Finally γmin limits fluctuations of K over time.

3.4

Performance evaluation using simulated data

A synthetic dataset, where the number of underlying typical load profiles is controlled, is generated
to evaluate the performance of the online adaptive clustering algorithm. We first describe how
synthetic loads are generated, then the performance evaluation criterion and we finally present the
results obtained.
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Table 3.2: Influence of the parameters on the clustering process.
Parameter

Definition

Value

Influence

K0

Initial number of cluster
centers

n ∈ {2, . . . , N }

On the first iterations

λ

Exponential forgetting

[0, 1]

Smooths the clustering

C

F

dmin
γmin

3.4.1

Facility cost
Minimum distance between
cluster centers
Number of disruptive loads
needed to create a new cluster

A

Relative to C
Relative to the expected
number of clusters

Size (radius) of the clusters

n ∈ {2, . . . , 10}

Limits fluctuations of K

Size (radius) of the clusters

Data generation

As explained in Section 3.2.3, the performance evaluation of a clustering algorithm is dependent
on the criterion chosen as the latent formation of typical load profiles cannot be unveiled. Hence,
the only way to evaluate the true performance is to design a dataset that would simulate a realistic
load behavior. The design of the synthetic data should prove that the online adaptive clustering
algorithm can handle the three characteristics of a pool of loads: stationarity, non-stationarity,
disruption, described in Section 3.3. The dataset consists in four slow changing (stationarity) and
one disruptive typical load profiles (disruption) that produces 300 days of load data. They have
been generated using nine typical load profiles with different behaviors at an hourly resolution
sampled from ENTSO-E’s data base [123]. The four slowly changing typical load profiles are
generated as weighted averages
ykt



t
t 299
= 1−
yk0 +
y
300
300 k

(3.15)

of pairs (yk0 , yk299 ) respectively the starting (Day 0) and ending (Day 299) profiles displayed by
typical load profiles k as shown in Figure 3.5(a). The four typical load profiles Υ = {y1 , . . . , y4 }
are used to form B0 = {b01 , . . . , b01000 } with 1 ≤ b0i ≤ 4 random assignments of 1000 customers.
Their daily typical load profile ykt is then individualized by adding multivariate Gaussian noise
xit = ykt + N (0, Σ),
where the covariance matrix Σ is stochastically generated as


σ12 ρ11
. . . σ1 σl ρ1m . . . σ1 σM ρ1M


..
..
..


.

.
.



2

Σ =  σl σ1 ρl1
σl ρlm
σl σM ρlM 
,


.
.
.


..
..
..


2
σL σ1 ρL1 . . . σL σm ρLm . . .
σL
ρLM

(3.16)

(3.17)

with σ = {σ1 , . . . , σ24 } a normalized random vector of standard deviation and ρ a matrix of
coefficient decreasing exponentially from the diagonal


−|l − m|
,
ρlm = exp
τ

(3.18)

which adds some time shifting to the patterns. The daily load data were then normalized to [0, 1]
by dividing them by their reference power.
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Figure 3.5: Synthetic data generation based of ENTSO-E load profiles. Morphing of the four typical
load profiles (a) and the new load behavior appearing at day 200 (b).

To simulate the last characteristic (non-stationarity), 250 of the 1000 customers generated change
from their slow transitioning typical load profile to the disruptive typical load profile (Figure 3.5(b))
at time step 100. The number of typical loads changes from four to five with 1 ≤ b100
≤ 5 and the
i
number of clusters is expected to do the same and group the 250 customers. At time step 200, the
fith typical load profile is remove and the 250 customers are return to their original typical load
profiles with 1 ≤ b200
≤ 4. As the number of typical load profiles changes from five to four, the
i
number of clusters is also expected to change from five to four.
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Performance evaluation

We now have the ground truth Bt at each time step t to evaluate the performance. When the
ground truth is known, standard classification evaluation can be applied. Here we opted for an
information theory criterion called Normalized Mutual Information (NMI). For the two vector of
assignment (A, B) it is
MI(A, B)
NMI(A, B) = p
H(A)H(B)

(3.19)

where H is the entropy
t

H(A) =

K
X

(3.20)

p(k) log(p(k)),

k=1

defining the amount of disorder in assignment vector A with K t = {4, 5} depending on the time
step. p(k) is the probability that an assignment in A picked at random has value k. Cross-entropy
or Mutual Information (MI)
t

MI(A, B) =

t

G X
K
X


p(g, k) log

g=1 k=1

p(g, k)
p(g)p(k)


(3.21)

is basically the entropy of the joint probability between vectors of assignment A = {a1 , . . . , a1000 }
and B = {b1 , . . . , b1000 }. The joint probability p(g, k) is the probability that a load is both from
typical load profile g and is assigned to cluster k. It takes a value in [0, 1] where 1 is a perfect match
between A and B.

3.4.3

Online clustering setup and results

This section aims at evaluating the online adaptive clustering algorithm. Hence, the consensus clustering is not performed on the synthetic data and the first clustering assignments
A0 isthegroundtruthB0 . The facility cost is fixed to C F = 100, the number of points γmin required to generate a new cluster is set to one, the exponential smoothing is λ = 0.85 and the
minimum distance between cluster centers is dmin = 0.07.
Figure 3.6 presents in parallel the evolution of the NMI (solid green line), the number of clusters
(blue dashed-dotted line) and the actual number of typical load profiles (red dashed line) over the
test period.
First, looking only at the number of clusters and typical load profiles, we can observe that the
online adaptive clustering algorithm is generating the correct number of clusters with only a slight
delay of two days when the typical load profiles number is changing from five to four. Second,
looking at the NMI the performance in term of classification is also high from day 0 to day 60
and from day 230 to day 299 as the NMI stays close to 1.0. Around day 60, the NMI decreases,
which is probably a consequence of the information in partition Π0 decaying with the exponential
smoothing as well as a convergence between the typical load profiles (Figure 3.5(a)) resulting in
some misclassifications. At day 100, a drop of the NMI to approximately 0.6 can be observed before
it quickly increases to around 0.9 the next day and oscillates around 0.9 until day 200. At day 200,
the NMI drops again down to 0.75 and comes quickly back to 0.95 the next day and increases
steadily until 0.99 before it oscillates between 0.99 and 1.0. At the end of the test period, the NMI is
back to 1.0, which means that A299 = B299 .
From the evaluation of the online clustering algorithm on synthetic data with known ground truth,
we can be confident of its performance and test it on real-world datasets.
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Figure 3.6: Mode of the NMI and the number of clusters over the test period.

3.5

Real-world data applications

In this section, the online adaptive clustering algorithm is tested on two real-world datasets. In
Section 3.5.1 it is applied to electrical loads. In Section 3.5.2 we show that load profiling can be
done with data provided by other sources than power systems by applying it to central district
heating data.

3.5.1

Application on electricity metering data

Data description
Radius, the DSO in the Copenhagen area, provided a dataset that consists in a year (T = 240 days
after removing missing data) of hourly power consumption data from N = 13241 customers. The
customers metered are businesses, industries, and households with PV. The blocks Ωt consist of a
day (M = 24) and the loads were preprocessed by dividing them by the peak over the period.
Implementation
The consensus clustering is implemented with a K-means algorithm using the dissimilarity index
with dDT W . The instances q are run with Kq = {10, . . . , 100} on day 0: 2015-01-12. The partition
Π0 is obtained by cutting the dendrogram into ten clusters. The number of clusters intentionally
underestimates the number of typical load profiles present in the dataset (approx. 20).
The online adaptive clustering algorithm starts with the following parameters: Clusters centers,
K = 10; facility cost, C F = 950; minimum number of customers to create a new cluster center,
γmin = 5; exponential smoothing coefficient, λ = 0.85 and the minimum distance between two
cluster center dmin = 0.13. The online adaptive clustering is benchmarked against a standard

3.5. REAL-WORLD DATA APPLICATIONS
Number of clusters of
the online adaptive
clustering

Number of Clusters

60

RMSE: SOM
RMSE: K-Means
RMSE: Online Adaptive
clustering

-0

15

0.14

50

0.12

40

0.10

30

0.08

20

0.06

10
20

0.16

Averaged RMSE [p.u]

70

39

0.04

2
1-1
20

15

-0

2
4-2
5-0
1
20

3
3-0

-30
-08
15

1
7-1

5-0

1
20

20

time (Day)
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daily loads and their assigned typical load profile over the test period for Benchmarks: SOM
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Figure 3.8: Evolution of cluster 15 along the test period.

K-means algorithm and a Self-Organizing Map (SOM) applied on the entire set of daily loads
(N × T = 317784) with K = 50 [87].
Results
The results of the computations are summarized in Figure 3.7 with the number of clusters and
the averaged RMSE between daily loads and their assigned typical load profile for both the
benchmarks and the online adaptive clustering algorithm. Looking at the number of clusters
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generated by the online adaptive clustering algorithm, we observe first an increase up to 64 clusters
around 2015-04-22, which later decreases to 36 during the summer and increases again to 54 in the
fall. The weekly periodicity of the averaged RMSEs is explained by the activities of the customers
in the study. Most of them are industries and businesses that are usually closed on weekends and
generate more homogeneous patterns. After removing the 30 first days of convergence (2015-03-03),
it appears that when the number of clusters is above 40, the online adaptive clustering beats
the benchmarks consistently on the weekdays. Indeed, the facility location thresholds the error,
which maintains the RMSE relatively stable between 0.08 (weekdays) and 0.06 (weekends). After
2015-03-03 the overall RMSE score of the online adaptive clustering algorithm is 7.2% against 7.5%
and 7.9% respectively for the K-means and SOM. In terms of computational time, the consensus
clustering (computed in parallel with 7 cores) took 15 minutes to be completed, and each iteration
of the online adaptive clustering (on a single core) took approximately 1 minute 20 seconds (6
hours for 240 days) on a desktop computer equipped with an Intel Xeon CPU 3.50 GHz × 8 cores.
As a comparison, the SOM was completed after 16 hours while the K-means took 20 hours.
These results highlight the benefits of having an online adaptive clustering process that estimates
correctly the number of clusters in the data at time t and offers faster computation. The difference
in terms of performance between the online adaptive clustering algorithm and the benchmarks
would have probably been larger with a dataset displaying more non-stationary behavior like
domestic loads involved in Demand Response (DR) programs.
An illustration of the evolution of a cluster over the period is given in Figure 3.8. The typical load
profile shapes, as well as the bottom line, are changing over the period. The cluster consists mostly
of restaurants, which are active daily from lunch to dinner time with a peak of activity at dinner
time and along the year at high activity periods (Christmas holidays, Saturdays, and from April to
August).
The application of the online adaptive clustering algorithm on electricity metering data has fulfilled
expectations. Slow changing and fast-changing profiles are handled as expected and adjustment of
the number of clusters to keep the same overall accuracy with a low computational cost at every
iteration has proven to be more efficient than benchmarks.
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Figure 3.9: Sankey graph displaying the flow of buildings in the different clusters from one day to
another during the test period.

3.5.2

Application on district heating

Data description
HOFOR, the central district heating operator in the Copenhagen area, provided a dataset that
consists of heat consumption of 97 buildings over a month (31 days in Mach-April) at hourly
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Figure 3.10: Number of clusters and Averaged RMSE between daily loads and their assigned
typical load profile over the test period for the central district heating data.

resolution. A block Ωt groups a day of data (M = 24) and no preprocessing has been operated on
the data as the consumptions lies within the same interval [0, 1].
Implementation
The consensus clustering used the same modified version of the K-means algorithm that uses dDT W
as in Section 3.5.1 and instances q are run with Kq = {2, . . . , 10} on day 0. From the dendrogram
of HAC, a partition Π0 into five clusters is generated.
The online adaptive clustering algorithm starts with K = 5 clusters, a facility cost C F = 7.5, it
needs only one building to create a new cluster center, the exponential smoothing is λ = 0.85 and
the minimum distance between cluster centers is dmin = 0.01.
Results
An illustration of the evolution of the clusters’ composition is given in (Figure 3.9) with a Sankey
diagram of the ‘flow’ of customers between clusters and between time steps. The clustering is
stable over time, besides small adjustments with some buildings changing cluster at each time
step. At day 8-9, cluster 1 splits into cluster 1, 6 and 5. Cluster 5 is an outlier, isolated until the end
of the period. Another splitting happens at day 24-25, cluster 1 splits into cluster 1, 10, 7. Cluster 9
takes most of the customers from cluster 1, but also some from cluster 0 and cluster 6. Figure 3.11
presents the evolution of the typical load profile formed by cluster 4. The shape changes slowly
over time and confirm the stability observe in Figure 3.9.
The number of clusters, the RMSE between individual loads and their assigned typical load profile
over the test period are presented in Figure 3.10. As seen in Section 3.5.1, the RMSE does not
depend on the number of clusters. It first decreases and stabilizes around 0.01. We demonstrated
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Figure 3.11: Evolution of cluster 4 along the test period.

here that the load profiling and more precisely our implementation of the online adaptive clustering
for load profiling can provide insights beyond the power system field.

3.6

Conclusion

The online adaptive clustering algorithm is designed to take advantage of the stream nature of
metering data. Its capacity to handle stationary or non-stationary loads as well as to adjust the
number of clusters when previously unseen load patterns appear allows it to be run entirely
autonomously and deliver typical load profiles with accuracy. Furthermore, it gives access to the
typical load profiles shortly after data collection, and provides insights at a faster time scale than
state-of-the-art load profiling that have to be rerun using the last data available to be updated.
Hence, it provides the same functionalities than state-of-the-art load profiling with higher accuracy,
but also new functionalities like demand flexibility assessment or anomaly (i.e., fraud, fault)
detections. It is a first step towards fully dynamic load profiling as defined in Table 3.1 [15]. Radius
is considering implementing a variant of the online adaptive clustering algorithm in their system.
An implementation with mostly domestic loads has been done in collaboration with Quby (in
the Netherlands). For domestic load implementation, the exponential smoothing is done with a
days-of-the-week structure, as inhabitants’ activities are usually based on a weekly schedule (i.e., a
Monday will probably look like the previous Monday).

CHAPTER

4

Unsupervised Non-Intrusive Load
Monitoring Methodology
Smart meters and the streams of data they generate give access to new information. Indeed, with highfrequency data collection (higher than 5-minute resolution) the load patterns of appliances are unveiled.
This chapter discusses how much information about appliances behind the meter can be extracted from
metering data. Non-Intrusive Load Monitoring (NILM) consists in separating individual appliances’ power
consumption signals from the aggregated power consumption signals. NILM state-of-the-art methodologies
have shown promising results. However, they consist of supervised learning algorithms requiring data of a
second or higher resolution and training dataset with individual appliance consumption signals. This is
incompatible with real-world implementation. Hence, we propose an unsupervised NILM methodology and
benchmark its performance against state-of-the-art methodologies as described in [Paper C]. We also present
an application to the detection of Heat Pumps (HPs) as presented in [Paper D].

4.1

What is non-intrusive load monitoring?

The deployment of smart meters used to report power consumption to utilities and invoice
customers generates a misalignment between what has been advertised and the real possibilities
as explained extensively in Chapter 2. The data collected are not yet used to deliver the expected
services despite the potential of improving energy efficiency. Machine learning algorithms, and
precisely NILM, could play a key role in providing customers detailed information on their
consumption without the deployment of additional hardware [23]. Moreover, what happens
behind the meter could also be used to provide specific information (e.g., presence of HP, Electric
Vehicle (EV), Electric Heating (EH)) to the utilities. Hart has described the concept of NILM
in 1992, before smart meters deployment and before the computing capacities allowed such
calculations [24].
The principle is relatively intuitive, since each of appliances ha a unique consumption signal that
can be identified if observed individually (Figure 4.1b). Hence, as the overall consumption signal
metered is the aggregation of all these individual consumption signals, it should be possible to
separate them. The energy disaggregation problem can be formulated mathematically at time t as
xt =

N
X

znt + εt ,

(4.1)

n=1

where xt is the aggregated power consumption equal to the sum of N appliances power consumption signals znt and εt are the residuals.
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Figure 4.1: The different type of appliances observed in households (a) and an example of
disaggregation of the overall signal into individual appliances (b).

Appliances can be categorized into four groups: (Figure 4.1a) (i) Type-I, simple two states, ON/OFF,
appliances, e.g., kettle; (ii) type-II, multi-state appliances with a finite number of states, e.g.,
washing machine; (iii) type-III, continuous variable appliances whose power consumption has an
uncountable number of states, e.g., dimmable light; and (iv) type-IV, appliances that are always
active, also called vampire appliances, e.g., router [124]. Disaggregating even a small number of
appliances is not a trivial task when considering the possible complexity of some appliances and
their combination in the aggregated signal. Therefore a possible strategy would be looking for
more data to discriminate appliances with close states more accurately. Real and reactive powers
can be used to form a two-dimensional space, extra features like the harmonics on different signals,
current and voltage can also be included in the model [125]. External features like time of the day,
day of the year or weather information can also be used to obtain more information concerning the
inhabitants’ behavior [25].
The last distinction to make considering the NILM algorithm is the distinction between supervised
and unsupervised learning algorithm. Supervised learning algorithms use individual load signal
of each appliance to learn the characteristics of their states, power amplitude, operation time,
steady or transient signature [126]. Using this collection of information, the states can be traced
back to the overall consumption signal.

4.2

State-of-the-art methodologies

State-of-the-art methodologies are variations of Hidden Markov Models (HMMs) and Artificial
Neural Networks (ANNs), which are supervised learning methodologies. The following section
gives an overview of both methodologies and discusses their limitations.

4.2.1

Factorial hidden Markov models

HMMs rely on the idea that a system, called finite-state machine, generates observations O forming
a time series {O1 , . . . , OT }, which is the materialization of hidden states S = {S 1 , . . . , S T } (i.e.,
unobservable) following a Markov process (Figure 4.2b) [125]. A Markov process is a stochastic
model that describes the change of states of a system probabilistically. For example, a single
appliance of type-II with three states: (i) ON, (ii) OFF, and (iii) standby would generate the
transition matrix A, that can be illustrated by a chart as presented in Figure 4.2a. In addition
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(c)

Figure 4.2: State transition model of a three-states appliance (a), representation of Markov chain (b),
representation of a Markov chain with three appliances (c) [127].

to the arrows representing the transition from one state to another, probabilities are associated.
The underlying set of states {S 1 , . . . , S t , . . . , S T } forms a Markov chain. An interesting property
of Markov chain is that a state is independent of the past states [128]. In the case of NILM, the
objective is to obtain a set of Markov processes (i.e., one per appliance) to disaggregate the overall
consumption pattern. Factorial Hidden Markov Model (FHMM) is a generalization of HMM where
the states of each appliance are factorized into a Markov process [129]. Figure 4.2c is a schematic
representation of how the states {S1t , S2t , S3t } of three appliances at each time step t contribute to
the observed overall electricity consumption xt .
The states and transition matrix are estimated using the Baum-Welch algorithm, a variation of the
Expectation Maximization (EM) algorithm [127, 130]. The EM algorithm is doing iteration over
two steps: (i) The E-step, using the parameter estimations to compute probability distributions
over the hidden states, and (ii) The M-step, using the obtained probability distribution to maximize
the expected log-likelihood of the parameters and adjust them accordingly [129]. The E-step
is intractable due to the complexity of combining all the possible hidden states to generate the
probability distribution.
With HMM, the classical algorithm used to obtain the chain sequence is the Viterbi algorithm [131].
From the observations, which are distorted information, the algorithm calculates the maximum
likelihood estimates of the successive states of a finite-state machine. The complexity of the Viterbi
algorithm is linear along a Markov chain. However, its complexity increases exponentially with the
number of appliances considered in the model. This is because the probability of each transition
must be evaluated at each time step. Since the variables correspond to each combination of all the
appliances’ states, the number of transitions is exponential to the number of appliances. Hence,
the Viterbi algorithm suffers from the same problem as the E-step of the EM algorithm. It becomes
intractable with a large number of appliances. In [132], a sparse Viterbi algorithm is implemented
to reduce the number of states to consider and make it tractable.
In [127], a standard FHMM is implemented using the Baum-Welch algorithm to estimate the states
and a Viterbi algorithm to obtain the Markov chains. In [133] variations of FHMM implementation
are the additive FHMM, where each HMM emits an unobserved real-value, and the difference
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FHMM, where the observation are the differences in aggregate power between consecutive time
steps. An explicit duration HMM with differential observations to overcome that HMM cannot
model the operation time of each state is proposed in [134]. In [128], a conditional FHMM
integrating additional features, like the time of the day or factorial semi-Markov models to estimate
operation time of appliances is presented. Both approaches are also combined into a conditional
factorial semi-Markov model to the benefit of both characteristics. In [135], the difference FHMM
proposed in [133] is incorporated into a graphical model. In [136], application of FHMM is done
on a large campus building.

4.2.2

Artificial neural networks

ANNs have developed branches into different parts of supervised data analysis (i.e., regression,
classification). As NILM can be assimilated to a complex classification task or a regression, ANNs
intuitively became a good candidate to solve NILM problem. Depending on their architecture,
ANNs can operate different tasks. ANNs mimic the way biological neural networks in the brain
are organized, connected and activated. Neurons are connected by dendrites at the end of which
are synapses. Inside neurons, the information is transported via electric impulse. At the synapse
level, the electric impluse is converted into a chemical signal and its intensity is converted into
concentration of neurotransmitter molecules. On the surface of the neuron receiving the signal,
there are receptors to the neurotransmitter molecules. When the summation of all the receptors
reaches a certain threshold, the receiver neuron is activated and emits an electric impulse to the
dendrites.
ANNs basic structure is composed of: (i) an input layer, where the signal enters the network, (ii) one
or many hidden layers, which form the depth of the network, (iii) the output layer generating
the results (Figure 4.3a). In each layer, a certain number of neurons called units are laid. When
designing ANN three aspects are important: (i) The architecture of the network (number of layers,
number of units per layer), (ii) the type of activation functions to use in the different layers, and
(iii) the training data. The activation function can be chosen according to the task to complete
(Figure 4.3b). For example, linear activation functions are used for forecasting while logistic
activation functions are preferred for classification. The combination of layers and units allows
learning complex non-linear relationships between features. The training of ANNs consists of
adjusting the weights of the network, represented with arrows in Figure 4.3a, so that the output
of the network fits the training output data using a corresponding input data. To do so, training
dataset, with both the input data and the corresponding output data, is needed. The input data
enters the network and the information is passed through the network according to the weights.
On the output layer, the error between the output generated by the ANN and the exact output
data from the training set is calculated. The backpropagation algorithm is then used to distribute
the responsibility of the error to the different weights and adjust their value accordingly [137].
The simplest ANN structure observed in the literature is the multilayer perceptron that consists of
the input layer, several fully connected hidden layers, and the output layer [26, 138, 139]. Based
on the multilayer perceptron, autoencoders are ANNs that take a signal as input, concentrate the
information into a code layer (hidden layer with fewer units than the others) and decode it to
match the output [26, 140]. Autoencoders are efficient at removing noise from a signal. In the
context of NILM, the signal would be the consumption of a specific appliance, and the noise the
consumption from the other appliances. The emergence of ANN architectures specialized in the
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Figure 4.3: Example of structure of an ANN (multilayer perceptron) (a) and example of activation
functions used with ANNs (b).

analysis of time series called Recurrent Neural Networks (RNNs) allowed to process online time
series [141]. The most advanced ANN encountered in the literature, RNN with Long Short Term
Memory (LSTM), is the most used architecture [26, 140, 142]. LSTM are specialized time series
units that regulate RNNs learning gradients. Hence, it adapts the coefficients of the network to
changing data.
The main problem of ANNs is that their construction and training is arbitrary [132]. Indeed,
the design of ANNs is empirical and it is difficult to evaluate a priori what exact structure the
network should take. Furthermore, the training requires labeled data, and the performance and
generalization ability to unseen data of ANNs depend on the data observed during training.
For NILM using state-of-the-art methodologies, the collection of high-resolution data for both
individual appliances and aggregated consumption was the limiting factor [126, 143]. Dataset
like REDD [25], UK DALE [144], Blued [145], AMPds [146] made training possible. The problem
of NILM implementations is generally their lack of pragmatism towards what is possible to
implement with real-world data and what information are relevant for customers or utilities [147].
The implementations focus on disaggregating the most accurately down to the smallest appliance,
as a machine learning problem and not an engineering problem.

4.3

An unsupervised non-intrusive load monitoring methodology

In contrast to state-of-the-art NILM methodologies, we propose an unsupervised NILM methodology that combines, (i) a sparse signal approximation using an Orthogonal Matching Pursuit (OMP)
algorithm, (ii) a Gaussian Mixture Model (GMM), and (iii) a community detection. They are
materialized with dashed lined rectangles in Figure 4.4. The overall structure of the algorithm is
presented in Figure 4.4.

4.3.1

Power signal sparse approximation

A power signal sparse approximation consists in approximating the aggregated power consumption
using a set of functions ϕ. The observation of the load behavior and the categorization into four types
of appliances shows that most appliances have non-transient states (i.e., type-I, type-II and type-IV
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Figure 4.4: Overview of the OMP-GMM-community detection unsupervised NILM algorithm.
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Figure 4.5: Representation of the general shape of boxcar functions.

appliances). Hence, load patterns can be approximated accurately using translation-invariant
boxcar functions [148]. Each boxcar function takes the form
1
ϕtl,w = √ Πtl−w/2,l+w/2 ,
w

(4.2)

where l is the boxcar translation and w the width and Πta,b = H(t − a) − H(t − b) with H a
Heaviside step function. Figure 4.5 illustrates the general shape of a boxcar function and the
different parameters involved in its design.
In the sparse approximation framework, (4.1) can then be written
xt =

K
X

αk ϕtk + εt

(4.3)

k=1

where αk is the activation coefficient associated to function ϕk and takes value in R≥0 . It can
be written in a vectorial form as, x = α Φ +  where x is the load vector for all time indices,
Φ = {ϕ1 , . . . , ϕk , . . . , ϕK } a dictionary of boxcar functions, α is the vector of coefficients αk and 
a vector of residuals.
The dictionary Φ is said to be overcomplete as all the possible boxcar functions are generated
ahead of the approximation, but only a subset J  K is used during the approximation [149–151].
Hence, α is a sparse matrix as most of the coefficients are equal to zero. The non-zero entries in α
are gathered in a support vector Λ that restricts the dictionary Φ to the subset ΦΛ . The aim is to
reach a degree of sparsity that eliminates transient states or internal states fluctuation. To do so,
the changes in power consumption are detected using a fixed or adaptive threshold (i.e., minimum
variation of power).
Direct approaches to sparse approximation, like combinatorial optimization, are complex and
require important computing resources. Matching Pursuit (MP), an iterative process using a greedy
algorithm, can be implemented instead [152]. MP finds iteratively the local optimal solution
that makes an acceptable approximation to the global optimal solution. OMP outperforms MP
by updating at every iteration all the activated coefficients simultaneously in generating the
orthogonal projection of the selected functions [153]. Hence, it iteratively corrects the coefficients
associated with each function. Nevertheless, OMP requires more computational resources as a
consequence of the additional calculations.
The OMP algorithm proceed as follow: At iteration j = 0, the residuals r0 are equal to x, the
coefficients in α0 are set to 0 and subsequently Λ0 is empty. At each iteration j, a single element kj
from Φ that maximizes
kj = argmax ||rj−1 ϕk ||2 ,
k

(4.4)
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is selected and corresponds to the widest boxcar function that can fits under the residuals at j − 1.
Subsequently, the sparse support vector includes the function kj
Λj = Λj−1 ∪ kj ,

(4.5)

The coefficients αj are computed as least square estimates, i.e.,
αj = argmin ||x − αΛj ΦΛj ||2 = Φ†Λj x,

(4.6)

α

bj at
where Φ†Λj is the Moore-Penrose pseudo-inverse of ΦΛj [154]. The approximated signal x
bj = x
bj−1 + αkj ϕkj where αkj is the activation coefficient of ϕkj .
iteration j is then calculated with x
bj .
Finally, the residual is updated as rj = x − x
The output of the last iteration is the sparse support vector ΛJ restricting the overcomplete
dictionary to ΦΛJ .

4.3.2

Dimension reduction

After sparse signal approximation, combinations of boxcar functions form the signature of an
appliance. Over the repeated apparitions of the signature, the shapes of the boxcar functions
used are slightly different. It can be because of the other appliance active at this moment or
small variation in the signature. Nevertheless, these boxcar functions exhibit a strong cross-time
dependency. However, a consequence of the overcomplete dictionary is that the boxcar functions
selected by the OMP are mostly used only once. The community detection exploits the cross-time
dependency of boxcar functions to generate the multi-state signatures. To identify boxcar functions
that are close to each other as the same one, create redundancy and reinforce cross-time dependency
between boxcar functions generated by the same appliance, boxcar functions are clustered. Hence,
the clusters are used to form the communities. The clustering is implemented on the parameters
(α, w) that describe the shape (power amplitude, operation time) of boxcar functions when
removing the translation l. The shapes of clusters in the 2D space (α, w) are unknown a priori.
A GMM generates clusters based on the fitting of Gaussian distribution on the points in the 2D
space, which can be round or ellipsoidal depending on the structure of the covariance matrix [130].
Selected boxcar functions in ΛJ have coordinates ζk = (αk , wk ) and ζ = {ζ1 , . . . , ζK }. A mixture
of G clusters1 is then defined as
p(ζ) =

G
X

φg N (ζ | µg , Σg ),

(4.7)

g=1

where µg is the mean, Σg is the covariance matrix and φg is the mixture coefficient of the g th cluster.
The total probability density function integrates to one with φg ≥ 0 and N (ζ | µg , Σg ) ≥ 0. The
mixture coefficients φg must satisfy
G
X

φg = 1 and

0 ≤ φg ≤ 1.

(4.8)

g=1

Boxcar functions belonging to the same cluster are tagged as such and considered the same in
the community detection. The performance of community detection depends on the number of
clusters G. Hence, G is determined empirically with backward and forward fine-tuning between
the community detection and the GMM.
1 despite

GMM being a classification approach, we will abusively use the term ’cluster’ for simplicity.
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Community detection

Graph theory analyzes relationships (connections) between objects in a network (graph). A graph
Γ(V, E) is a representation of pairwise relations between objects, where interactions are expressed
with a set of vertices (i.e., boxcar functions) V and a set of edges (cross-temporal dependencies)
E = {e(u, v) : u, v ∈ V } [155]. Edges can be oriented in a direction or undirected (or bidirectional),
thus each pair (u, v) results in e(u, v) = e(v, u). In this work, the edges are undirected.
Community detection consists in forming strongly interconnected subsets from the graph [156].
Here, a community is a set of boxcar functions that have a strong cross-temporal dependency as
they appear repeatedly close in time.
A weight sampled from a Gaussian distribution is assigned to each edge e(u, v)


−(tu − tv )2
ωu,v = exp
,
2σ 2

(4.9)

where σ is the scaling parameter and tu and tv are respectively the position of the center of boxcar
u and v. It measures the strength of the cross-temporal dependency between two boxcar functions
u and v.
In practice, the community detection algorithm forms disjoint groups C = {c1 , . . . , ci , . . . , cI } that
cluster boxcar functions with strong cross-temporal dependencies. The core of the community
detection process relies on the definition of the objective function that controls the aggregation into
communities. The objective function determines the notion of community structure as groups of
vertices with better internal connections than external [157]. The most known objective function is
the modularity Q of the partition
Q=



1 X
Σci
Σcini − tot2 ,
2m
4m

(4.10)

ci ∈C

where m is the sum of all the weights in the network, Σcini is the sum of the weights from the
i
internal edges of community ci , and Σctot
the sum of the weights from the edges incident to a vertex

in community ci [158]. Q takes values in [−1, 1] where a high value is defined as a high density of
connections between the vertices in the same community and sparse or less dense connections
between the vertices of the other communities.
Computing the modularity of the communities is an NP-complete optimization problem and
thus impractical. The Louvain method is a heuristic approach, that uses an iterative greedy
algorithm, inspired by Hierarchical Ascendant Clustering (HAC), which solves the problem in
O(n log n) [156, 157]. As in the HAC, each vertex u starts as its own community and then the gain
of taking u from its community and moving it into ci of a neighbor vertex v is
P
ωu,v
Σci ωu
∆Qu,ci = v∈ci
− tot 2 ,
(4.11)
2m
2m
P
where, ωu is the sum of the weights of the edges incident to the vertex u, v∈ci ωu,v is the sum of
the weights of the edges from the vertex u to vertices in community ci (only one v at this stage).
u is assigned to the community that maximized ∆Qu,ci and only if it is positive. This stage is
repeated until stability of the partition is reached, i.e., when no individual move could improve
the modularity [156]. The second step builds a new network from the communities obtained at the
previous stage by summing the weights of the edges between vertices of the communities. Then
the first step is reapplied on the network and so on until no improvement on the modularity is
observed.
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4.3.4

Labelling using clustering

A post-processing labeling of the signatures in each community is necessary as the disaggregation
is unsupervised. An appliance can exhibit many signatures that correspond to the different
programs/cycles of an appliance (i.e., cycles of a fridge or programs of a washing machine). To
obtained patterns of typical behaviors, a clustering process is implemented on the activation
events extracted from single appliance consumption signals. A training set of single appliance
consumption signals, completely disjointed in time from the test set, is defined to extract activation
events. The sparse approximation is computed on each activation event. The single activation
events are aligned to all start at t = 2. As they have different durations, the standard Euclidean
distance cannot be used in this clustering process. Dynamic Time Warping (DTW) is presented in
Section 3.3, and it is used to measure the distance between time series that are shifted in time but
is also convenient to measure the distance between time series of different length [159]. In this
specific context, DTW allows us to compare time series, which have different lengths but still could
have similar patterns. For each appliance, the pairwise DTW distance matrix of all the activation
events is computed, then a HAC algorithm using Ward’s criterion on the DTW distance matrix
is computed. From the dendrogram of the HAC, the best partition into 3 ≤ K ≤ 6 clusters is
generated and the representative signatures are generated as averages over each cluster.
The labeling of the activation events from each community is done by calculating their DTW
distances to the set of representative signatures of each appliance. The label of the closest
representative signature is then assigned ot the activation event. The labeling is a mapping process
between labels and the shape of the signature. Thus it needs prior information about how the
signatures of the appliance of interest look like. In other words, labeling cannot be done in a
completely unsupervised manner.

4.4

Performance evaluation

The algorithm performance is evaluated on the UK-DALE dataset [144] and benchmarked against
the results obtained by [160] and [26] using respectively FHMM and RNN with LSTM on the
same dataset. The dataset consists in power consumption data of one household over three
months with five appliances: dishwasher, washing machine, kettle, microwave, and fridge, with
a data resolution of 6 seconds (ten samples per minute). The details of the implementation are
given in Section 4.4.1, Section 4.4.2 presents the performance metrics and the results are analyzed
in Section 4.4.3. Afterward, we evaluate how the change in data granularity influences the
performance of our algorithm. This is done by changing the resolution of the data from 6 seconds
to 1 minute. State-of-the-art methodologies’ performance is known to be highly dependent on the
data resolution, which is not compatible with real-world implementation. The results are analyzed
in Section 4.4.4.

4.4.1

Implementation

The dataset used to demonstrate the performance covers three months. In practice, it would take a
large amount of memory and would be unpractical to generate the overcomplete dictionary on
such an extensive dataset. Hence, the dataset is cut into batches of maximum 1000 time steps,
and the corresponding overcomplete dictionary is generated and represents already 7.4 GB. The
way batches are generated influences OMP performance as it performs the approximation over
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each batch independently and the approximation of the signal is relative to the peak in each
batch. Batches have different lengths and the consumption time series is cut in periods of lower
consumption (less than 70 W), which are materialized with vertical gray lines in Figure 4.6. The
batches length ranges from 30 seconds to 1 hour 20 minutes, with an average of 40 minutes. A low
pass filter assimilating any consumption equal or lower to 5 W as null is implemented on all data.
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Figure 4.6: Top Figure: Raw consumption signal (blue) and OMP approximated signal (red dashed).
Bottom Figure: detailed boxcar functions used to approximate the signal. The vertical gray lines
correspond to the limits of the batches.

The generation of representative signatures is performed on the training set sampled from the
same household and corresponds to a year of data. The clustering process is run on all the
activation events collected from the individual appliances’ consumption signals after sparse
signal approximation. The HAC generates the following number of representative signatures;
dishwasher: 5, washing machine: 6, microwave: 4, kettle: 2, fridge: 6 (Figure 4.7).
The OMP error tolerance is set empirically to 0.055 as it eliminates high-frequency variations
and only keeps large power variations, materializing changes of states. An illustration of the
approximation is given in Figure 4.6, where the blue solid line is the raw data and the red dashed
line, is the OMP approximation. The resulting support vector Λ consists of 6660 unique boxcar
functions. As each activation of type-I appliances (e.g., fridge, microwave, kettle) is approximated
using a single boxcar function, their labeling is operated at this stage (Figure 4.7). For each type-I
appliance, a threshold is empirically set to the maximum distance between a pattern from the
representative signatures and boxcar functions in Λ. The type-I labeled boxcar functions are set
aside for the remaining steps. The type-I appliances have a high-frequency activation and relatively
short operation time, which means that they are likely to be repeatedly activated simultaneously
with a type-II appliance (e.g., washing machine or dishwasher). Hence, it decreases the community
detection performance as the generated signature is corrupted by unrelated boxcar functions.
The GMM generates 43 clusters of boxcar functions. In each cluster, the boxcar functions have
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Figure 4.7: Representative signatures of each appliance.
approximately the same shape (α, w) and are assumed to be generated by the same appliance. One
cluster groups, more than 100 boxcar functions, and five clusters consist of a single boxcar function

Size (number of boxcar functions)

(Figure 4.8). The community detection takes the 43 clusters and looks for high cross-temporal
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Figure 4.8: Histogram of the size of clusters generated by the GMM.

dependencies between them. The community detection has two parameters, the modularity
threshold set to 1 and the scaling parameter for the weights set to 0.95. The community detection
generates four communities. Activation events in each community are then labeled individually,
by calculating their DTW distance to the representative signature in Figure 4.7.

4.4.2

Performance metrics

The performance of NILM algorithms is evaluated using both classification performance measures
and the Estimated Accuracy (EC) [26, 161]. The classification performance measures compare the
predictions to the ground truth. Each point falls into one of the four cells of the confusion matrix,
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where True Positive/Negative (TP/TN) represents the number of times a disaggregated signal from
a single appliance being ON/OFF is correctly assigned, False Positive (FP) represents the number of
times a disaggregated signal from a single appliance is considered ON (consumption significantly
larger than zero) but was actually OFF and False Negative (FN) is a disaggregated signal from a
single appliance considered as OFF (consumption close to zero) but was ON. From the confusion
matrix, the recall or True Positive Rate (TPR), the precision, also known as Positive Predictive
Value (PPV), and the Accuracy (ACC) are respectively defined as
TPR =

TP
,
TP + FN

PPV =

TP
,
TP + FP

ACC =

TP+TN
.
P+N

From the PPV and the TPR, the F1 -score
F1 -score = 2

PPV TPR
PPV + TPR

(4.12)

is calculated. In the NILM literature, the EC for each appliance n
ECn = 1 −

PT

|ynt − ŷnt |
,
PT
2 t=1 ynt

t=1

(4.13)

where t is the time index and n is the appliance index, is used to estimate how accurately the
consumption has been estimated [25, 26, 161–163]. The overall EC is given by
PT
EC = 1 −

t=1

2

PN

|ynt − ŷnt |
.
PN
t
t=1
n=1 yn
n=1

PT

(4.14)

and tells how much of the overall signal is kept after summing up the disaggregated signals. All
the introduced performance evaluation measures take values in [0, 1] and are to be read the same
way: the higher the value, the higher the performance.

4.4.3

Benchmark against state-of-the-art methodologies

The results of the implementation of our methodology are benchmarked against FHMM as
implemented in [160] and RNN-LSTM as implemented in [26] (Table 4.1). Nevertheless, it is not a
fair comparison to benchmark an unsupervised approach against supervised approaches. Hence,
we do not expect to outperform them, but to reach similar performances. In the following section,
LSTM is used for RNN-LSTM and OMP for the combination of OMP, GMM and community
detection. In the across appliances column, only EC is calculated over all appliances, the other
performance metrics are simply the average across all appliances.
For the performance across appliances, the OMP approach performs slightly better for the EC than
the benchmarks. Regarding the classification metrics, OMP outperforms the benchmarks for all
of them besides the TPR. For the TPR, the LSTM largely outperforms (0.85) OMP (0.55) and the
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Table 4.1: Disaggregation performance of the OMP approach compared to FHMM [160] and
RNN-LSTM [26].
Appliance

Accross Appliances

Dishwasher

Washing machine

Method

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

EC
F1 -score
PPV
TPR
ACC

0.93
0.54
0.62
0.55
0.96

0.91
0.18
0.12
0.53
0.70

0.92
0.38
0.36
0.85
0.66

0.26
0.26
0.24
0.29
0.96

0.91
0.05
0.03
0.49
0.33

0.86
0.08
0.04
0.87
0.30

0.71
0.61
0.73
0.53
0.96

0.84
0.08
0.04
0.64
0.79

0.88
0.03
0.01
0.73
0.23

Appliance

Kettle

Microwave

Fridge

Method

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

EC
F1 -score
PPV
TPR
ACC

0.56
0.47
0.33
0.82
0.99

0.92
0.19
0.14
0.29
0.99

0.99
0.93
0.96
0.91
1.00

0.67
0.54
0.79
0.41
0.99

0.84
0.01
0.01
0.34
0.91

0.98
0.13
0.07
0.99
0.98

0.81
0.83
0.99
0.71
0.88

0.94
0.55
0.40
0.86
0.50

0.97
0.74
0.72
0.77
0.81

FHMM (0.53). It means that the LSTM detects the activation events better (high TPR) but also has
a higher false positive rate (lower PPV).
The detailed results of each appliance reveal large performance variability. The dishwasher appears
to be difficult to detect accurately for all methodologies. The OMP algorithm detects it less often
than FHMM and LSTM (lower TPR) but makes less false positives, considering it is ON when
it is OFF (higher PPV). Hence, OMP has the highest F1 -score. For the washing machine, the
EC of the OMP is closer to the benchmarks than for the dishwasher. The TPR of the OMP is
slightly lower than FHMM and LSTM but its PPV is much higher (0.73 against 0.04 and 0.01),
which again generates the highest F1 -score for OMP (0.61). For the kettle, the LSTM generates
the individualized consumption signal almost perfectly as it has values close to one for all the
performance metrics. OMP performs better than FHMM for the detection of the activation events
(higher F1 -score, PPV, TPR). For the microwave, the detection of activation events (TPR) of OMP
is higher than FHMM but lower that LSTM, which misses almost none (0.99). However, in terms
of F1 -score the performance of OMP is again better as the PPV of the benchmarks are poor. For
the fridge, all three methods perform well, FHMM has the highest TPR (0.86); OMP and LSTM
perform similarly (respectively 0.71 and 0.77). The OMP has again a higher PPV, which generates
a higher F1 -score for OMP compared to benchmarks.
The variability of performances from one appliance to another changes depending on the complexity
of the load behavior. The OMP first performs a signal approximation into a square signal
(Figure 4.6). Thus appliances with complex transient load behaviors obtain poorer performance
(e.g., dishwasher). For the same reason appliances displaying similar average power consumptions
and operation times are hard to separate. In general, the OMP approach performs well with
classification metrics (especially with PPV) and the benchmarks have better EC as expected.

4.4.4

Evolution of the performance with the degradation of the resolution

The state-of-the-art approaches require high resolution (under 30 seconds) to identify signatures
based on transient and internal state variations, which means that their performance drops quickly
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with the degradation of the resolution [27]. OMP does not rely on transient states. It is then
expected to perform accurately at a lower resolution. The OMP algorithm was implemented on
the same dataset degraded to 1-minute resolution to assess the evolution of performance with the
degradation of the resolution (Table 4.2).
Table 4.2: Comparison of the performance of the OMP approach with data at 6-second and 1-minute
resolution.
Metrics

Across Appliances

Resolution
EC
F1 -score
PPV
TPR
ACC

Dishwasher

Washing machine

Kettle

Microwave

Fridge

6s

1min

6s

1min

6s

1min

6s

1min

6s

1min

6s

1min

0.93
0.54
0.62
0.55
0.96

0.91
0.53
0.78
0.45
0.96

0.26
0.26
0.24
0.29
0.96

0.57
0.25
1.00
0.15
0.98

0.71
0.61
0.73
0.53
0.96

0.58
0.54
0.59
0.51
0.95

0.56
0.47
0.33
0.82
0.99

0.73
0.60
0.89
0.45
0.99

0.67
0.54
0.79
0.41
1.00

0.35
0.44
0.47
0.42
0.99

0.81
0.83
0.99
0.71
0.88

0.81
0.82
0.98
0.71
0.87

The performance across appliances at 6 seconds is better for all performance metrics besides PPV.
Looking closely at the values, it appears that they are close for EC and F1 -score. The performance
across appliances at 6-second and 1-minute resolution are similar.
Looking at the performance for each appliance, the 6-second resolution performs much better than
the 1-minute resolution only for the washing machine and the microwave. For the dishwasher,
the performance is poor for both resolutions, but the 1-minute resolution has a larger EC, which
means that the individual signal is better recovered. For the kettle, the TPR is higher at 6 seconds
but the PPV is lower than the 1-minute resolution. Hence, the 1-minute resolution has a better
F1 -score. For the fridge, the performance of both resolutions is almost similar.
Between 6-second and 1-minute resolution, the number of data points is divided by ten, yet the
change of resolution does not much deteriorate the performance of the OMP.

4.5

Application to heat pump detection

NILM applications are often pointed at for not focusing on real-world application and being more
of a machine learning puzzle to solve rather than a solution to smart grid problems [147]. In the
following section, we present an application of the OMP algorithm to the detection of HPs. Indeed,
HPs as well as EH and Air Conditioners (ACs) could provide services to the grid if recruited in a
Demand Response (DR) program for example [164].

4.5.1

Data presentation

The data used is a sample from the EcoGrid EU project, which was completed in 2015 [28]. More
details about the EcoGrid EU framework are given in Section 5.1.3. A week of data from the 26th of
December 2014 to the 31st of December 2014 that corresponds to the coldest period (i.e., where
we know HPs are active) is used for the training and the testing. The resolution of the data is
5 minutes, which means that HPs activation events can be visually identified (from amplitude,
operation time, frequency of activation) from the aggregated power consumption signal.
A part of the households in the dataset is known to be equipped with HP and labeled as such
(284 in 1900 households of EcoGrid EU). 50 of them are randomly selected to be used during the
training step to form a prior. The test set is unlabeled, which means that we do not know which and
how many households are equipped with a HP. 65 of them are completely randomly selected from
the households in EocoGrid EU and 10 households are randomly picked among the households
labeled with a HP (to have a minimum number of 10 HPs) to form a test set of 75 households.
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Figure 4.9: Overview of the HP detection algorithm.
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A semi-supervised HP detection algorithm

The signal decomposition, dashed box in Figure 4.9, is the combination of the OMP and the GMM
as presented in Section 4.3. HPs, ACs, EH, and EVs charging power consumption are type-I
appliances (ON/OFF). Hence, using the power signal sparse approximation and a clustering is
sufficient to isolate boxcar functions that are approximation of activation events of HPs.
The approach is semi-supervised, with a training phase, where a prior is learned from the training
set (solid line in Figure 4.9); and a test phase, where HP among unlabeled households from the test
set are detected using the prior, which is inferred after every iteration (dotted line in Figure 4.9).
Training phase: Prior definition
The training phase is materialized with a solid line and is placed on the left-hand side of Figure 4.9.
During the training phase, the subset of households that are equipped with a HP is processed
through signal sparse approximation and clustering. HP power consumption of each household is
visually assessed from the approximate signal and the centroids of the clusters. Clusters with the
corresponding power consumption are flagged as presented in the bottom graph of Figure 4.10.
For each boxcar function from the flagged clusters, the power α (height) and the operation time w
(width) are then collected. The power consumption signal of each HP is then reconstructed by
summing up the flagged boxcar functions. The frequency of activation of HPs can be obtained by
calculating the frequency of positive values over a rolling window of half a day.
Original signal
Approximated signal

Power [kW]

6
5
4
3
2
1
0
3.0

Selected as heat pump
boxcar functions
non- heat pump boxcar
functions

Power [kW]

2.5
2.0
1.5
1.0
0.5
0.0
0

200

400

Time [min]

600

800

Figure 4.10: Raw and approximated power consumption (top) and corresponding boxcar functions
of an household equipped with HP (bottom).

Probability Density Functions (PDFs) (Gaussian, Lognormal and Weibull) are then fitted on the
empirical distribution of the power consumption, operation time and the frequency obtained from
the training set. The best fits are presented in Figure 4.11. The PDF of the power consumption
PP
α is actually a Gaussian mixture p(α) = p=1 φp N (α | µp , σ 2p ) with average consumptions of
each size of HP µp = {2.0, 2.6, 3.0, 4.1, 5.0} (Figure 4.11a). The best PDF fit of the operation time is
a lognormal distribution on the natural logarithm of the operation time (Figure 4.11b). For the
frequency, a conditional PDF to each power consumption µp is fitted. The best fits are lognormal
PDF that adjust well to the long tail on the high end side (Figure 4.11c).

60 CHAPTER 4. UNSUPERVISED NON-INTRUSIVE LOAD MONITORING METHODOLOGY

0.8

1

= 2.0

2

= 2.5

3

= 3.0

4

= 4.1

5

= 5.0

40

0.3

30

0.4

0.2

20

0.2

0.1

0.6

Gaussian Mixture

10

0

0.0

0.0
0

1

2

3

4

5

power=μ1
power=μ2
power=μ3
power=μ4
power=μ5

lognormal
0.4

6

0

1

2

3

4

5

6

7

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200

8

Frequency

Operation Time [log(min)]

Power [kW]

(a)

(b)

(c)

Figure 4.11: Priors generated during the training phase, power consumption (a), operation time (b)
and frequency (c).

The set of three PDFs defines the prior of the load behavior of a HP. It can then be used to identify
similar load behaviors in the overall electricity consumption of unlabeled households, unveiling
the presence of a HP.
Test phase: Heat pump detection and characterization
The HP detection phase is materialized with a dotted line and is located on the right-hand side
of Figure 4.9. Similarly to the learning phase, the overall consumption signals of households
are processed through sparse signal approximation and GMM. Using the PDFs of the power
consumption, the likelihood
L(µp | α) = f (α ; µp , σp2 ) =

1
√

σp 2π

1
−2



e

α−µp
σp

2
(4.15)

of each centroid power consumption α being sampled from a HP with average power consumption
µp is calculated. The likelihood of the power consumption not being sampled from a HP that
follows a lognormal distribution
1

L(µ0 | α) = f (α ;

µ0 , σ02 )

−
1
1
√ e 2
=
α σ0 2π



ln α−µ0
σ0

2
(4.16)

is calculated as well. The maximum likelihood decoding is
L(µp | α)
P [α = µp ] = PP
p=0 L(µp | α)

(4.17)

for each value of µp . It returns a probability in [0, 1] that a centroid with average power consumption
α is sampled from the Gaussian distribution N (µp , σ 2p ).
A counting of the centroids weighted by the size of the clusters is done per household to determine
which µp is the most probable. The clusters with the selected µp as potential HP power consumption
are then kept and the likelihood, the maximum likelihood decoding as well as the counting is then
implemented on individual boxcar functions. The households with µ0 as the most probable power
consumption are discarded as they are considered not likely to be equipped with a domestic HP.
The same operation is done using the lognormal PDF on the natural logarithm of the operation
time for the selected households. The complementary lognormal PDF of the natural logarithm of
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Figure 4.12: Distribution of the Kullback-Leibler divergence calculated between the frequency
PDF fitted on individual households in the training set and the corresponding frequency PDF in
Figure 4.11c. The orange line is the fitted lognormal PDF and the green dotted line is the threshold
under which it is unlikely that a distribution of frequencies is sampled from a HP.

operation times of boxcar functions not generated by HPs is used to calculate the corresponding
likelihood and subsequently do the decoding.
For each household, the set of boxcar functions that are likely to be generated by a HP are summed
up to form the power consumption signal of the HP. It is then differentiated and the frequency of
activation is calculated using a rolling window. As the frequency PDF is conditional to the power
consumption of the HP µp , the corresponding PDF is used to calculate the likelihood. The decoding
of the maximum likelihood cannot be done here as the likelihood of frequencies generated by other
appliances cannot be calculated. The Kullback-Leibler divergence


X
P (i)
DKL (P || Q) = −
P (i) ln
Q(i)
i

(4.18)

between the corresponding power consumption conditional PDFs of the frequency from the
training phase, and each individual HP frequency PDF of the test set is calculated. It generates
another lognormal PDF, Figure 4.12. A threshold of 0.1 is defined empirically under which it is
unlikely that the frequency of activation events is generated by a HP.
The performance metrics used to evaluate the detection are the classification metrics : TPR, PPV
and ACC as described in Section 4.4.2.

4.5.3

Results

The performances are evaluated for each step of the detection and the overall performance of the
algorithm (Table 4.3). The results are presented with both the outlook of what we know a priori is
the ground truth (left-hand side of Table 4.3) and after checking for unlabeled HPs detected and
thus wrongly considered as false positive (right-hand side of Table 4.3). After visually checking
for false positives and false negatives, three unlabeled households were displaying patterns that
were identified as a HP and were correctly detected. No unlabeled HPs were classified as false
negatives.
The first step of the detection has low PPV and a high TPR, which is expected as the range of
possible average power consumption is wide and thus not discriminative. The two households
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Table 4.3: Performance of the HP detection at each step, with or without correcting for false
positives being actual HPs.
A priori

Corrected

TPR

PPV

ACC

TPR

PPV

ACC

Power
Operation time
Frequency

0.80
1.0
0.88

0.11
0.23
0.32

0.15
0.56
0.21

0.84
1.0
0.91

0.16
0.30
0.45

0.19
0.60
0.35

Overall

0.70

0.31

0.75

0.77

0.46

0.80

labeled with a HP that are discarded at this stage are on the extremity of the range [1.2, 6.0] that
we consider possible for a domestic HP based on the PDFs in Figure 4.11a. The other households
discarded at this step have maximum power consumption under 1.5kW, which is associated with
a low probability of the presence of a HP. From an operation time perspective, the detection
provides a better ACC of 0.56 associated with a higher PPV (0.23). No households labeled with a
HP are discarded at this stage (TPR=1.0). The frequency step reduces the false positive rate (high
PPV). Its ACC and TPR are a bit lower than the operation time, as one labeled household has been
discarded since it displays a high frequency for a HP (probably an EH).
The overall performance of the detection algorithm with the a priori information is correct. After
correction, all the performances for all metrics are increased (when not 1.0) by at least 0.4. The rate
of false positives is still relatively high (low PPV), but in the context of HP detection it is preferred
to have a high TPR and a low PPV so that most of the HP are kept. A visual examination of the
false positives at the end of the process reveals that it consists of households equipped with large
EH, which can have a loading behavior similar to HPs for power consumption and frequency. The
operation times are in contrary usually short (5 minutes or less) but the operation time prior is not
strict on the low side of the distribution and did not discard them (see Figure 4.11b).

4.6

Conclusion

The unsupervised disaggregation methodology presented in this chapter has shown similar
performances to state-of-the-art supervised NILM methodologies. It is an application-oriented
NILM methodology as it can be used with resolution data that are close to the utility standard.
Indeed, the state-of-the-art NILM implementations aim at providing feedback to customers on
individual appliance consumption to modify their energy behavior. They suffer from considerable
computing costs. Thus, the potential power savings are low in comparison to the power used for
computing. Hence, the implementation of an unsupervised NILM approach that uses standard
metering data to detect appliances that can either contribute to the unbalance or provide services
to the grid is of interest.
By definition, the algorithm used for HP detection is robust and can detect HPs even if other large
appliances are present in the aggregated signal. As long as the characteristics of the appliances
defined in the prior are not completely overlapping, it should be possible to individualize them.
Similarly, auto-consumption using Photovoltaics (PV) or batteries should not affect the performance
as long as sections of the signal (with a length of some hours) with low auto-consumption can
be recovered. New business models rely on this type of approach to detect and manage flexible
assets. The increase of EVs that could charge simultaneously and create important unbalances
has emphasized the need for smart charging facilities. However, before installing smart charging
facilities, standard domestic charging facilities have to be detected.

CHAPTER

5

Analysis of Metering Data in a
Demand Response Framework
The modernization of the grid is a requirement for the implementation of ’greener’ energy policies to
increase the share of Renewable Energy Sources (RES). Indeed, with the increase of variable, uncertain
and not controllable generation in the energy mix, flexibility has to be found somewhere else. Demand
Response (DR) is a cost-effective approach that can be associated with other flexible solutions to balance the
distribution system. DR is a decentralized source of flexibility, which requires metering and communication
infrastructure. Hence, it can be a complex task to implement it. This chapter discusses how to evaluate
responsiveness, then quantify and characterize the responses. As a DR implementation requires equipment
for participating households, it is likely to fail, and identifying faulty equipment is a crucial task for
troubleshooting as presented in [Paper E]. The response capacity is then shortened due to technical failures.
The characteristics and the amplitude of the responses have to be evaluated as well to understand the dynamics
of the responses. This is usually done by comparison to a baseline, which is an estimate of what would be the
load without DR. Baselines being by definition biased, we propose a methodology, using the work in [Paper
F], to evaluate the response without baseline.

5.1
5.1.1

Background of demand response and analysis of responses
Purpose of demand response

The integration of a higher share of RES in the energy mix, dictated by climate change and
‘greener’ energy policies, makes the generation more intermittent (i.e., weather dependent) and
less adjustable to the demand. Hence, new ways are required to balance the demand to the
generation. Utilities have many flexibility options to balance a system with large share of RES,
(i) fast ramping generators, (ii) curtailment, (iii) storage, and (iv) flexibility of the demand [6].
All the options are developed and the solution lies in a combination of them. However, flexible
demand remains the least costly source of flexibility. Demand Side Management (DSM), harnessing
demand flexibility, enables carbon mitigation goals and reduction in generation capacity, which
subsequently reduces investment in larger capacities [7]. The reliability of the grid is also increased
as additional solutions can be used before reaching the point where an intentional brown-out
happens leading to unknown consequences. Demand Response (DR) is the main tool of DSM
with energy response (Figure 5.1). Under the term DR, all the frameworks that intend to modify
load shapes through various incentives, especially reducing peak loads, are gathered. Indeed,
the aggregated peak load is used to determine the generation capacity that has to be installed.
Reduction/mitigation of the aggregated peak load is a strong leverage to postpone investments in
63
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grid reinforcement [165]. In a nutshell, DSM is the policy that consists in modifying the demand
consumption and it is evaluated on medium to long term, while DR is a tool to implement DSM
and its evaluation is done on short term [166].
By taking a closer look to the DR branch in Figure 5.1, it can be noted that the output of a DR-event
can be either dispatchable or not dispatchable, depending on whether an incentive results in
an exact response or not. Non-dispatchable DR are economic incentives through time-sensitive
pricing, which passes the marginal cost of generation onto end-customers, depending on the
generation mix. Hence, highly carbonated generation, which has a high marginal cost, is penalized
with a higher price to customers. The dispatchable DR consists mostly of tools used to maintain
high reliability on the grid. DR, triggered at the Distribution System Operator (DSO) level, can be
used for reliability by reducing the capacity of the aggregated load in disconnecting or reducing
some individual loads [167]. The demand can also be used as a reserve (spinning or non-spinning)
through DR based on operating reserve capacity requirements that are defined to reach applicable
reliability standards [168, 169]. The last use of DR is for regulation in case of a change in grid
frequency (i.e., frequency response) [170]. DR has emerged as a popular approach to provide
services to the grid with its pros and cons [164].
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Load as a capacity resource

Reliability
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Energy
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Figure 5.1: Relationship between DSM and DR [165, 168].

A multitude of DR frameworks exist, corresponding to the combinations of the targeted loads,
the design, and the technical infrastructures [18]. DR can also be used to provide a variety of
services. Thorough reviews of state-of-the-art DR deployment are given in [18, 35, 165, 171–173].
DR through time-sensitive pricing has emerged as a popular option due to its ability to respond
quickly to changes in the generation mix (i.e., wind, solar) and the simplicity of financial settlements,
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as customers are rewarded according to the provided flexibility [164]. In contrary to other DR
frameworks, it allows customers to remain flexible and retain control [174]. The individual
responses to price variation are seen as stochastic (i.e., many unknown parameters drive the
response), but the response of the pool of participants remains statistically predictable. Hence, two
major problems appear: (i) How can we check systematically that the equipment on the participant
side responds? (ii) How can we dissociate the responsive part of the load from the non-responsive
part? Besides mentions of the need to evaluate the responsiveness of controllers installed in each
participant household, description of protocols and development of methodologies to identify
non-responsive controllers remain lacking despite being crucial in practice for operating DR
efficiently.

5.1.2

What is a baseline?

The challenge of assessing what the responsive part of a load is, is a well-studied topic in the DR
literature [175–178]. The main tool used is baselines that estimate the load without DR incentives.
Baselines are either formed by a representative households that are exposed to the same conditions
as the participating households and generate a synchronous baseline, or metering data of the
participants are collected before the DR program begins and their loads are forecast to generate a
baseline. The main obstacle to baseline generation is that it requires metering data under non-DR
conditions.
For forecast baseline, the standard model used is the auto-regressive integrated moving average
(ARIMA) models with exponential smoothing [30]. It can also include geographical factors [179]
and seasonal variations [180]. Baselines can also be generated using Artificial Neural Network
(ANN) [181]. However, the black box nature of ANNs obscures understanding of the dynamics.
The main benefit of ANN over linear modeling is the ability to capture non-linear relationships
among external variables [30]. Nevertheless ANNs are not ultimately outperforming linear
models [182, 183] and it is difficult to find the balance between overfitting and generalization
of ANNs [181, 184]. Hence, if the DR has been running for some time, an assumption on the
stationarity of the load signal has to be made to use a baseline modeled on data collected before
DR implementation. However, as discussed in Chapter 3 it is a strong assumption.
The baseline can also consist of a set of households, which are statistically representative (i.e., have
the same characteristics and the same weather condition) of the DR participants. Nevertheless,
such a representative pool is difficult to obtain in practice. The obtained baseline can then be
subtracted from the observed load signal under a DR event to analyze the response. The baseline
serves two purposes, (i) it can be used in the market mechanism, and (ii) for the response evaluation.
Hence, it would be an important achievement to get free from the baseline.

5.1.3

Empirical Framework: EcoGrid EU

The EcoGrid EU project is a large scale DR program implemented on the Danish island of Bornholm
where RES represent a large share of the generation mix. The goal of EcoGrid EU was to exploit
the thermal storage flexibility of residential participants in a large scale real-time market using a
Real Time Pricing (RTP) [185]. The DR controls only heating elements, Heat Pumps (HPs) and
Electric Heating (EH). Households participating in the program are equipped with automated
devices provided by different manufacturers and subsequently controlled by different algorithms.
Considering the indoor temperature and the comfort settings, households react to price at different
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threshold depending on their thermal capacity margins. We assume that algorithms in controllers
do not affect the amplitude of the response but the pace and the frequency of responses. The
behavior of loads is stochastic. Each household may respond differently from one day to another,
depending on the activity of the inhabitants.
The DR framework in EcoGrid EU is a hardware-in-the-loop market platform (Figure 5.2), which
can be divided into four blocks: (i) The forecasting module estimates future load based on
historical consumption, weather forecasts, and prices. (ii) The day-ahead unit commitment
schedules dispatch according to spot prices and wind power forecast. (iii) The EcoGrid market
finds 5-minute prices for the next hour. Its main objective is to maintain the system balance and
maximize the social welfare by dispatching conventional balancing power and DR. (iv) 5-minute
imbalance optimization adjusts marginally the prices before committing the RTP.
Offline
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model parameters
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Figure 5.2: Overall representation of EcoGrid EU market and price generation.

The spot price is positively correlated with the consumption profile, i.e., a high demand engenders
a higher spot price. As the spot price is a component of the RTP, the RTP generally follows the
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daily load pattern. In practice, a responsive load is negatively correlated to RTP (i.e., consumption
increases as the RTP decreases and vice versa). A full description of the market clearing mechanism
that determines the RTP is given in [28].
Table 5.1: Test group descriptions.
Group

type of heating

Hardware

Software

type of DR

number

Group 1
Group 2

mixed
mixed

none
none

none
manual

none
none

253
455

Group 3
Group 4
Group 5
Group 6

HP
EH
HP
EH

auto.
auto.
auto.
auto.

195
322
84
398

manuf.
manuf.
manuf.
manuf.

1
1
1
3

manuf.
manuf.
manuf.
manuf.

1
1
2
3

Out of 1900 participating households, 1707 are kept in this work after filtering out households with
more than 10% metering data missing. Four groups were fitted with automated equipment (groups
3–6 in Table 5.1). Group 1 was supposed to be the Customer Base Line (CBL), but appeared to be
non-representative of the participant and thus could not be used as baseline [30]. Group 2 had no
automation and participants were asked to change their consumption according to information
provided via SMS. Controllers of groups 3–5 are from the same manufacturer, with either EH or
HPs and a different algorithm for group 5. Group 6 is equipped with both hardware and software
different from the other groups. The data were collected from September 2014 to February 2015
with an outdoor temperature between -10.6 °C and 18.0 °C. The resolution of the metering data is 5
minutes.

5.2

Responsiveness testing protocol

In the following section, we introduce a test-control protocol and the associated evaluation
methodology to assess whether or not loads of households participating in the EcoGrid EU DR
program are price-responsive. The test-control protocol is commonly used in clinical trials for
the pharmaceutical industry to evaluate the efficiency of medicines or treatments. It consists of
comparing the results from a ‘control group’, which does not receive the treatment to a treated
‘test group’.

5.2.1

Experimental setup

Clinical trials were historically developed in the pharmaceutical industry [186]. It appeared to
be impossible to conclude on the efficiency of a treatment based on tests on individual biological
organisms. Hence, testing on populations reduced the potential bias produced by individuals on
the overall assessment. The inherent uncertainty on the responsiveness (response to a treatment)
resulting from the absence of homogeneity in the test group as well as in the reference group (e.g.,
behavior of the user, thermal comfort setup, energetic profile of the buildings), supports the idea
that a clinical trial approach is relevant in this case.
Control group: Customer base line
The initial phase of the EcoGrid EU project was to recruit households by installing controllers.
During the recruitment, the central operator disabled deliberately the automation of some
households, while others were disabled because of technical problems. In the clinical test approach,
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the CBL would constitute the reference group not exposed to the treatment ‘price’. The CBL was
created by averaging the power consumption signal of all disable households. The composition of
both test and CBL groups varied from one test-case to the next as the technical problems evolved.
Based on the observations of the CBL and non random appearance of the technical problems, it is
concluded that the CBL is biased. Consequently, it influences the estimated confidence intervals
and hypothesis tests performed.
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Figure 5.3: The different type of price signals (a) and price variations during the tests (b).

Treatments: Test cases
Test cases that stressed price-responsiveness in having extreme price variations were used as
‘treatments’ to observe and evaluate the responsiveness of controllers. As the power consumption
should vary inversely to the RTP, a significant change in the power consumption was expected [187].
Test cases have the same duration of 24 hours and their shape and values are detailed in Table 5.3b
and Figure 5.3a. Large step-down prices are strong incentives to consume electricity, especially
when they are negative, as they generate benefits. In contrary large step up prices are designed to
immediately decrease the consumption of HPs and EH to zero.

5.2.2

Load profiling

A load profiling of the loads in each test case (Figure 5.3b) and per group (Table 5.1) has been
performed. Load profiling would reduce the number of load responses to analyze. Furthermore,
clustering would allow us to identify outliers and discard them from the test group [19]. The causes
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of variability of the responses are manifold. It can be, (i) technical problems, (ii) non-optimal setups
(e.g., bad location of the sensors), or (iii) inhabitants interacting with the controllers (e.g., turning it
off or changing comfort settings). Hence, we expect the responses to be diverse and changing in
time as a load may be responsive during one test case and not responsive during the next one. The
elements in the non-responsive clusters form a list of households to check for troubleshooting. The
combination of 16 tests with large price variations leaves little doubt that a household where a
large change of consumption opposite to the price variation is observed repeatedly, is responsive
despite the bias on the CBL.
Section 3.2 gives an overview of the clustering algorithms used in the literature on load profiling.
Depending on the a priori information, the number of clusters to generate can be known or
unknown [188]. In this experiment, we have no prior information to determine K, the number of
clusters to be generated; it has to be determined a posteriori. Hierarchical Ascendant Clustering
(HAC) allows to determine K a posteriori from a dendrogram with only one instantiation.
Some preprocessing of the data is required to make the loads comparable for the HAC algorithm.
Centering of the households’ load is operated by removing the mean over the test period. Hence,
after centering, all the loads have an average of zero over a test period. Their dynamics and response
amplitude are conserved, thus allowing them to better compare the higher-order dynamics of the
various households [189, 190].
Despite the possibility of having many typical possible responses for each test case, some
synchronization in the responses is still expected as all households receive the same signal. In that
context, the distance used for the HAC should account for covariances between the consumption
signals. In our experimental framework, the space we have to explore has the dimension of the
number of measurements performed in time. The resolution of the data is 5 minutes and a test
case last 24 hours. Power consumption signals are time series and display temporal dependence.
The Mahalanobis distance [191]
>

dM (xi , xj ) = (xi − xj ) σ −1
ij (xi − xj )

(5.1)

where σ ij is the covariance matrix between the two load signals xi and xj respectively from
household i and j, fulfills the aforementioned requirements. The covariance matrix σ ij can be
singular when the number of households I is smaller or about the same as the number of time steps
T in the load signals [192]. To prevent singularity, σ ij is replaced in (5.1) by a shrunk covariance
matrix
σ ∗ij = λΘij + (1 − λ)σ ij

(5.2)

where Θij , referred to as the target, is a diagonal matrix formed with the element on the main
diagonal of the original covariance matrix σ ij and λ is the shrinkage coefficient [192]. It is an
efficient way to obtain a non-singular closest estimate of the covariance matrix σ ij . The shrinkage
does a trade-off between a highly-structured matrix (Θij ) and a non-organized one (σ ij ), while λ
allows controlling the balance between the two [193]. We set
(
P
b(cmn )
λ∗ ,
if λ∗ 6 1
m6=n σ
∗
λ=
with, λ = P
2
1,
otherwise
m6=n cmn

(5.3)

where cmn are the components of the (sample) covariance matrix σ ij and σ
b(cmn ) their estimated
variance [194].
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The HAC input is the pairwise Mahalanobis distance matrix dM calculated between all pairs of loads
(i, j). The clusters are then regrouped using Ward’s method, also known as the minimum-variance
method
E=

K X
I
X

d(xi , yk )2

(5.4)

k=1 i=1

where K is the number of clusters and yk is the centroid of cluster K. It aims at minimizing the
increase of the within-cluster sum of squared distances, E, at each iteration of the agglomerative
process [86]. The total variance of a set of a clustered set of loads is the sum of the within-cluster
variance plus the between-cluster centers variance [195]. As Ward’s method minimizes the increase
of within-cluster variance, it also maximizes the variance between cluster centers. The clusters are
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Figure 5.4: Dendrogram for the clustering of 35 households in one of the EcoGrid EU experiment.
The red line indicates the cut made to obtain 3 clusters.

The output of the HAC is graphically represented in a dendrogram (Figure 5.4). The dendrogram is
a basis to chose K, depending on the structure of the tree and the aim of the clustering. The decision
is expert-based and relies on user interpretation of the structure of the tree and the knowledge on
the problem to solve [196].
A partition into K clusters is obtained after cutting the dendrogram. The centroids can then be
represented as the average of the loads in each cluster in parallel to the averaged load of the CBL
and the RTP (Figure 5.5). From the graphical representation clusters with reactive adjustment
to the price variations in comparison to CBL) can be sorted out from the non-responsive ones.
Non-responsive clusters are then discarded at this stage. For example in Figure 5.5, the clusters
2 and 5 were discarded, as cluster 2 follows the CBL and cluster 5 has no day activity as the
households are empty. The test group is now cleaned from non-responsive loads and in the
remainder of the paper, we refer to the selected subgroups as test groups.
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Figure 5.5: The averaged time series is calculated for each cluster in the test group and displayed
as a colored dashed line. The black dashed line is the averaged time series of the CBL and the
green line is the price.

5.2.3

A clinical trial test to determined responsiveness

By analogy to clinical trials in the pharmaceutical field, the CBL is our reference group, the
price is our treatment, and the households receiving the price signals constitute the test group.
The question we aim to answer is: Do price variations induce significant opposite changes in power
consumption?
The clustering results can be analyzed, (i) visually by comparing the centroid of the selected clusters
from each group to the CBL during the DR event, or (ii) statistically using hypothesis testing.
They provide approximately the same information. The visual inspection is used to illustrate the
responses, but also to get an impression of the range of possible behaviors. The statistical test is
used for decision making.
Visual evaluation
The visual examination of a cluster centroid in parallel to the CBL and the RTP. The associated
confidence intervals during a test case give clues to evaluate responsiveness (Figure 5.6).
Analysis of the distribution of the data shows that it does not follow a Gaussian distribution.
Hence, a nonparametric approach (Non-Studentized pivotal method) using bootstrap sampling is
used to generate confidence intervals [189]. From the average of 5000 samples, the 95% confidence
intervals defined by 2.5% and 97.5% quantiles of the distributions are computed.
If the confidence intervals are not overlapping during the price variation, it can be inferred that the
behavior of the test group is different from the CBL, for example from 7:05 to 8:05 in Figure 5.6. On
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Figure 5.6: The average time series from the CBL and a cluster from the test group with their
respective 95% confidence intervals generated from the bootstrap. The green line is the price.

the contrary, when the confidence intervals overlap or when an averaged signal lies within the
confidence intervals of the other one, it cannot be concluded. The test and control groups are also
different in period 23:05-05:05. As the controllers receive the day-ahead hourly price forecast (see
Figure 5.2), they anticipate the price drop occurring at 07:05.
Hypothesis testing
Hypothesis testing is the statistical way to answer the question using the data collected during
the test cases. EcoGrid EU’s DR program goal is to displace a part of the load from periods with
higher prices to periods with lower prices. The evaluation of whether or not the goal is achieved
can be done on an economic basis using the RTP. Consequently, we could conclude whether a
test group is price responsive or not. The average unit cost C̄i , for a test case with T time steps, is
calculated as
PT

C̄i = Pt=1
T

xti pt

t=1

xti

(5.5)

where xti is the consumption of electricity from household i at time t and pt the price at time t.
As the variances of the average unit cost of the test and control groups are different and may
have heavy tails, standard parametric tests cannot be used. A one-sided Mann-Whitney test (also
known as the Wilcoxon rank sum test) is performed on the ranks of the average unit cost of the test
and control groups. The hypotheses to test are
H0 : µtest > µCBL
H1 : µtest < µCBL

(5.6)

where µ corresponds to the sum of ranks, H1 is the one-sided tailed alternative hypothesis and H0
is the null hypothesis. The null hypothesis means that either a controller is not responsive or that
the response is not large enough to conclude that the average unit cost is lower for the test group.
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If the H0 is rejected, the alternative hypothesis is statistically confirmed. The Mann-Whitney test
defines the statistic U with the following formula


nt (nt − 1)
nc (nc − 1)
U = min nt nc +
− Rt , nt nc +
− Rc
2
2

(5.7)

where nt , nc are respectively the size of the test and the control groups and Rt , Rc are their
respective sums of ranks. U follows a normal distribution and we can calculate the associated
p-value as
P (U > U1−α |µtest > µCBL )

(5.8)

The p-value can be interpreted as the probability of obtaining the result µtest < µCBL when the
truth is µtest > µCBL . The test is considered significant when the p-value is lower than the type-I
error threshold α (set here to 0.05) [197].

5.2.4

Results

Clustering Results
The responsive clusters are visually selected by comparing the centroid of each cluster to the
averaged CBL during the test cases (Figure 5.5). If the centroid of a cluster is flat (no activity),
following the pattern of the averaged CBL (no response) or showing unexpected patterns (technical
problems), it is discarded from the test group. When no cluster is price-responsive, only the
aberrant ones will be removed.
Table 5.2: Number of households in various test cases: number in the test group (number deemed
price-responsive after clustering) / number in the CBL.
Manufacturer 1
EH

Manufacturer 1
HP

Manufacturer 2
EH

25/10/2013
07/11/2013
21/11/2013
27/11/2013

68 (48) / 288
65 (58) / 289
67 (61) / 292
66 (55) / 292

36 (24) / 197
36 (33) / 197
36 (36) / 200
36 (34) / 201

88 (55) / 82
88 (61) / 92
87 (75) / 94
89 (78) / 91

06/12/2013
10/12/2013
11/12/2013
12/12/2013

—
—
—
—

—
—
—
—

115 (74) / 99
103 (84) / 91
100 (70) / 86
106 (69) / 89

20/01/2014
21/01/2014
22/01/2014
23/01/2014

—
—
—
—

—
—
—
—

230 (194) / 105
223 (121) / 100
230 (110) / 104
229 (107) / 105

08/03/2014
11/03/2014

30 (30) / 324
38 (38) / 317

20 (17) / 236
24 (18) / 229

237 (125) / 75
232 (171) / 76

09/04/2014
13/04/2014

101 (99) / 249
38 (38) / 311

58 (43) / 188
24 (22) / 222

249 (197) / 109
269 (188) / 114

Date

The range of the selection from the original data goes from 52% to 100% (Table 5.2). Hence, up to half
(48%) of the controllers were in the test group, but did not visually appear to be price-responsive.
The graphical representation of the centroids also summarizes the typical load response. For
example, cluster 1 in Figure 5.5 are the controllers that respond to the first price variation, while
cluster 3 are the ones that respond to the second price variation and cluster 4 gathers the ones that
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respond to both variations. It also unveils the differences of strategies between the manufacturers
(e.g., anticipate the price variation or rebound). Hence, we gain knowledge about the possible
responses of controllers.
Results of the Clinical Trial Test Approach
The visual evaluation is summarized in Table 5.3, where light gray test cases have no cluster that
displayed a responsive centroid and dark gray test cases have at least one responsive cluster.
Table 5.3: The color of the cell shows the results of the visual evaluation; gray is responsive, light
gray is non-responsive. The figure is the p-value from the Mann-Whitney test. Significant test at
α = 5% are shown in bold and italic.
Manufacturer 1
EH

Manufacturer 1
HP

Manufacturer 2
EH

25/10/2013

0.98

0.44

0.20

07/11/2013
21/11/2013
27/11/2013

0.39
0.95
0.34

0.0013
0.20
0.34

0.88
0.09
0.81

06/12/2013
10/12/2013
11/12/2013
12/12/2013
20/01/2014
21/01/2014
22/01/2014
23/01/2014

—
—
—
—
—
—
—
—

—
—
—
—
—
—
—
—

0.13
0.00022
0.0015
0.12
0.99
0.22
0.21
0.63

08/03/2014
11/03/2014

0.54
0.86

0.59
0.80

0.0068
0.28

09/04/2014
13/04/2014

0.0034
0.96

0.0096
0.12

0.21
0.0014

Date

A progression over time of the number of responsive test cases is observed. During the roll-out
phase of EcoGrid EU, controllers and other infrastructures were developed and improved, which
explains the improvement of the DR as the heating period went on. Manufacturer 2 appears to be
more often visually responsive.
Results of the hypothesis testing
The Mann-Whitney test results for the different test cases are providing statistical conclusions
about the responsiveness (Table 5.3). The test cases where the test group has a significantly lower
cost per unit are displayed in bold and italic. Only seven test cases display statistical significance
among which four are from manufacturer 2. Another interesting result is that for the test occurring
on 07/11/2013, loads of households equipped with controllers from manufacturer 1 are responsive
when associated with a HP but not when associated with EH.
The comparison between the results from the visual examination and the Mann-Whitney test
highlights the difference between price-responsiveness, which can be visually noticed but not
statistically validated. Only test-cases that show an average unit cost significantly lower than the
CBL have an economical impact.
The tendency observed with the visual evaluation is confirmed statistically, towards the end of the
roll-out of the EcoGrid EU project. Price-responsiveness is validated for at least a subpopulation of
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EH, HPs, and both manufacturers controllers. The improvement of the responsiveness over time is
a direct consequence of the tuning performed on the controllers during the roll-out.
The CBL could be used, despite being biased, because the price variations were large and the
variations of the electricity consumption were expected to be large as well. However, when the
RTP signal is much smoother as it is in reality, it would not be possible to analyze the response
using the CBL.

5.3

A baseline free response analysis

The RTP fluctuates and exhibits many local peaks if looking only at a single day. Controllers
schedule the response to activate HPs and EH to obtain the lower cost and keep the indoor
temperature within the range of the comfort zone, which means that controllers do not react to all
price variations. Clustering is a good way to obtain the representative responses observed in the
pool of participants. However, when more details are needed to characterize the response, the
limits of the method are reached. We now analyze the response from EcoGrid EU DR with prices
generated by the EcoGrid EU market (see Figure 5.2). The RTP now reflects the future generation
mix (as part of the day-ahead price) and the forecast demand. Hence, the CBL cannot be used as it
is not representative of the pool of participants. The behavior of a load can change from responsive
to not responsive from one hour to another as the inhabitants can change comfort settings or the
thermal capacity is saturated. In this section, we describe a methodology to characterize and
quantify responses without baseline. The response delivered by each load daily is evaluated and
summarized using the average and standard deviation per household rather than evaluating it
over the entire heating season.

5.3.1

Response Categorization

The RTP is strongly correlated to the average daily pattern of the load. The more a load provides
DR, the less it is correlated to the RTP. This is captured by a negative or low correlation
PT
t
t
t=1 (p − p)(xi − xi )
qP
rp,xi = qP
T
T
t
t
2
2
t=1 (p − p)
t=1 (xi − xi )

(5.9)

between a load xi of household i and RTP p. xi and p are respectively the average over t of a
load and the RTP. When a load is reactive to a price variation, the change in power consumption
is opposite to the price, and the correlation between the load and RTP is then negative. The
correlation-based distance

s
dcor (p, xi ) =

1 − rp,xi
1 + rp,xi


(5.10)

between the individual loads xi and the RTP p of a single day, measures the distance of a load to
the price [198]. Note that an average correlation of 0 over a day corresponds to a dcor of 1 and the
more negative the correlation is, the larger the dcor , so the farther from the price, the larger the
response on average.
The dcor is calculated for each individual daily load over the heating season. The mean and
standard deviation is thereafter calculated per household i to cluster them according to their
average distance from the RTP and the stability of the responses during the season. We used the
K-means algorithm with k = 5 and it was run with 25 different sets of starting points to keep the
best partition.
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5.3.2

Response quantification

Finite Impulse Responses (FIRs) are used to measure the response of each cluster to the price [30].
FIRs are obtained from a general linear model of xt the observed load,
xt = λt> θλ + z t> θz + χt> θχ + εt

(5.11)

where λt> is a vector including forecast, real-time and historic electricity prices (e.g., day-ahead,
hour-ahead and RTP); z t> is a vector of exogenous variables (e.g., solar radiance, wind speed,
exterior temperature, Fourier series of the daily independent base load); χt> is a vector of
interactions of some of the precedent variables, θλ , θz , θχ are their respective coefficients and εt is
the normally distributed error.
Concretely, the FIRs is the vector of relative real-time price coefficients noted θλ in (5.11). The
relative price is the difference between the RTP and the hour-ahead price. A Lasso penalization is
used to fit the model with the smallest number of coefficients [199].

5.3.3

Response characterization

First we consider each load as a linear combination of k statistically independent consumption
patterns sk . The vector of loads x = {x1 , . . . , xi , . . . , xI } can then be decomposed as
x=

K
X

ak sk = As,

(5.12)

k=1

where ak is a vector of coefficient of length I and A a matrix with dimensions I × K. The
components s are load behaviors (thermostat setting, price response, daily variation) and are called
Independent Components (ICs) [200]. The method used to obtain the ICs is called Independent
Component Analysis (ICA) and was first developed for signal processing to solve blind source
separation, like the cocktail party problem.
In practice the ICA algorithms estimate A and use its inverse matrix of W
(5.13)

s = Wx,

which corresponds to weights of loads x to obtain the ICs in s. ICA assume that the components
in s should be statistically independent, thus they must have non-gaussian distributions. The ICA
estimation is based on measure of non-gaussianity (e.g., kurtosis, negentropy).
Before running an ICA, signals must be centered and whitened using for example Principal
Component Analysis (PCA). Thus all signals have a zero mean and unit variance and the input
variables are orthogonal.
The fastICA algorithm, first initiates randomly w by sampling from Gaussian distribution N (0, 1)
(Figure 5.7) [200]. A fixed point iteration process then finds the maximum non-gaussianity by
approximating the negentropy using its approximative Newton iteration
0
>
wi+ = E{x g(w>
k x)} − E{g (w k x)}w k

(5.14)

where E is the expectation, the function g and g 0 are respectively the derivative and second
derivative of the non-quadratic function G,
G(u) = − exp(

−u2
)
2

(5.15)
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Figure 5.7: Representation of the FastICA algorithm.
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Figure 5.8: Clusters generated with K-means (k=5) on the mean and standard deviation of the dcor
distance.

5.3.4

Results

Response categorization results
The K-means implementation divides the pool of participants into five clusters in the 2D space
formed by the average and the standard deviation of dcor calculated between each daily load and
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the corresponding daily RTP (Figure 5.8). The standard deviation is mostly used to discriminate
between houses with the same average participation but different variability over the heating
season.
The distribution of the groups presented in Table 5.1 among the clusters reveals that besides cluster
5, which is mostly composed of group 6 households, the manufacturer or the type of heating
does not influence the average response (Figure 5.9a). Indeed, cluster 5, which is the farthest
from the RTP on average, is mostly composed of households from the group 6 and 4, which are
both equipped with EH but it could result from other factors as group 4 and 6 are also present in
other clusters (e.g., cluster 3). Besides cluster 5, the distribution of the groups among the clusters
supports the hypothesis that the group and subsequently the technologies (i.e., controllers or
heating systems) are not the main driver of the average response of the load as the groups are well
distributed in the different clusters.
The distribution of the dwelling types in each cluster shows that the three clusters with the highest
response to RTP on average present also the largest shares of holiday houses (Figure 5.9b). The fact
that holiday houses present the largest dcor from the price has could be explained by the fact that
(i) their base load does not follow daily patterns of standard load, and (ii) the absence of inhabitant
gives the controller full control on planning the heating over the day.
group 3
group 4
group 5
group 6

300

count

200

300

appartment
holiday house
house
summer cottage

count

200

100

100

0

0
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
(a)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
(b)

Figure 5.9: Split of the groups (a) and the type of dwelling (b) into the K-means clusters.

Response quantification results
The response quantification has been done using FIR on each cluster (Figure 5.10). The results are
given in percentage of the maximum load. The price variation occurs at t = 0, so the response is
observed from 0 to 175 minutes. Hence, a drop in consumption is displayed with a negative value.
Cluster 4 exhibits the smallest response, peaking at 10% of the load 35 minutes after the price
change, followed by a stiff and large rebound (21%) where the energy recovery is larger than
the initial response. A small increase in consumption can be observed when the price variation
occurs; it may be a time-delay caused by minimum run-times since this coincides with the slow
DR delivery. Cluster 1 and 2 display the second smallest DR volume, at 13%, with a long-lasting
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Figure 5.10: FIRs of the clusters obtained based on their average response and variability in the
response.

response (85 minutes for cluster 2 and 175 minutes for cluster 1) without a rebound. Cluster 3
delivers 24% DR, with a maximum delivery after 15 minutes. It exhibits a slow but larger rebound
after 85 minutes, which increases until the end of the FIR.
Cluster 5 is the most homogeneous cluster with mostly houses from group 6. It is also the cluster
delivering by far the largest response. Its response amplitude reaches 72% of its maximum load,
with a delay of just 10 minutes and does not have a rebound after the DR event. These results
confirm that; (i) The responses are diverse, (ii) quantifying is not enough (rebound), and (iii) the
controller type and the heating type are not the main driver of the response.
Response characterization results
The ICA has been implemented on data collected Tuesday, January 6th , 2015. After whitening the
loads using PCA, the ten first principal components, collecting 72% of the total variance, are kept
for the ICA, which means that ten ICs are generated. ICA projects loads into a space of dimension
K = 10 where the ICs are the base. It is important to note that in contrary to PCA, ICA does not
order ICs when generating the base. Hence, they cannot be ranked according to a specific metric.
The ICs do not have a preferred orientation (positive or negative), which means that some times
the taking -IC signal is easier to interpret.
Table 5.4: Distribution of the groups above the 95% quantile and under the 5% quantile of the
density of weights for each IC.
5% quantile

95% quantile

IC #

1

2

3

4

5

6

7

8

9

10

1

2

3

4

5

6

7

8

9

10

Group 3
Group 4
Group 5
Group 6

33
12
2
3

5
21
4
20

10
29
4
7

5
7
1
37

14
16
7
13

4
21
3
22

0
0
14
36

5
10
7
28

4
27
2
17

5
23
4
18

12
20
4
14

9
27
1
13

10
10
0
30

7
26
0
17

19
15
7
9

6
17
6
21

15
17
7
11

11
20
6
13

8
27
1
14

31
9
3
7

To interpret how the ICs have been generated, the extreme 5% quantiles (above 95% and under 5%)
of the weight density distribution, which corresponds to the most contributive loads, are analyzed
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Table 5.5: Distribution of the clusters above the 95% quantile and under the 5% quantile of the
density of weights for each IC.
5% quantile

95% quantile

IC #

1

2

3

4

5

6

7

8

9

10

1

2

3

4

5

6

7

8

9

10

Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5

4
23
10
11
2

9
26
5
7
3

16
26
3
5
0

1
8
24
3
14

8
30
3
6
3

7
19
15
4
5

23
20
6
0
1

1
11
18
13
7

27
17
2
4
0

8
20
12
9
1

16
17
4
13
0

13
24
3
8
2

0
10
14
8
18

23
16
7
3
1

9
21
7
12
1

10
19
11
3
7

1
24
13
7
5

26
22
2
0
0

13
28
3
5
1

6
19
6
19
0
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Figure 5.11: Representation of the ICs number 3, 4 and 9 with the RTP in the same period
(06-01-2015)
for each IC to evaluate which groups (Table 5.4) and which clusters (Table 5.5) contribute highly
(positively or negatively) to each IC. From Table 5.4, Figure 5.11 and our expertise of the different
equipment, the ICs numbers 3, 4 and 9 are construed. The ICs illustrations in Figure 5.11 are the
positive orientation of the ICs.
IC 3 responds to every RTP variation, which means that the loads with a large positive weight
(above the 95% quantile) for IC 3 responds to every variation of the RTP. Inversely, if the weight is
negative (under 5% quantile), they follow the RTP. From Table 5.4, groups 3, and 4 are the ones
following the variation of the RTP, while group 6 is the one responding inversely to every variation
of the RTP. For the clusters, the most negative weights are observed for clusters 1 and 2. The
highest positive are from clusters 3, 4, and 5, which confirms their response observed with the FIRs.
IC 4 displays a pattern, which is not correlated to the RTP. With a positive weight, it displays
an increase in consumption from 08:00 to 12:00. When the weight is negative, it is the opposite,
the consumption drops from 08:00 to 12:00. This pattern seems to materialize the presence of
inhabitants during the day when the weight is positive or an economy setting when negative. This
hypothesis can be confirmed by the large negative weights of clusters 3 and 5, which are the ones
with the largest share of holiday houses and the large positive weight of cluster 1 and 2, mostly
composed of inhabited houses (Table 5.5). It also mitigates the idea that the type of housing is a
factor facilitating the response to a small variation of price, which corresponds to IC 3.
IC 9 displays a good example of anticipation (positive) of the price variation at 07:00 or a rebound
(negative). It anticipates the RTP peak by heating up and using the thermal inertia of the house to
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stop heating during the peak. It shows how the controllers use the day-ahead price or hour-ahead
price to schedule the heat by displacing some energy before or after the RTP peak. Groups 6
and 4 are both divided in approximately the same proportion between large positive and large
negative weights on IC 9, which tells that the choice of anticipating the peak or having a rebound
is not linked to a specific controller but may be dictated by the presence of EH as both groups are
equipped with them (Table 5.4). Clusters 1 and 2 combined are in the same numbers under 5% and
above 95%. This is due to the composition of these clusters, which have a majority of households
from groups 4 and 6, which presents the same cleavage into half rebound before and half rebound
after.
The ICs 3, 4 and 9 thoroughly analyzed here illustrate three different load behavior, (i) response to
RTP (IC 3), (ii) specific settings of the thermostat (IC 4), and (iii) power consumption scheduling
(IC 9).

5.4

Conclusion

DSM evaluates the amount of energy displaced in time from the aggregated consumption of
customers as a service to the grid. Hence, when operating DR, the number of active participants is
a crucial aspect that influences the capacity of the response and subsequently the DSM impact.
The detection of non-responsive households using simple statistical tests is efficient to manage
to pool the participants. The quantification of the responses is commonly done to evaluate the
response. However, assessing the characteristics of the response, like obtaining the characteristics
of a generator or a battery, is fundamental to understand how the aggregated response could look
like and to deliver a more finely-tuned response.
We could imagine implementing a DR where different prices are sent to households in order to
obtain the expected aggregated load. It assumes stationarity of the time series, which are known
to be non-stationary when looking at single consumption time series, but it is a fair assumption
when looking at the aggregated consumption time series. In the continuity of this idea, a unit
commitment model with different prices per subgroup of households could be implemented to
evaluate the benefit of broadcasting different prices.
The ICA algorithm could be extended to an online (i.e., sliding window) ICA to take advantage of
the stream nature of the metering data and go around the computing limitation of ICA. A sliding
window PCA with component tracking would solve the problem. A step-wise model selection of
the ICs could also be implemented to select the ICs that respond to the RTP.

CHAPTER

6

Conclusions and Future Work
In the present thesis, we addressed the four main research questions related to metering data
analytics to provide feedback to utilities. The first research question gives the context of energy
digitization from a societal point of view and evaluates under which conditions this work can
have a positive impact on society. It discusses the necessity of building ethical smart grids that
are customer-centric and do not see customers as consumers but as collaborators of the grid
operations. It also emphasizes the need for smart grids, metering data and analytics to reduce the
impact of power systems on climate change. The remaining questions focus on proposing and
evaluating data analytics methodologies that take advantage of the stream nature of metering data.
Load analysis, and more precisely load profiling, is explored and a dynamic approach to load
profiling is implemented to address the second question. Load management with detection and
characterization of assets as well as Demand Response (DR) quantification and characterization is
also developed. The detection and characterization of assets address the third research question.
To answer it, a Non-Intrusive Load Monitoring (NILM) approach is proposed and an application
to the detection of Heat Pumps (HPs) is tested on real-world data. The last research question
concerns DR data analysis. First, a protocol to detect non-responsive participants is described and
tested. Then a methodology is proposed to quantify and characterize the response without the
support of a baseline.

6.1

Overview of contributions

A number of original contributions to the state-of-the-art were presented in this thesis related to
metering data analytics to provide insights on the demand side to the utilities. A non-technical
introduction defends the need for ethics in the development of analytics-based capabilities in smart
grids. The technical contributions focused on electric load analysis and load management.
In the context of our modern societies, information technologies are ubiquitous and they are
legitimately raising concerns among citizens. It becomes necessary to understands under which
conditions the smart grid can be a viable concept from a customer point of view. It appears that
there is an important misalignment between how smart grids are promoted to the public and how
these are developed and implemented. First, there is a phase shifting of the benefit of smart meters
deployments. The utilities benefit today of smart meters, with more accurate billing and data while
customers are still waiting for the savings and the better control on their electricity consumption
as the use of raw metering data (when available) remains limited. Nevertheless, customers are still
expected to provide flexibility to the grid in the near future. The smart meters are crystallizing
the lack of trust the customers have in the utilities as a consequence to bad-practices in terms of
communication and customer service. Climate change awareness has raised since the COP21 and
the Paris Agreements in 2015. It tends to prove that a fringe of the population is ready to actively
change the way they use energy and is just waiting for opportunities. Ethical smart grids, where
the customers and utilities collaborate and share the benefit of the analytics and the smartness of
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the grid, should be the end goal. All the technology and engineering work would be pointless if
the customers do not adopt it.
An online adaptive clustering algorithm was proposed and evaluated, in order to exploit streams
of metering data and generate efficiently typical load profiles. It is an improvement of the
state-of-the-art load profiling as it handles (i) stationary (ii) non-stationary, and (iii) disruptive
loads. Furthermore, as it is online each iteration (i.e., time step) relies on the typical load profiles
computed at the previous time step, which makes each iteration inexpensive to compute (less than
2 minutes for more than 10 000 loads on a standard desktop computer). Last but not least, the
adaptive part of the algorithm adjusts the number of clusters to the underlying number of typical
load profiles present in the dataset (according to the parameter set). One of the benefits is that the
maximum distance from a cluster center is thresholded. Another benefit is that it isolates outliers
instead of forcing to assign them to a typical load profile. Hence, it could also be used for anomaly
detection or any application that track the daily patterns over time.
The detection and characterization of potentially flexible appliances like Electric Vehicle (EV), HP,
Electric Heating (EH), Air Conditioner (AC) using available metering data constitute one of the
new business models utilities/aggregators have to implement. Indeed, before harnessing demand
flexibility, assets have to be listed and recruited to form a portfolio. NILM is probably the most
studied analytics approach to obtain individual appliances consumption from the aggregated
metering data. The methodology proposed, combining Orthogonal Matching Pursuit (OMP),
Gaussian Mixture Model (GMM) and community detection, performs as well as the supervised stateof-the-art NILM methodologies while it is unsupervised. Moreover, its performance is marginally
affected by the degradation of the resolution of the data. Hence, it fulfills the requirements for
real-world implementation. Finally, an application of the methodology to the detection and
characterization of domestic HPs is demonstrated using the EcoGrid EU data. The method is based
on a Bayesian framework, which means that the load characteristics of HPs (e.g., power amplitude,
operation times, and frequency of an activation) can be inferred with new HPs identified.
The assets can then be recruited into a DR program that can harness their potential flexibility. Price
based-DR that passes the marginal cost of generation over to the customer is the most popular
as the customers are rewarded or penalized according to their contribution to the grid balance
status. The two-way communication protocol of smart meters associated with a controller in
each household makes such a framework possible. However, it remains a complex system that
relies on many pieces of equipment. In the real-world failures happen and have to be detected
quickly to maintain the response capacity as high as possible. Hence, the responsiveness protocol
using clinical trial approach is a fast and straightforward way to evaluate responsiveness and
detect malfunctioning pieces of equipment. When responsive, the response is usually assessed in
comparison to a baseline, which is either modeled using data collected before the DR program
starts, or a Customer Base Line (CBL) generated by a representative set of households that are
not included in the DR program. Both approaches present a bias, (i) the model relies on the
parameter selected, (ii) statistical representativity of the CBL is almost impossible to reach or at
least impossible to test. Hence, developing a methodology to both quantify and characterize
responses without a baseline is moving the state-of-the-art forward. Instead of considering a
baseline, our approach evaluates the response in relation to the Real Time Pricing (RTP), which we
know is as the exact incentive signal. Hence, we assume to obtain a less biased evaluation of the
responses.
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The contributions of this thesis cover a wide range of applications of metering data analytics
in the field of load analysis and load management in the context of digitization of the energy
sector. Precisely we focused on exploiting the stream nature of the data to identify patterns (load
profiling, detection of assets) and separating consumption signals (NILM, Independent Component
Analysis (ICA)). The increase computing capacities and improved data acquisition will make large
scale implementation of such methodologies possible. Quby is an example of such an application
with its product Toon. Both utilities and customers need more comprehensive information on
their consumption. Metering data analytics as a specific field is still in his infancy and many
developments have to be expected in the near future.

6.2

Perspective for future research

Based on the ideas investigated and the results obtained, we identified several paths for future
research to be explored. The development of machine learning approaches tailored to current and
future needs in the energy field will provide better analytics for utilities but also to customers, as
well as emerging actors of the energy system.
The online adaptive clustering algorithm we proposed opens the door to new types of analytics for
profiling, like the analysis of time series formed by the assignments time series. With a tracking
of the clusters over time, the variability, the frequency at which a customer change cluster and
the number of cluster visited, yield a broader perspective on consumption characteristics (like
the Symbolic Aggregate Approximation (SAX) described in Section 3.2.1). The online adaptive
clustering algorithm could also be combined with the characterization and quantification of
response approach to analyze large scale DR implementations and provide feedback to the
operators on the last day responses. In a broader context, the methodology and resulting algorithm
are generic: they have the potential to be used in many fields where profiling based on data streams
is needed.
The main caveats of supervised learning approaches are known: they require large amounts of data,
they are non-adaptive to unseen data during training, and they are potentially computationally
expensive. Unsupervised approaches, in turn, have a major default: they require long periods
for tuning as parameters are set empirically. Hence, the best solution is probably in-between. A
Bayesian framework like the HP detection presented in Section 4.5 takes the best of both worlds.
The prior can be weak and the inference of data tunes it, or it can be defined based on the prior
(expert) knowledge gathered for the problem at hand. Indeed, it is rare to face a situation where
no prior knowledge exists. Beyond the case of inference on one application, transfer learning, that
consists in using the knowledge gathered from a previous problem as input to solving a related,
but different problem, can be operated in a Bayesian framework. For example, the distributions
learned for the detection of HPs are inferred on EcoGrid EU data. They can then be used to do HP
detection in other projects or regions.
A growing number of analytics approaches will be designed and implemented to provide insights
on the demand. In the meanwhile, the need for data will grow and data will increasingly become
valuable. By this time, utilities will be interested in buying and selling data. Hence, it will be
time to explore the design of market structures to exchange data or information about the loads
without disclosing sensitive information on customers. Today’s largest data application are data
brokers, processing Internet browsing data for the purpose of online targeted advertising. They
also exchange data following the law on privacy and data protection. The digitization of the
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energy sector is just starting and the foundations are laid down today. The monopoly of utilities
has limited data exchange, the liberalization of the energy market is reshaping utilities and a
deregulation of the energy data will most likely come next. It is then vital to think about how to
exchange data without exposing customers.
A trade-off between privacy and the use of data is being considered as part of the deployment
of smart grids. It is legitimate to collect and use data from customers with the aim of improving
social welfare. It must be said that today’s use of data is somehow limited and that impact on
society is moderate, while the privacy is mostly challenged by the collection of data rather than
its analysis. However, the fast development of analytics will modify the balance due to more
invasive analysis of metering data (NILM being the first in the line). Hence, future analytics
implementations have to keep this balance, the ethical optimal balance being that the analytics
limits the privacy breaching while yielding benefits to both individual customers and society.
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The ethical smart grid: Enabling a fruitful and long-lasting
relationship between utilities and customers
G. Le Ray , P. Pinson
Centre for Electric Power and Energy, Technical University of Denmark, Kgs. Lyngby, Denmark

Abstract
The European Union is implementing ambitious programs to tackle energy efficiency, energy
independence and climate change challenges. To reach the 20/20/20 targets, the EU aims
at modernizing power grids to make them ’smart’ by collecting close to real-time data and
subsequently operate these grids more optimally. One of the smart grids’ purposes is to
integrate a growing share of renewable energy sources while efficiently accommodating their
variability and limited predictability through actuation of consumer flexibility. To do so,
80% of the customers throughout Europe will be equipped with smart meters by 2020. On
the one hand, the success of energy programs relies on customer involvement in altering
their energy consumption through the use of analytics and incentive-based demand side
management. On the other hand, the utilities are arguably showing limited ethics in the
way smart meters are rolled-out and on the use of collected data. Indeed, beyond legal
binds and technical obstacles, the deployment of smart meters and the use of collected data
is unclear in terms of how to deal with customers. We argue that ethics should be an import
driver for decision-making to guarantee the sustainability of smart grid programs which
relies on the active participation of customers.
Keywords: Big Data, Privacy, Smart meter, Smart grid, Ethics

1. Introduction
The European Union’s (EU) energy policy is facing unprecedented challenges due to increased dependencies on imports, scarce resources and the need to limit climate change (European Parliament, 2012). Ambitious energy efficiency programs have been developed to
tackle these challenges. Indeed, since 2009 and the 2020 Climate & Energy Package’s road
map to the 20/20/20 targets (European Parliament, 2009b), EU has driven towards a greener
energy sector to achieve energy efficiency, energy independence and last but not least to reduce greenhouse gas emissions.
As most of the issues on power systems are observed at the distribution level, the program
requires a modernization of the grid to foresee potential issues and to have a pervasive control to prevent them (Farhangi, 2010). Information and communication technologies forms
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the foundations of the smart grid pyramid (Figure 1) which support more advanced infrastructures. The Third Energy Package, adopted in 2009, strengthens the internal European
market for gas and electricity by securing a competitive and sustainable supply of energy to
the economy and the society (European Commission, 2011). To reach this goal, the EU has
set the target of 80% of households equipped with smart meters by 2020 (European Union,
2009). Smart meters are deployed to provide more transparency to consumers (billing, price,
consumption), to improve awareness on energy consumption and empower the consumers to
modify their energy behavior using metering data (European Commission, 2011). On the
utility side, smart meters’ data will help them to increase the efficiency and the reliability
of the grid. In this paper we define a utility as an entity that is given responsibility for the
maintenance and operation of some infrastructure of public value and to be used for a public
service. As displayed in Figure 1, smart meters constitute the first fundamental application
that involves customers. The perception of smart meters by customers will condition the future of smart grids in their capacity to transform customers into actors of the grid through
the use of demand side management (Bertoldo et al., 2015, Horne et al., 2015, Giordano
et al., 2011).
At the same time, concerns are raised about a possible backlash of domestic customers (Zachary,
2011). Indeed the perspective of having smart meters reporting electricity consumption at
high resolution in every home has engendered irrational fear (e.g. health issues and domes2

tic accidents) and legitimate questions about the need of smart meters and their impact
on privacy (McKenna et al., 2012). The concept of privacy has drastically evolved, from
Aristotle making the distinction between public sphere and private sphere, to the creation
of the right to privacy (Papakonstantinou and Kloza, 2015). With the emergence of information technology, the legal framework has evolved to protect data and by extension data
subjects. The legislation on data protection and privacy limits the legal use of data but it
also defines the limits of a gray area on how to handle customers and their data (Tzafestas,
2018). Even if the decisions made are in line with the existing legal framework, they can
have a substantial (and potentially negative) impact on the future of smart metering and
smart grid deployment plans by extension (Jegen and Philion, 2017). It is where ethics is
fundamental, it is defined as: ”A system of moral principles which deals with what is good or
bad for individuals and the society. It is a collection of fundamental concepts and principles
on an ideal human character that enable people to make decisions regarding what is right or
wrong. Ethics is a code of conduct agreed and adopted by people in a society, which sets the
norms of how a person should live and interact with other people.” (Tzafestas, 2018).
Following this definition, an ethical and human perspective has to be placed on the
smart grid technology, especially its extensions smart meters and the data they generate.
The foundations of the smart grid are put in place today. Hence it is important to understand
the perspective of the customers to build an ethical smart grid to build a fruitful and longlasting relationship between utilities and customers (Jegen and Philion, 2017).
In this paper, we argue that beyond the technical and legal issues, ethics should be the
driver for decision-making. The EU regulation defines a legal framework in which the utilities
can implement the deployment and exploitation of smart meters with more or less focus on
customers. However, the long term development of smart grid technology will change the
status of consumers to prosumers and they should be treated as such: collaborators providing
services to the grid. In an era where leakage of data is making newspapers’ headlines on a
regular basis, this is the only reasonable way to build an sustainable relationship between
domestic customers and utilities. Hence a balance between the necessity of data to build
the smart grid and the respect of the customers as partners has to be determined.
The following discussion is delimited by the legal and technical background of the roll-out
and smart meters data utilization in relation to privacy and data accessibility (Section 2).
However privacy is not only dependant on the legal and technical aspects but also depends
on what the citizens are willing to give. As privacy is the most important issue raised with
smart meters, it is crucial to understand what we mean today by privacy and what is really
at stakes in this context when it is jeopardized (Section 3). In terms of ethics, the transition
to smart grid redistributes the cards between utilities and consumers (prosumers) as the
latter have a more important role now than before (Section 4). Customers are also exposed
in giving away sensitive data to utilities and it has to be acknowledge and rewarded in an
ethical manner (Section 5). The conclusions are gathered in Section 6 while opening up to
broader perspectives.
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2. Legal and technical background in relation to smart meters’ data privacy
The legal framework of data protection and privacy has evolved over time, mainly due
to the emergence of new technologies and new threats to privacy they create (Horne et al.,
2015). Here we aim at giving the background to both legal and technical aspects that are
shaping data collection and use of data generated by smart meters. It scopes what is legally
possible in Europe and how the technical setup decided by each Member State shapes the
relationship between customers and utilities during the roll-out and after.
2.1. A compact historic review of the right to privacy in EU legislation
The origin of the right to privacy can be traced back to the Universal Declaration of
the Human Rights (article 12) in 1948 (United Nations, 1949). It states that ‘ No one shall
be subjected to arbitrary interference with his privacy, family, home or correspondence, nor
to attacks upon his honour and reputation. Everyone has the right to the protection of the
law against such interference or attacks’. It aims at protecting the right and interest of
individuals rather than the data itself as data collection appeared to generate unexpected
impact on individuals life. Soon after, the Council of Europe strengthened it in the European
Convention on Human Rights (European Court of Human Rights, 1950).
The growth of information technology in the 1970’s, especially in the public sector and
in the banking industry, pushed the Committee of Ministers to the Member States to write
2 recommendations (Resolution 23 and 24) stating that every individual whatever his nationality or residence should have respect for his right to privacy with regards to automatic
processing of personal data. These resolutions were received positively and the Council of
Europe implemented them in the Data Protection Convention which had impact beyond
Europe, as 46 countries ratified it (Council of Europe, 1985). It defines the concept of
personal data as ‘any information relating to an identified or identifiable individual (‘data
subject’)’ and sets the foundation of data protection at an international level. The aim
of the Convention is to protect individuals against unjustified collection, use and dissemination of personal data. It then implicitly defines what will later be called legitimate purpose.
After years of negotiation between the Member States, the Data Protection Directive
(Directive 95/46/EC) was adopted in order to harmonize the legal framework (European
Parliament, 1995). Some precisions were added to the definition of personal data about what
identifiable meant; ‘ an identifiable person is one who can be identified, directly or indirectly,
in particular by reference to an identification number or to one or more factors specific to
his physical, physiological, mental, economic, cultural or social identity’. It remains broad
on purpose to extend its application to future information technologies. Despite being
implemented on the same basic principles, it has generated different applications1 . The
Data Protection Directive is articulated around three points; i) transparency: information on
personal data being processed; ii) legitimate purpose: specification, explicit and legitimate of
1

As an EU Directive, it is applicable to all Member States but each Member States transposes it in its
national law
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the purposes of the data collection; iii) parsimony: adequacy to the purpose of the personal
data collected.
Article 7 stipulates the lawful basis to process personal data:
(a) unambiguously consent; or
(b) processing is necessary for the performance of a contract; or
(c) processing is necessary for compliance with a legal obligation; or
(d) processing is necessary in order to protect vital interests; or
(e) processing is necessary for the performance of a task carried out in the public interest;
or
(f) processing is necessary for the purposes of the legitimate interests pursued by the
controller or by the third party.
In order to harmonize the Data Protection Directive among the EU Member States,
the European Commission proposed the General Data Protection Regulation (GDPR) in
2012 (European Union, 2016). It generalizes the basic principle of the Data Protection
Directive and develops some further rules that are applicable to all data collected inside the
EU by European or non-European organizations.
The main changes on the rights of the data subjects and responsibilities of controllers
and processors in relation to data protection and privacy of the data subject are:
• Explicit and provable consent (instead of unambiguous consent)(Article 7).
• Transparency and modalities: The data controller should inform and communicate
with the data subject in a ‘concise, transparent, intelligible and easily accessible form,
using clear and plain language’ (Article 12(1)). It should also facilitate the exercise of
the data subject rights (Article 12(2)).
• Rectification and erasure: A person has the right: to ask for his data to be erased
(Article 17); to restrict the processing under certain condition (Article 18); to transfer
personal data from one service to another (Data portability Article 20).
• Right to object to automated individual decision-making (Articles 21 and 22).
• Data Protection by design and by default: The data protection and privacy should be
included in the development of the service and the privacy settings should be set to a
high level by default (Article 25).
• Communication of a personal data breach to the data subject (Article 34).
From the foundation of the right to privacy to the GDPR, the definition of privacy and
data protection had to be updated according to the development of information technologies
which is going at a hectic pace. Nevertheless, the following discussion on smart meter data
and their ethical use is bounded within the EU by this legal framework.
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Figure 2: Map of the roll-out of Smart meters in Europe (European Commission, 2014).

2.2. A review of roll-outs and setups of smart metering in the EU
In the case of smart meters, the technological possibilities as well as deployment strategies
are directly related to the problem of privacy and ethics . The scale of roll-out is decided
based on a cost-benefit analysis (CBA), described in (European Commission, 2011), which
concludes wether the roll-out should be at least 80%, less or just selective. However the
roll-out strategy is left completely to each EU Member State which gives a large diversity of
setups and subsequently different data flows. Table 1 gives an overview of the roll-out status
of the different Member States in 2014. The map in Figure 2 presents the roll-out scale as well
as the recruitment strategy. Table 1 and Figure 2 give an overview of the diversity and the
number of parameters to take into account in the roll-out of smart meters in EU. Temporal
disparities are also observed; Italy and Sweden had already completed the deployment of
smart meters before the adoption of the directive 2012/27/EU. The Netherlands had planned
an early deployment but the roll-out which was originally mandatory has been challenged
by consumer protection organizations that sued the State to obtain the possibility to optout (Hoenkamp et al., 2011).
Smart metering has also changed the responsibilities of the DSO and TSO as they have
to handle large amount of data. Figure 3 is a schematic representation of the flow of data
and actions between the different actors. The role of the data controllers, data protection
officer and supervisory authority are defined in the GDPR (European Union, 2016) and are
taken in most cases by the DSO, TSO or independent organism (Smart Grids Task Force
Expert Group 1- Standards and Interoperability, 2016). It could be considered in the con6
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text of smart metering as the perfect flow of data according to Nissenbaum (2011).
Some parameters, like the resolution of the data, the access to metering data and the implementation/ownership, have a direct impact on the setup and thus the data flow as shown
in Figure 3 as well as the capacity of the customer to modify its consumption. The range
of possibilities makes it difficult to standardize, however most of the DSOs, as responsible
authorities of the roll-out, (will) face the same ethical problems with their customers.
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Figure 3: Interaction of actors and flow of smart meter data as described in the GDPR. Source: (Smart
Grids Task Force Expert Group 1- Standards and Interoperability (2016)).

3. What privacy today?
Privacy is a generic word used to describe what we perceive as relating to private matters.
Nevertheless the definition of privacy is evolving over time. In this section we give some
examples revealing today’s state of privacy and how much data we accept to give to obtain
a service. A discussion is as well open on what is at stake when we talk about privacy
breaching.
3.1. The state of privacy in the Big Data era
We have entered a new era called the ‘Big Data era’ (Wladawsky-Berger, 2015). Despite
the term ‘big’, the root of Big Data pertains to (i) volume: the quantity of data being
8

collected is growing exponentially (OECD, 2013); (ii) velocity: The resolution at which data
is being collected increases steadily; and (iii) variety: The sources of data are getting more
diverse. From the Data Protection Directive, data can be categorized into 2 types, personal
data, which are protected by law and the non-personal data (European Commission, 2018).
Hence to go around restrictions on the use of personal data, the best way is to collect more
non-personal data that can be combined to create a unique profile, defining an individual.
On the Internet, the most generic data collected concerns navigation information (i.e.
browsing) and clicks. Cookies, saved on each computer, have been used to collect navigation
information on users. Users’ navigation information are then used to generate target advertisement. In Europe and until 2011, website were not asking for consent on using cookies.
In 2011, the so called ‘EU cookie legislation’, Directive 2009/136/EC, detailing the use of
cookies was added to Directive 2002/58/EC on digital user rights (European Parliament,
2009a). It stipulates that cookie ID are considered personal data from now on, and requires
any website to ask for users’ consent to retrieve information stored on cookies. Despite the
efforts of the European Commission to regulate the exploitation of navigation information,
new ways of collecting those information were already implemented. In order to optimize
their visual aspect, websites collect information concerning the hardware (e.g. screen, computer) and the software (i.e. the browser type and version) with the genuine aim to give the
best user experience. However it can form a unique combination which is called a ‘browser
fingerprint’ (Laperdrix et al., 2016). To be close to unique the fingerprint of a browser requires approximately 17 parameters. Thereby cookies are becoming obsolete and the online
advertisement business is still monetizing browsing information while avoiding legislation.
Google and Facebook emphasize concerns about data privacy as they have always been
at the forefront of the data monetizing business models, providing services for free and
monetizing data via advertisement. Thanks to the dimensions of their pool of users, they
are self-sufficient in data to feed their advertisement algorithm. In 2017, Alphabet’s (parent
company of Google and Youtube) and Facebook’s digital advertisement revenues combined
represented a gigantic 191,8 Billion US dollars (respectively 123.5 B$ and 68.3 B$) which
represents half of the global digital advertising revenue (Molla, 2018). In itself only, the
use of data for targeted advertisement is not much of a problem and can be considered as
annoying when it is excessive. The problems comes out of the methods used to maximize
revenues.
Facebook generates a unique dataset which appeals psychometricians studying human
behavior. The collection of likes from users can be used to generate really precise psychological profiles like the ‘Big five’ (Kosinski et al., 2013, McCrae and John, 1992, Gosling
et al., 2011). The Cambridge Analytica Scandal made citizens aware of how a breach into
the security could contribute to private interests. Data from 100 000 of Facebook’s users
were originally collected with their consent for research. Despite rules and Non-Disclosure
Agreements, access was given to Cambridge Analytica which extended the data to 30 millions users using interconnections between friended users. Data was thereafter not used for
research but to influence opinions through the targeted advertising algorithm of Facebook.
The use of the data is thus not as questionable as the purpose. The exploitation of such
a unique dataset for research purposes is valuable, however the use of such a dataset for
9

influencing opinion is a serious law infringement (Kosinski et al., 2015).
The ‘privacy by default’ Article in the GDPR, has probably been designed based on the
experience with Facebook’s default privacy settings. Indeed, Facebook’s privacy settings
were left to minimum level so that user’s profiles could be searchable, and partly visible to
all members, thus increasing traffic (Gross et al., 2005, Liu et al., 2011). From a user’s
point of view, they have to know i) that access to their account is not restricted to ‘friends’
ii) that they should know how to restrict access (Liu et al., 2011). The configuration as
default to the lightest security settings is questionable from a user perspective, as their
personal information are not protected by default despite existence of such parameters.
Social networks benefit from data placed in them but they benefit even more of connections
created between user profiles (see (Mcdonald and Ackerman, 2000) for more information)
and generate their advertisement revenue from the traffic. Usually users become aware of
privacy issues, when terms and privacy policies have to be updated and some may modify
their privacy settings but the large majority does not, as it is a non trivial operation (Liu
et al., 2011).
The use of smart phones and smart city application (e.g. public transportation card,
traffic) adds a geographical dimension to information collected that anchors it in the physical
world. Using mobility data from carriers’ antennas it has been demonstrated that only 4
spatio-temporal points are needed to uniquely identify each carrier (De Montjoye et al.,
2013). Using GPS data, the number of points decreases to collect unique patterns. Spatiotemporal data are highly sensitive personal data, information on where an individual is at
any time can be used to intercept physical someone. They are personal data as they allow
to uniquely identify a person from his data.
The Big Data era has induced in citizens a certain distrust as well as a necessity to stay
connected, which create a ambivalent perception of technological products.
3.2. Privacy is not the problem anymore
Privacy comes from the Latin word privatus which means ‘withdraw from public life’.
Indeed the strict definition and application of privacy implies that each individual should
not in any way be uniquely identifiable using the collected data (United Nations, 1949).
But as the legal framework on data protection and privacy evolves with the emergence of
new information technologies, the concept of privacy evolves as well. Privacy is usually
guaranteed to data subjects by collecting data anonymously in the sense of namelessness
(i.e. not identified by name, address, social security number). Examples have been given
in Section 3.1 that shows that anonymized data can actually be used to uniquely identify
individuals and thus questions the use of anonymity to protect privacy. Indeed, anonymity is
used to collect data without naming the data subject but keep them identifiable (Laperdrix
et al., 2016, De Montjoye et al., 2013). It is important here to understand what is at stake
in that context: names have no importance in themselves. But identities,sets of information
which define each individual, are extremely valuable as well as sensitive. Personal data can
be combined with other non-personal data to identify, contact or locate a single person.
Discarding all these information, is actually a way to keep them anonymous (i.e. nameless)
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but still uniquely identifiable. Google has even created a word to describe these paradoxical IDs, ‘anonymous identifier’, which they use for targeted advertisement (Kitchin, 2016,
Barocas and Nissenbaum, 2014).
A question arises then, how many data points are needed to uniquely identify users?
Considering the profuseness of possibilities, only a few data points are needed to create a
combination that uniquely identifies a user (Laperdrix et al., 2016, De Montjoye et al., 2013).
The problem appears when the data collected can provide sufficient information to reach
a person physically (e.g. through email, phone, address). Barocas and Nissenbaum (2014)
argue that the real value in anonymity is to prevent reachability, not to protect privacy. From
collected data it should not be possible to communicate or reach physically data subjects.
This concept is then much more meaningful and reshapes also the concept of privacy. It
does not apply only to personal data but also to non-personal data that could be used to
reach a person. In (Acquisti and Gross, 2009) an algorithm is built to predict social security
numbers of American citizen based on their date and place of birth. They reach success
rates from 7% to 61% in predicting the 5 first numbers (out of 9) using publicly available
data depending on the period and state of birth. It proves that any personal information
can be sensitive information when combined appropriately (Acquisti and Gross, 2009).
Respecting privacy is not respecting secrecy or granting control over personal information. It consists of respecting an appropriate flow of information. Nissenbaum (2011) calls it
contextual integrity; data (type of information) collected in a certain context (e.g. finance,
health, social norms) flow, following transmission principles (e.g. consent, buying, selling,
confidentiality), between different actors (e.g. subject, sender, recipient) in an appropriate
manner. Disruptive practices modifying the information flow are evaluated depending on
how they move it from the ideal information flow. In other words, it evaluates the impact of
disruptive flows on ethical values like fairness, justice, freedom, welfare or any other context
specific concepts.
Figure 3 could be a representation of the perfect flow of information in a smart metering
context. In the reality, from an ethical perspective, the relationships between utilities and
consumers are far from perfect. The major problems are around data collection and the
change of status of the actors.
4. Customers should be treated as collaborators
GDPR sets standards for data protection and privacy and the Third Energy Package
gives guidelines and objectives for the roll-out and use of smart meters. However in this new
context of smart grid there are no clear guidelines or rules on how to work with customers.
The main challenge is to keep a positive relationship between utilities and (domestic) customers in order to secure the investment and involve them as actors of the grid (Bertoldo
et al., 2015).
4.1. An ethical roll-out to improve acceptance of the customers
The roll-out scales as defined in the CBA (Figure 2) have been decided at the EU level
and the DSOs are following the decision in deploying the smart meters. However the decision
11

to make the installation mandatory is raising concerns throughout Europe. As presented in
Section 3 several privacy scandals have raised awareness about privacy issues and this should
not be neglected. From a customer perspective, the roll-out of smart meters, especially when
mandatory, is an intrusion to what is perceived as the last sanctuary of privacy, ‘Home’ (Papakonstantinou and Kloza, 2015). Indeed a meter is a foreign object in a household that
inhabitants do not own (it is the DSO’s property) and cannot remove/modify. The adoption of the technology depends on the perception of the customers (Ponce et al., 2016). The
European Commission gave some guidelines on conducing the cost-benefit analysis where
‘an assessment of the level of social resistance (or participation) to the project should be
presented, including a description of means adopted to ensure social acceptance and their
effectiveness’ (Papakonstantinou and Kloza, 2015). The customers are either putting high
expectation in smart meters (technophiles) and get disappointed, or they have realistic fears
regarding privacy breaching and loss of control (Krishnamurti et al., 2012). Hence both
situations lead to a negative perception of smart meters. To have a positive impact, the
benefits of smart meters should be clearly stated and visible rapidly after installation to
maximize customers’ acceptance of the new technology.
The case of the Netherlands can be used as an example of what can go wrong when endusers are not considered properly in the smart metering framework (Hoenkamp et al., 2011).
Originally the roll-out was mandatory and refusing the installation was made punishable as
an economic offense, with a fine of 17.000e or imprisonment for a maximum of six months
(Gutwirth et al., 2013). Beside privacy concerns transmitted to the Dutch Data Protection
Authority on the use of high resolution data, the utilities were not inclined to focus on a
customers inclusive solution to stimulate demand flexibility (Hoenkamp et al., 2011). The
Minister of Economic Affairs amended the Dutch Data Protection Authority’s proposal by
stipulating that the network operator could transfer hourly or 15-minute metering data
to the energy provider only if the customer gave his consent. To add up to the pile, the
Dutch Consumer Union published a report stipulating that a mandatory roll-out of smart
meter reporting 15-minute electricity information was an infringement of the right to privacy
according to the article 8 of the European Convention on Human Right (European Court of
Human Rights, 1950) and was thus not compatible with a democratic society. The problem
was finally solved at the Senate by giving the right to customers to refuse having a smart
meter installed (opt-out). Gutwirth et al. (2013) considered that there are four factors for the
rejection of the smart meter bill by the Senate 1) the high resolution of the data transferred
up to the energy providers, 2) the mandatory roll-out where resistance is sanctioned by high
fines or even imprisonment, 3) lack of explanation of the necessity of smart metering and
by extension why the customers have to loose some privacy 4) the combinations of different
functionalities in one meter generating new risk and making the argumentation complex.
Research in social science on the topic of smart meters have also shown large misalignment between the reality of the smart meters and customers’ expectations. From a customer
point of view, just the fact that a digital connected meter is called ’smart’ is actually inducing a wrong idea of what are its capabilities, since it is not a smart home system (Wilson
et al., 2017). This is a recipe for backlash. In Krishnamurti et al. (2012), a behavioral study
shows that most of the concerns and deceptions from the roll-out of smart meters could be
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solved in two ways 1) scale down the expectation of the customers in explaining clearly what
the smart meters could do; 2) align the technology with the expectation by adding smart
thermostats and in-home displays to visualize consumption in real-time. The smart grid
framework requires that the customers know what their metering data is used for, even if it
is technical, stakeholders have the responsibility of informing in a clear and understandable
manner (Bertoldo et al., 2015).
4.2. Evolution of the roles and relationships
The relationship between utilities and customers is ultimately changing due to potential consequences from two-way communication and deployment of decentralized generation (Khurana et al., 2010). Consumers become prosumers and provide service to the grid,
they are actors of the grid and should be considered as collaborators in maintaining stability
of the grid. The European utilities have operated in the last decade important restructurations to cope with the opening of the energy market to concurrence. Indeed they (e.g.
EDF in France, ENEL in Italy, DONG in Denmark) used to be monopolistic and control
the network from generation to distribution. As national companies they had the trust of
customers. Today the trust-relationship has to be rebuilt between customers and utilities
to operate this transition and find a new balance between the actors of the grid. The goals
of the relationship remain unclear to some extend as the benefits and the expectations are
not aligned (Horne et al., 2015). For example, the customers are expected to be more active
but smart meters alone do not provide this functionality, it requires an additionally smart
home device. Additionally the contribution of customers to the stability and reliability of
the grid should be highlighted as it can be used to develop new social norms in relation to
energy (Horne et al., 2015).
The development of aggregators could play an important role in ‘smoothing’ the communication between the utilities and the customers as they would have less customers to
handle. Indeed beyond their technical role they could act as representatives of the customers
to utilities and have more weight in the decision making.
4.3. Smart meters to empower customers to become prosumers
The smart grid aims at transforming a centralized, utility-controlled network into a
decentralized, consumer-interactive network allowed by high-resolution monitoring and twoway communication (Khurana et al., 2010). From a utility perspective, the need of metering
data is almost mechanical. Indeed, a higher share of RES in the generation mix, as promoted
by EU, makes generation less adjustable to the demand. In order to compensate the lack of
flexibility on the generation side, the demand could be modulated according to some incentives (i.e. price, benefit) broadcast to the customers using a two-way communication (Finster
and Baumgart, 2014).
Demand side management (DSM) programs have been studied and implemented based on
the idea of exploiting demand-side flexibility to reduce RES spillage (Strbac, 2008). DSM
(including DR frameworks as well as more complex pricing scheme) relies on a marginal
dynamic price of generation (Ding et al., 2013). Figure 4 gives an overview of the different
price based solutions that can be used depending on resolutions of both price and metered
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Figure 4: DSM service enabled in function of the resolution of the metering. Source: Siano (2014).

data. To generate the corresponding bill, the energy providers need to know exactly how
much power each customer has consumed during each time interval. Hence the resolution of
the metered data should then be higher than (or equal to) the one from the dynamic tariff.
In such a framework, it is important that customers can access their electricity consumption
and dynamic tariff to modify their energy behavior or to automate their white appliances
(i.e. dishwasher, washing machine, electric heating) accordingly. High resolution metering
is then a way to make customers aware of their energy behavior so that they can shift
their consumption from passive (consumers) to active (prosumers) who will provide services
to the grid (Chicco, 2016). The incentive used to change the electricity consumption
behavior of customers does not have to be financial, social norms are a powerful tool to
change behaviors (Allcott, 2011). However, for such incentives to have a positive impact,
the relationship between the utilities and the customer has to be positive as well (Horne
et al., 2015). A customer who manages correctly his consumption, should then be encouraged
in getting electricity cost reductions (McDaniel and McLaughlin, 2009, Klass and Wilson,
2016).
In the context of smart grid, new business models and actors (aggregators) are relying
on metering data to create portfolios and manage their assets (Bondy et al., 2015). How14

ever, it has been demonstrated that the success of such frameworks depends heavily on the
magnitude of demand response triggered and subsequently active customers (Pepermans,
2014).
4.4. Control of access transferred to the data subject
The electricity metering data are stored on a datahub or on the DSO servers (Table 1).
A consent register, as presented in Figure 3, can be created to record which third parties
get access to the data. The consent register is here managed by the data controller (DSO)
but it could have the form of the ‘App’ system developed for smartphones (Smart Grids
Task Force Expert Group 1- Standards and Interoperability, 2016) where customers directly
manage access grants. Hence it will transfer responsibilities, risk assessment and control
to the data subject. It could then also generate the same problems as with ‘Apps’ on
smartphones that are asking for access to data which are not useful to the service provided.
A third party can access data at high resolution (up to 1s depending on the model) wire
or wireless to smart meters using a dedicated port. Again if there is no illegal intrusion
to the household, it is assumed that customers should have control over what is connected
to the port. The risk of an abusive use of metering data by a third party is increased if
the customers are not educated and made aware of how sensitive those data can be (as we
can observe with smartphones). The risk being that information in the data, state of white
appliances for example, are extracted and used by an unsolicited third parties for sending
targeted advertisement suggesting to replace an appliance (Finster and Baumgart, 2014).
The change from consumer to prosumer comes with changes in the distribution of the
responsibilities and control between the actors of the grid. Indeed a prosumer needs to
control his/her consumption to act as such and provide services to the grid. The hierarchical
structure of the actors of the grid, with consumers/prosumers at the bottom and utilities
at the top, is actually, changing. The structure is flatter and prosumers are collaborators
rather than consumers. Adjustment in terms of consideration have to occur.
5. Requirements in terms of ethics
Good practices can be implemented to make the roll-out and the use of metering data
more ethical. It mainly consists of two global concept parsimony and equity. The need of
data is acknowledged, nevertheless it should be parsimonious and come with a direct benefit
to the data subject. Hence both parties would be satisfied.
5.1. Data resolution in accordance to task to fulfill
Privacy concerns are often about the high resolution of metering data- (McKenna et al.,
2012). Obviously the higher the resolution the more precise the information (See Figure 5).
By extension, concerns are also related to machine learning algorithm fed with such data
like Non-Intrusive Load Monitoring (NILM) (Klemenjak and Goldsborough, 2016). Beyond
the potential information that can be extracted, the targeted use of the information is of
higher interest. NILM applications, for example, are made in a certain context; it consists
of providing detailed information of individual appliances consumption to customers, who
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are also data subject, so that they can identify appliances with large unnecessary electricity
consumption. This information should be provided to no one else. We could also imagine the
use of NILM on data at lower resolution to identify large and potentially flexible appliances.
Hence DSOs could use this information to propose flexibility contracts to customers; it would
be beneficial for every party if the benefits are fairly distributed.
Different tasks can be completed using metering data but they do not require the same
level of information (data resolution). The data resolution should therefore be adjusted in
accordance to the task to fulfill. In the same way that the purpose has to be legitimate,
the resolution of the data has to be legitimate. For example when billing customers under dynamic tariff, it does not improve anything to use electricity consumption at a higher
resolution that the dynamic tariff. Hence the resolution of the data should be chosen parsimoniously.
5.2. New risks require compensation
As with any connected device (e.g. computers, Internet of Things devices), a risk of
cyberattack exists. It can be organized by a foreign governmental agency, a malicious person
or a malicious software (Knyrim and Trieb, 2011). The Russian attack on Ukrainian DSO
Kyivoblenergo on December 23, 2015 is the first example of such an organized cyberattack
used to temporarily shut down 30 substations of the distribution grid (Lee et al., 2016). The
grid is a strategic target and the use of digital central control system makes them obvious
targets for cyberattack. However, the attack did not target metering data but the stability
of the grid which in this specific case do not affect privacy. Nevertheless, a cyberattack could
also be conducted by customers on their own smart meter to steal electricity (McDaniel and
McLaughlin, 2009, Colak et al., 2016), or by a malicious person on a specific customer to
spy on him (McKenna et al., 2012).
Hence customers are exposed to new risks of privacy breaching in giving access to their
metering data. The risk is considered and efforts on securing communication are made
to limit it. However, the risk is not null, and it should be addressed with compensations/benefits (Wilson et al., 2017). As utilities transfer the cost of smart meters to the
16

customers (Table 1), it would fair that customers get rewarded according to the amount of
information transmitted to utilities (Culnan and Bies, 2003).
We could imagine a voluntary basis system where customers could chose the resolution of
the data provided and would have tariff/remunerations accordingly. The differences between
the static tariff (i.e. for non-metered customers) and dynamic tariff (i.e. for metered customers) should then take into account the marginal cost of generation but also a deduction
for providing data for the forecast of the demand.
5.3. Balance of the benefits
Balancing the benefits resides in a trade-off between the loss of privacy and increased
risk for customer and the need of metering data for utilities (Culnan and Bies, 2003). We
want to show that it is possible (even necessary) to do it ethically in order to be sustainable
and avoid a future backlash (Zachary, 2011).
Today the benefits of smart metering are going toward the utilities which are saving
cost of employing meter readers, process invoice automatically and get more insights on
the grid for fraud detection and maintenance (Hu et al., 2015). As the meters are payed
mostly through network tariffs (only Italy, Romania, Slovakia and Sweden are sharing costs
between customers and DSO see Table 1), the tariff reductions due to potential savings will
be, in a first time, shortened on the customer side. Real-time data has not shown that
much interest and it seems fair to think that it will take some years before the technology
becomes mature enough to deploy large scale DSM application. Hence until dynamic tariffs
are generalized to all EU Member States, some customers will pay for the technology without
having any of the benefits. The access given to consult and analyze electricity consumption,
as promoted by EU, would then have only little impact, as the customers could only reduce
their consumption to reduce their electricity bill.
Moreover, customers undercharged because of malfunctioning electromagnetic meters,
which is common because of the advanced age of electromagnetic meters, will observe an
increase of their electricity bill due to increased metering accuracy (Krishnamurti et al.,
2012). A more precise billing means also that it is easier for the energy providers to detect
fraud in comparison to annual metering on electromagnetic meters. To give an idea of
the cost of electricity theft, it is responsible in 2000 in the US of 0.5% to 3.5% losses of
the annual growth revenue which seems low but still represents $10 billions, compensated
by higher price on the other customers (Smith, 2004). With smart meters, the risk of
undetected frauds decreases which means that theoretically the cost of the fraud is reduced
and can be translated into lower prices. Fraud is better monitored, but at the same time, the
risk of electrocution in compromising smart meters ( i.e. through software) is much lower
than with electromagnetic meters and thus less repealing to possible thieves (McDaniel and
McLaughlin, 2009).
Smart meters are part of the Advanced Metering Infrastructure (AMI) which forms the
informational backbone of the smart grid and makes the grid smart. From a DSOs perspective, AMI allows them to have precise information about the power flows at a distribution
level beyond the substations. Again this value of metering is emphasized by the increase of
variable RES in the generation mix and decentralized generation down to the distribution
17

level (Finster and Baumgart, 2014). This way it lower the risks of outages, the DSOs can
also anticipate the maintenance and solve problems faster as they do not need customers’
calls to be aware of them.
Whatever the decision taken to increase the capacity of RES and subsequently to limit
climate change due to electricity generation, dynamic information on the demand side will
be required to optimally use RES, invoice prosumers and balance the generation with the
demand (Klass and Wilson, 2016). Hence the roll-out of smart meter from a environment
and grid management perspective is not negotiable, but the way the data is used and how
the benefit of such infrastructure will be shared are still under discussion. If as in the case
of the Netherlands (Hoenkamp et al., 2011), an opt-out is negotiated in most of the member
states, customers will perform a cost-benefit analysis between the loss of privacy and the
social, economical benefits generated (Culnan and Bies, 2003). The worst scenario could
lead to the loss of an important part of the metered households.
6. Conclusions and perspectives
Utilities are putting efforts in complying with the GDPR. GDPR however only protects
the basic rights of the data subjects (i.e. customers). Nevertheless DSOs must also respect
the agenda of the Third Energy Package and deploy smart meters in due time. Hence
mandatory installation of smart meters appears to be a good solution. This is not counting
on possible backlash of the customers. The Netherlands’ case gives us a picture of what
could happen in EU during the next years (Hoenkamp et al., 2011).
Bad practices during the roll-out (e.g. installing smart meters without informing customers) are giving a negative image of smart grid technology to the customers. The fact
that it is required to improve the use of RES or that it is imposed by EU are not arguments supporting the implementation of smart grid as it is right now. On the contrary, all
the technological development and investment would be a vain attempt if customers do not
adopt or at least accept the technology in a first time. Problems may not rise during the
roll-out but also afterwards as the relationship is dynamic and requires efforts on both side
to be fruitful.
It becomes then clear that insights from social science are necessary to understand how
customers are perceiving ‘smart meters’ in their home. Indeed, from a engineer point of
view, customer as non-rational in its decision making is often seen as a problem. Hence
only the technico-economic aspects of the problem are used to evaluate a framework. The
use of social science like consumer science, justice research, ethics and anthropology to large
infrastructure projects involving citizens has shown positive influence on their perception
regarding potentially non-appreciated project (i.e. construction of a dam, road).
In the general context of climate change, citizens have become aware at different levels of
their responsibilities as well as how they can influence the outcome. Energy and electricity
by extension, represents one of the fields were awareness is growing rapidly. It seems that
customers are ready to become actors of the grid and support the development toward a
greener electricity generation but not at any cost.
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a b s t r a c t
With the large-scale deployment of smart metering, energy sector is facing ‘Big Data’ related challenges.
While metered customers generate streams of data, load profiling methods are not taking advantage of
this structure. Indeed, insights on the demand are traditionally provided by static typical load profiles.
Renewable energy sources generate intermittency in the production and subsequently uncertainty in
aligning the generation to the demand at any time. This work proposes a new view on load profiling
that takes benefit of the stream structure of the data, an adaptive and recursive clustering method that
generates typical load profiles updated to newly collected data. The online adaptive clustering algorithm
is based on an online K-means approach using a dynamic time warping based distance associated
with a facility location to adjust the number of typical load profiles. The performance of the algorithm
is evaluated on a synthetic dataset and applications are presented on real-world dataset from both
electricity and central district heating.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
The energy sector is following the trends of Big Data and growing interest is placed in collecting and analyzing energy data. The
development of Advanced Metering Infrastructure (AMI), and Information and Communication Technologies (ICT), thanks to public
investments (Third Energy Package in Europe [1] and the American
Recovery and Reinvestment Act in the United States of America [2]), constitutes the informational backbone of the energy sector. These investments were motivated by the implementation
of ‘greener’ energy policies supporting the use of larger amount
of Renewable Energy Sources (RES). RES are known to introduce
intermittency in the production, hence, if no actions are taken, the
larger the share of RES in the generation, the farther it can be from
the consumption. It is then a necessity to have information about
the demand status at a resolution that allows operators to take
actions to minimize the use of conventional energy sources.
Typical load profiles, that describe the consumption of group of
customers, are used to provide information to the utilities about
the demand status. Load profiles have been mainly used in the
electricity sector, but other energy fields (e.g. central district heating, gas) can benefit from its development. The Electricity sector
is also the main leverage in transitioning to more sustainable
energy production/consumption providing the highest share of
RES. As production has to meet the consumption at any time, RES
intermittency has to be compensated on the consumption side.
Solutions exist to optimize the use of RES (i.e. storage, demand
∗ Corresponding author.
E-mail address: gleray@elektro.dtu.dk (G. Le Ray).
https://doi.org/10.1016/j.segan.2018.100181
2352-4677/© 2018 Elsevier Ltd. All rights reserved.

side management) but they all rely on precise information on
generation and demand statuses.
Typical load profiles were traditionally generated for the electricity sector by segmenting customers by activities . With only
a few customers metered, demographics or customers categories
available, the goal was to estimate load profiles of non-metered
customers, using assumptions to extrapolate hourly load profiles
from yearly consumption. It was known to be inaccurate as subpopulations exist in almost each category [3]. Deployment of AMI
has drastically changed the paradigm of load profiling from estimating the demand using a few metered customers to summarizing the information contained in a large pool of metered customers.
State-of-the-art load profiling methods use clustering algorithms combined with dimension reduction techniques on batches
of historical data and generate static typical load profiles which
suppose that loads are repeated over years taking into account
seasonality and other temporal periodicity of the data [3–7]. This
is a first step toward data-driven load profiling. Nevertheless,
technological evolution of white appliances and the penetration of
new type of electrical appliances (e.g. electric vehicle, heat pumps,
batteries) are actually changing the loads on a time scale which
requires the profiling to be rerun more often. A recursive approach
to load profiling would be a computationally inexpensive way
to do so. The problem of temporal dependence, inherent to time
series, has been tackled by using Wavelet transform [8] or Fourier
transform [9] that can be seen as dimension reduction techniques.
However, both the number of clusters and the assignment of
customers to a cluster remain static and the clustering has to be
rerun to be updated with newly collected data. Bayesian framework is by essence inferential and is a solution to the problem of
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Table 1
The different type of clustering-based load profiling [12].
Number of clusters:

Static

Dynamic

Load static
Load dynamic

Type 1
Type 3

Type 2
Type 4

updating the clusters to newly collected data. Example of Gaussian
mixture models [10] and Dirichlet process [11] can be found in
the literature but none of them challenges the temporal static
structure of the clustering.
Benítez et al. have defined four types of clustering-based load
profiling (Table 1) depending on whether loads are considered
dynamic or static and whether the number of clusters K is evolving
or not. In this categorization, the work in [5–11] are Type 1. In their
latest works, Benítez et al. have implemented type 2 [12] and type
3 [13] clustering-based load profiling. In this paper, we present a
Type 4 clustering-based load profiling methodology. The clustering
process is (i) flexible, customers can change cluster; (ii) adaptive,
the number of clusters can change according to data structure;
(iii) online, the typical load profiles are dynamic and recursively
updated and (iv) it respects time dependency of load patterns.
The remainder of this paper is organized as follow: Section 2
presents the notations and the preprocessing of the data, the
methodology is introduced in Section 3, the performance of the
online adaptive clustering is evaluated on a synthetic dataset in
Section 4. Real-world data applications are presented in Section 5
and the work is ultimately concluded with an outlook in Section 6.
2. Preliminaries: Notations and data preprocessing
The notations used to present the online adaptive clustering
algorithm in the following sections are first introduced. Smart
meters can record consumption at high frequency (up to 1 s),
however data are broadcast into batches at regular intervals during
a day to minimize the communication costs. In this framework,
metering data are then not collected online but as blocks of data
Ωt of fixed length (e.g. days, weeks). Each block Ωt , t ∈ {0, . . . , T }
consists into a set of vectors
Ωt = {Xt1 , . . . , Xti , . . . , XtI },

(1)

Xti

where each vector
is a load from meter i at time step t with all
the same length (e.g. 24 for blocks of a day with hourly resolution).
The set of typical load profiles Υt generated after clustering Ωt at
step t is formed by K t vectors
Υt = {Yt1 , . . . , Ytk , . . . , YtK t },

(2)

on each line dti of matrix Dt . The result of assigning each load to a
typical load profile is a partition of the loads Πt = {Pt1 , . . . , Ptk , . . . ,
PtK t }. As an example, we define a set of five loads {X1 , . . . , X5 },
and a possible partition into two clusters could be, Π = {P1 =
{X1 , X3 , X4 }, P2 = {X2 , X5 }}.
If raw loads are clustered, the main information used to cluster
would be the average consumption, the amplitude of the peak and
the exact peak location. To make the loads comparable, the loads Xti
have to be normalized. In this work, we have opted to divide each
load by their reference power (i.e. maximum consumption over the
period) so that they are bounded to [0, 1] [5].
In the remainder of this paper, the t index will be omitted to
simplify the notation when objects from the same time step are
used.
3. Proposal clustering algorithm
The splitting of this section into subsections is materialized
by dotted rectangles in Fig. 1. Section 3.1 explains the setting of
the online clustering algorithm parameters. Section 3.2 presents
the online clustering that consists into an iterative process based
on the K-means algorithm that connects time steps. Section 3.3
presents the facility location approach, used to evaluate if extra
cluster centers should be created.
3.1. Consensus clustering: Online parameters setting
The online adaptive clustering algorithm requires three parameters: Υ0 , the first set of typical load profiles; K 0 , the number of
cluster centers at t = 0 and d(Ω0 , Υ0 ), the distance matrix at
t = 0. To set these parameters, available historical data can be
used offline to create the first partition Π0 .
Determining the optimal number of clusters K without prior information is a non-trivial and computationally expensive problem.
The classical way to determine it is by running several instances,
q ∈ {1, . . . , q, . . . , Q }, of a clustering algorithm with different
values of Kq to select K 0 that minimizes a criterion [14]. Thereafter
only the partition generated with the optimal K 0 is kept, the
other instances being used only to determine K 0 . In this work,
we opted for consensus (or ensemble) clustering to determine K 0
and generate a robust partition [15]. Consensus clustering consists
into running in parallel several instances q of clustering algorithm(s) (possibly different) with different values of Kq that return
q partitions Πq of historical data Ω0 . Every instance contributes to
determine K 0 , the partition Π0 and the cluster centroids Υ0 . From
the partitions {Π1 , . . . , Πq , . . . , ΠQ } a probability distance Dp is
calculated,

∑Q

t

where K is the number of clusters at time step t. The clustering
algorithm used in this work is distance-based. The distances between the set of loads Ωt and the typical load profiles Υt −1 at
previous time step t − 1 are calculated and stored into a matrix
dt11

⎡

⎢ ..
⎢ .
⎢ t
Dt = d(Ωt , Υt −1 ) = ⎢
⎢ di1
⎢ .
⎣ ..

dtI1

...
..
.

dt1k
dtik

...

dtIk

...

..

.
...

k

q=1

Dp (i, l) = 1 −

Kq δ (Aqi , Aql )

∑Q

q=1

with δ (a, b) =

{

1,
0,

Kq

if a = b
if a ̸ = b

,

(5)

(6)

dt1K t

⎤

δ the co-occurrence matrix specifies if two points are in the same

dtiK t

⎥
⎥
⎥
⎥.
⎥
⎥
⎦

cluster in each instance and creates a linkage between each pair
of loads in Ω0 . The sum of the co-occurrence matrices is weighted
by the number of clusters Kq set in each instance. The benefits of
consensus clustering are multiple; all instances are used to build
the probability distance matrix; the final partition is a consensus
between the different instances so it reduces the bias of each
instance; it gets freed from a potential bias due to the choice of
initial set of cluster centers.
Using the dendrogram of the hierarchical ascending clustering
implemented on the probability distance matrix with the Ward
criterion, the user determines the number of clusters K 0 . The
expertise of the user in solving a specific problem is necessary to

..
.

..
.

dtIK t

(3)

The distance between a load Xti and a typical load profile Ytk−1 is
noted dtik . A vector of labels At = [At1 , . . . , AtI ] specifying to which
typical load profile k each individual load Xti in Ωt is assigned to is
generated using the operator,

∀i ∈ [1, I ], Ati = argmin (dti )

1

(4)

2
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Fig. 1. Overview of the online adaptive clustering algorithm.

determine the optimal number of clusters K 0 . From the K 0 clusters,
the initial typical load profiles, Υ0 are calculated by the average
of the loads in each cluster, and the initial distance matrix D0 =
d(Ω0 , Υ0 ) of each loads in Ω0 to the typical load profiles Υ0 is
generated.

It differs from K-means algorithm in using exponential smoothing
to transfer structural information from previous time steps during
the calculation of the distance matrix,
t

∆ =

∑t

τ =0
∑
t

λt −τ Dτ

τ =0

3.2. Online clustering
The online clustering algorithm takes as input the results of the
consensus clustering, the typical load profiles Υ0 and D0 the matrix
of distances between the loads in Ω0 and Υ0 (Fig. 1). The time
iterative process of the online clustering uses the core of K-means
algorithm with:

• An assign step, where loads in Ωt are assigned to the closest
centroid in Υt −1 ,

• Update centroids by averaging loads in each cluster.

λτ

(7)

λ is the exponential smoothing coefficient and takes a value in
[0, 1], which corresponds to how much of the previous time step
information is transmitted to the next one. The assignment of the
loads in Ω is based on matrix ∆. Implementation of the exponential
smoothing relies on the assumption that loads are relatively stable
and those grouped in a same cluster may exhibit the same dynamic
over time and thus remain together.
The centroids are updated by averaging the loads Xti ∈ Ptk .
Hence the most recent data are used in the calculation of the typical
load profiles which provides up-to-date typical load profiles.
Consumption data display time-dependency. The clustering
process presented in this work is distance-based, so the distance
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definition chosen should respect time dependency and create clusters based on pattern. Several distance measures using correlation
coefficients, Euclidean distance and Dynamic Time Warping (DTW)
have been used in clustering time series [16,17]. To tackle this
problem, we suggest to use a dissimilarity index [18],
d(X, Y) = φ[ρ (X, Y)]dDTW (X, Y)

(8)

that balance a first order temporal correlation coefficient

∑M −1

ρ (X, Y) = √∑
M −1
m=1

m=1

(xm+1 − xm )(ym+1 − ym )

(xm+1 − xm )2

√∑

M −1
m=1

,

(9)

(ym+1 − ym )2

estimating the dynamic behaviors and the DTW distance

⎛

⎞
∑

dDTW (X, Y) = min ⎝
r ∈M

|xi − yj |⎠ ,

(10)

(i,j)∈{1,...,M }2

for any given load X and typical load profile Y of same length M
using the function φ

φ (u) =

2
1 + exp(u)

,

(11)

an adaptive tuning function to balance automatically the distance
dDTW according to the temporal correlation coefficient ρ [19]. DTW
has been broadly used in time series analysis and pattern recognition, it measures temporal similarities between time series. It
calculates the Euclidean distance between a point of a time series
and all the points of the other time series to create a distance
matrix between each pair of points. It then finds the shortest way
r from the lower left corner to the upper right corner which is
called a warping path. We used the Paliwal window [20] to limit
the shifting to only a few time steps (i.e. a window around the
diagonal of the distance matrix) depending on the data resolution
and to speed up the calculation.
3.3. Adaptivity: semi-online facility location
So far the algorithm is only online, but not yet adaptive. In
this section, we present a probabilistic approach called facility
location to adjust the number of clusters according to new unseen
data [21]. When clustering loads, two antagonist processes have to
be handled:

• Stability: loads changing shape simultaneously (e.g. season-

3

to generate an extra typical load profile, thus sensitivity to outliers
is reduced. Monte-Carlo simulations are run 1000 times to obtain
the distribution of the number of loads above the threshold, and
the mode of the distribution is used to evaluate if the threshold
is reached or not. Hence it makes the algorithm consistent. If the
threshold is reached, the load which is the farthest from its closest
centroid is used as extra cluster center and the distance matrix D
is then recalculated to check if other loads in Ω should be assigned
to the new typical load profile. Thereafter ∆ is also updated with
K + 1 clusters (Fig. 1).
If two cluster centers are converging, the algorithm would
ultimately merge them, but it would take many iterations. To
avoid redundant typical load profiles, a minimum threshold dmin <
d(Ym , Yn ) between two cluster centers m and n is defined. If a pair
of centroids gets under dmin , they are considered similar and are
merged to form a single cluster with the average of their assigned
loads as centroid. Thereafter ∆ is also updated with K − 1 clusters
(Fig. 1). Hence the algorithm reacts faster to decreasing number of
typical load profiles over time.
3.4. Setting the parameters
The online adaptive clustering algorithm requires setting parameters empirically as the nature of the data (e.g. electric load
data, central heating district data), the resolution, the preprocessing affect the clustering process. Moreover the objective of
the clustering can differ from one application to another, which
is why the setting of the parameters is left to the user. Table 2
gives guidelines on the action of each parameter on the clustering
process.
Setting K 0 has influence only on the few first iterations (depending on λ) as the initial structure will fade out progressively
thanks to the exponential forgetting. λ is influencing how much
structural information is transferred from one iteration to another,
the larger λ the more information transmitted. C f and dmin are
parameters controlling the adaptivity and more precisely controlling the radius of the clusters. A large value of C f will allow larger
clusters and thus a smaller K . A small value of dmin will allow the
creation of smaller clusters and thus a larger K . γmin can be used to
limit fluctuation of K .
4. Online adaptive clustering performance evaluation using
simulated data

ality) should stay in the same cluster,

• Novelty: disruptive load behavior should generate a new
cluster center.
Facility location tackles the second point. A cost Cia is set to the
assignment of each load, which is proportional to the distance di,Ai
of each load Xti to the closest typical load profile YtA−1 and a cost C f
i
to the creation of a new facility (i.e. cluster center) with C f ≫ Cia .
Cia and C f are combined to form a probability

(
p(Yk+1 = Xi ) = min

Cia
Cf

)
,1 ,

(12)

that a load becomes a new cluster center. Hence the larger di,Ai ,
the larger the marginal cost Cia of adding a new load to existing
clusters, the higher the probability that it becomes its own cluster
center. The facility cost is regulating the clusters’ size and can be
empirically chosen according to the clusters size wanted.
As the newly generated loads arrive simultaneously in a block
Ω, facility location is implemented in a semi-online way and evaluates the creation of new cluster centers on Ω instead of a load
at a time as in the completely online setup [22]. A threshold γmin is
defined to set how many loads should exhibit a disruptive behavior

The performance of the online adaptive clustering algorithm
is first evaluated on a synthetic dataset where the true typical
load profile for each consumer is known. The following section
describes how synthetic loads were generated, how the clustering
process was evaluated and presents the results.
4.1. Data generation
The following simulation aims at demonstrating that the proposed algorithm can both handle slow changing typical load profiles as well as disruptive behaviors (i.e. unobserved in the previous
steps). To do so four slow changing and one disruptive typical
load profiles are created based on nine typical load profiles from
ENTSO-E data base displaying different load behaviors at hourly
resolution [23]. The four slowly changing typical load profiles are
generated using four pairs of typical load profiles from ENTSOE. The daily typical load profiles Yk are synthetically created as
weighted averages
Ytk =

(
1−

t
300

)

Y0k +

t
300

Y299
k

(13)

4
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Table 2
Influence of the parameters on the clustering process.
Parameter

Definition

Value

Influence

K0

Initial number of cluster centers

n ∈ {2, . . . , N }

On the first iterations

λ

Exponential forgetting

[0, 1]

Smooth the clustering

Cf
dmin

Facility cost
Minimum distance between cluster centers
Number of disruptive load needed to create a new cluster

Relative to C a
Relative to the expected number of clusters
n ∈ {2, . . . , 10}

Size (radius) of the clusters
Size (radius) of the clusters
Limits fluctuations of K

γmin

Fig. 2. Synthetic data generation based of ENTSO-E load profiles. Morphing of the four typical load profiles (a) and the new load behavior appearing at day 200 (b).

of Y0k and Y299
respectively the starting (Day 0) and ending (Day
k
299) profiles exhibited by typical load profile k. Fig. 2(a) presents
the evolution of these typical load profiles. From the four slow

changing typical load profiles, 1000 individual daily loads are
sampled. Each of the 1000 simulated customers is randomly assigned to one of the four slow changing typical load profiles Υ =
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{Y1 , . . . , Y4 }. The simulated daily loads
Xti = Ytk + N (0, Σ)

(14)

are sampled from the typical load profiles Ytk

by adding a multivariate Gaussian noise N (0, Σ). The covariance matrix

σ12 ρ11
⎢ ..
⎢ .
⎢
Σ=⎢
⎢ σl σ1 ρl1
⎢ .
⎣ ..
σL σ1 ρL1

...
..
.

⎡

...

σ1 σl ρ1m

...

σl2 ρlm

..

.
...

σL σm ρLm

σ1 σM ρ1M
..
.
σl σM ρlM
..
.
σL2 ρLM

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(15)

is stochastically generated. σ = {σ1 , . . . , σ24 } is a normalized
random vector of standard deviation and ρ is a matrix of coefficient
decreasing exponentially from the diagonal

ρlm = exp

(

)
−|l − m|
,
τ

Fig. 3. Mode of the NMI and the number of clusters over the test period.

(16)

which adds some small time shifting to the patterns. The daily
load data were then normalized to [0, 1] by dividing them by their
reference power.
At time step 100, 250 of the 1000 customers generated disrupt
from their slow transitioning typical load profile to the fifth typical
load profile (Fig. 2(b)). The number of clusters is in the same
time expected to change automatically, generating an extra cluster
center which groups the 250 disruptive loads. At time step 200, the
250 customers are catching back their original slow transitioning
typical load profiles. The number of clusters is then expected to
change from five to four clusters and reassigning the loads to the
cluster corresponding to their original typical load profile.
4.2. Performance evaluation
The performance of the algorithm is evaluated using the Normalized Mutual Information (NMI) which is a criterion based on
entropy and cross-entropy as defined in information theory. It
actually evaluates how much information is shared between two
vectors of labels. The entropy
H(U) =

I
∑

p(ui ) log(p(ui )),

(17)

i=1

is the amount of disorder in vector U where each element can
take a value in {u1 , . . . , uI } and the probabilities p(ui ) represent the
probabilities that an object picked at random from U has value ui .
The Mutual Information (MI)
MI(U, V) =

J
I
∑
∑

p(ui , vj ) log

i=1 j=1

(

p(ui , vj )
p(ui )p(vj )

)
(18)

is basically the entropy of the joint probability between vector of
labels U = {u1 , . . . , uI } and V = {v1 , . . . , vJ }. In the context of this
work, the joint probability p(Yj , Πk ) is the probability that a load is
both from typical load profile Yj and assigned to cluster Πk . MI is
then normalized,
MI(U, V)

NMI(U, V) = √

H(U)H(V)

(19)

and takes value in [0, 1] where 1 is a perfect match between U and
V.
4.3. Online clustering setup and results
The evaluation focuses on the online adaptive clustering algorithm. Hence the consensus clustering is not performed on the synthetic data and the first partition Π0 is actually the real assignment

of the customers to typical load profiles in Υ. The facility cost is
fixed to C f = 100, the number of points γmin required to generate
a new cluster is set to one, the exponential smoothing is λ = 0.85
and the minimum distance between cluster centers is dmin = 0.07.
The results of the analysis are presented in Fig. 3 with the
evolution of the number of clusters (blue dotted line) and the NMI
(green solid line) over the test period. The number of typical load
profiles used to sample the daily load curves is displayed with a
red dashed line. It shows that the number of clusters generated
by the online adaptive clustering algorithm follows precisely the
number of typical load profiles until day 200. Even when at time
step 100, the number of typical load profiles is changing from
four to five. When the number of typical load profiles used to
sample the loads is decreasing from five to four, we observe a
delay of 2 days before the algorithm adjusts the number of clusters.
Besides detecting correctly the number of clusters until day 100,
the algorithm groups correctly the loads that are sampled from the
same typical load profile in the same cluster as the NMI stays close
to 1.0 until day 50. At day 50, a decrease of the NMI is observed.
This can be explained by the real partition information provided
at t = 0 fading away in the exponential smoothing as well as
a convergence of the typical load profiles (see Fig. 2) which can
engender some misclassifications. At day 100, we observe a drop to
approximately 0.6 and the NMI comes quickly back to around 0.9
in the next day and oscillate around 0.9 until day 200. At day 200,
the NMI drops again down to 0.75 and comes quickly back to 0.95
the next day and continues to increase until it oscillates between
0.99 and 1.0. At the end of the test period, the algorithm classifies
correctly the loads despite the change from four to five and back to
four typical load profiles.
The online adaptive clustering performed accurately on the
synthetic dataset as it generates the correct number of clusters and
groups correctly customers generated from the same typical load
profile in the same cluster.
5. Applications to real-world data
The online adaptive clustering algorithm has been tested on two
real-world datasets, (i) central district heating loads from 97 buildings in Copenhagen at hourly resolution for a month, (ii) 13 241
electrical loads from industries, businesses and households with
PV (i.e. for billing purposes) at hourly resolution for an entire year.
They exhibit different characteristics which can be observed when
profiling loads and demonstrate a wider range of applications of
the online adaptive load profiling clustering to energy systems. The
code of the online adaptive clustering algorithm has been made
available on GitHub1 to the interested reader.
1 https://github.com/gleray/Online-Kmeans.
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Fig. 4. Sankey graph displaying the flow of buildings in the different clusters from one day to another during the test period.

Fig. 5. Evolution of cluster 4 along the test period.

5.1. Central district heating data
HOFOR, the operator of the central district heating in Copenhagen area, provided data from 97 building over a period of a
month (31 days in March–April) with hourly resolution. A block
Ω groups a day of data (M = 24) and no preprocessing has been
operated on the data as the consumptions are all of the same
magnitude [0, 1].
The consensus clustering is using a modified version of the Kmeans algorithm that uses dDTW as a distance metric and is applied
with Kq = {2, . . . , 10} on data generated at day 0. From the
dendrogram obtained with the hierarchical ascending clustering,
a partition Π0 into five clusters is generated. The online adaptive
clustering uses the centroids Υ0 and D0 obtained from Π0 as initial
parameters and runs over 31 days.
The online adaptive clustering algorithm starts with K = 5
clusters, a facility cost C f = 7.5, it needs only one building to
create a new cluster center, the exponential smoothing is λ =
0.85 and the minimum distance between cluster centers is dmin =
0.01. The evolution of the clusters’ composition is summarized
in a Sankey diagram (Fig. 4) that displays the flow of customers
between clusters from one day to the next. The clusters are stable
over time, besides some adjustments with few buildings changing
cluster at each iteration. At iteration 9, cluster 1 splits into cluster
1, 6 and 5. Cluster 5 is actually a single building with a pattern
different from the rest of the pool. We observe again a splitting
at day 25, cluster 1 splits into cluster 1, 10, 7 and cluster 9 is
taking elements from cluster 1, 0 and 6. The evolution of cluster
4 is presented in Fig. 5 and shows how the typical load profile’s
shape changes slowly over the period.
No predefined classification is available to assess the quality of
the partition, hence the number of clusters and the RMSE between
individual loads and their assigned typical load profile over the
test period (Fig. 6) have been used to evaluate the partition. As
expected, the RMSE does not depend on the number of clusters and
globally decreases over the period. It confirms first that the online
adaptive clustering algorithm summarizes accurately the loads
using a limited number of typical load profiles in the case of stable
typical load profiles; second, it is fast as it uses only one K-means
iteration at each time step and last but not least it demonstrates
successful application of the online adaptive clustering algorithm
for profiling non electric loads.

Fig. 6. Number of clusters and Averaged Root Mean Square Error (RMSE) between
daily loads and their assigned typical load profile over the test period for the central
district heating data.

5.2. Electrical load data
Radius, the DSO in Copenhagen area, provided the second data
set. It consists of a year (240 days after removing missing data) of
hourly power consumption data from N = 13 241 customers. The
customers metered at hourly resolution by Radius are businesses,
industries and households with PVs. The blocks Ω consist of a day
(M = 24) and the loads were preprocessed by dividing them by
the peak over the period as explained in Section 2.
The consensus clustering is using the same modified version of
the K-means algorithm presented in Section 5.1 with Kq {10, . . . ,
100} on day 0: 2015-01-12. The partition Π0 is obtained by cutting
the dendrogram into seven clusters. It is intentionally underestimating the number of clusters present in the dataset (approx. 20).
The online adaptive clustering algorithm starts with K = 10
clusters centers, a facility cost set to C f = 950, the minimum
number of customers to create a new cluster center is γmin = 5,
an exponential smoothing coefficient of λ = 0.85, and a minimum
distance between two cluster centers set to dmin = 0.13. A standard
K-means algorithm using Euclidean distance and a Self Organizing
Map (SOM) applied on the entire set of daily load profiles with K
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From the application on real data the algorithm has fulfilled
expectations, it handles correctly slow changing and fast changing
profiles, splitting and merging to keep the same overall accuracy
with a low computational cost at every iteration.
6. Conclusions and future works

Fig. 7. Number of clusters and Averaged Root Mean Square Error (RMSE) per unit of
peak load, between daily loads and their assigned typical load profile over the test
period for Benchmarks: SOM (7.9% RMSE overall score), K-means (7.5% RMSE overall
score) and the online adaptive clustering algorithm (7.2% RMSE overall score).

= 50 have been used to benchmark the online adaptive clustering
algorithm [5].
The results are presented in Fig. 7 with the number of clusters
and the averaged RMSE between daily loads and their assigned typical load profile for the benchmarks and the online adaptive clustering algorithm. The number of clusters generated by the online
adaptive clustering algorithm first increases up to 64 around 201504-22 before going down to 36 during the summer and up again
to 54. The averaged RMSEs show weekly periodicity which results
from the customers’ activity in the study, mostly industries and
businesses, that are usually closed on weekends and thus displays
more homogeneous patterns. The number of clusters seems to
influence marginally the average RMSE of the online adaptive clustering algorithm, besides the first 14 days, which means that the
algorithm is finding accurately the number of latent typical load
profiles at each iteration. When the number of clusters in the online
clustering algorithm gets close to 50, as set in the benchmark, the
average RMSE of the benchmarks is getting closer (or equal) to the
RMSE of the online adaptive clustering algorithm. The K-means
actually beats the online adaptive clustering algorithm when the
K t is under 40. It stabilizes the RMSE between 0.08 (weekdays) and
0.06 (weekends) when benchmarks have a tendency to fluctuate.
After removing the 30 first days of convergence to a stable solution,
the overall RMSE score of the online adaptive clustering algorithm
is 7.2% against 7.5% and 7.9% respectively for the K-means and
SOM. In terms of computational time, on a desktop computer
equipped with Intel Xeon CPU 3.50 GHz × 8 cores, the consensus
clustering (computed in parallel on 7 cores) takes 15 min to be
completed, and each iteration of the online adaptive clustering
(on a single core) takes approximately 1 min 20 s as the overall
process on 240 days took 6 h. As comparison, the SOM takes 16 h
to be completed and the K-means 20 h. These results confirm the
necessity of having an adaptive clustering process that estimates
correctly the number of clusters in the data at time t. The difference
of performance between the online adaptive clustering algorithm
and the benchmark would be larger with a dataset displaying more
non-stationary behavior like loads involved in Demand Response
(DR) programs or with large amount of PVs.
Fig. 8 gives an example of the evolution of a cluster over the
period. The shape of the typical load profile as well as the lowest
value are changing over the period. The cluster groups mostly
restaurants, which are active daily from lunch to dinner time with
a peak at dinner time and along the year at high activity periods
(Christmas holidays, Saturdays, and from April to August).

In this paper, we have presented an online adaptive clustering
methodology for load profiling. We have demonstrated its efficiency on both synthetic and real datasets. It is more agile than
traditional clustering based load profiling as it is recursive and
uses the most recent data to update daily typical load profiles and
computationally efficient as it processes only short time series at
each time step of the online clustering. In this framework, the
typical load profiles are generated every day, hence a customer’s
profile can be summarized by concatenating the typical load profiles assigned for each day to generate its load profile over a period
of interest.
The methodology establishes a first step toward dynamic profiling of electricity consumption patterns. The deployment of smart
meters associated with the increasing share of renewables will
make dynamic load profiling compulsory for future grid management as fast decision making under uncertainty is becoming
the common situation. A dynamic clustering methodology is then
more suited for handling balancing between generation and consumption which is a dynamic problem both on production and
demand sides.
From a widespread power system perspective, the methodology can be a systematic tool providing insights at a reasonable time
scale for demand side management programs. It can also be used
to develop new dynamic tariffs that would reflect the marginal
cost each customer generates by shifting or synchronizing their
peak load to the overall peak load. In electricity demand analysis
a dynamic load profiling method will provide information on the
stability of customers load patterns over time and whether it displays some periodicity (e.g. day open and close for a supermarket).
Classic load profiling applications like estimating load for planning
of the grid will also benefit from the output of the online adaptive
clustering algorithm. Sampling of the most probable weekly or
yearly load profiles can be generated by concatenating the daily
load profiles and provides information on the uncertainty of the
load behavior via confidence intervals or probability density distribution around the curve.
Several possible extensions of the work can be considered; the
methodology could be extended to multi-energy profiling which
is lacking at the moment and will be needed as multi-energy solutions exploiting volatility of different markets are being deployed
(e.g. fuel shifting solution). It could also be tested on a dataset
with large amounts of non-stationary loads, typically households
subject to DR or equipped with PVs, EVs and batteries. As the
code has been made available on GitHub,2 we invite readers with
such dataset to download the code and test it on their data. On a
more technical aspect, the methodology could be transposed in a
Bayesian framework, which will provide direct evaluation of the
uncertainty.
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Fig. 8. Evolution of cluster 15 along the test period.
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Unsupervised Energy Disaggregation: From Sparse
Signal Approximation to Community Detection
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Abstract—Data collected from smart meters is to be potentially
used as a basis for many different purposes e.g. demand response
management and pricing. A popular problem to tackle using such
smart meter data is Non-Intrusive Load Monitoring (NILM),
which is a deconvolution process to separate appliances and their
consumption based on aggregated measurements only. State-ofthe-art NILM approaches are supervised algorithms based on e.g.
Factorial Hidden Markov Models (FHMM) or Artificial Neural
Networks (ANN). They require large training datasets and may
have limited generalization ability when used for new data and
situations not seen during the training process. In contrast here,
we propose an unsupervised NILM approach that combines (i)
sparse signal approximation into a sum of boxcar functions by
Orthogonal Matching Pursuit (OMP), (ii) a Gaussian Mixture
Model (GMM) reducing redundancies in the boxcar functions,
(iii) community detection to obtain appliance signatures from association of boxcar functions. The algorithm shows performance
in the same range as the FHMM and NN at high resolution
(6 seconds) but can also perform well at lower resolution (1
minute). As the approach is generic and unsupervised, it fits
the requirements for a real-world implementation with standard
metering data.
Index Terms—Clustering, Community Detection, NonIntrusive Load Monitoring (NILM), Orthogonal Matching
Pursuit (OMP), Unsupervised Learning.

I. I NTRODUCTION

L

ARGE scale deployment of smart meters and, more
generally, information and communication technologies
(ICT) open up towards intelligent networks that will comprise
the informational backbone of future smart grids. A prospect
is to benefit from Demand Side Management (DSM) concepts
to integrate Renewable Energy Sources (RES) efficiently and
economically by harnessing consumer flexibility. With that
objective in mind, smart meters connecting consumers and
utilities (plus possibly some other agents in the system e.g.
flexibility aggregators) with a two-way communication protocol allow utilities to get near real-time feedback on electricity
consumption, while consumers can receive incentives e.g.
dynamic tariffs, and modify their energy consumption behavior
accordingly.
The exponentially growing amount of metering data brings
new perspectives in terms of solving challenging R&D problems while allowing for new business models. These generally relate to developing new insights about electric demand
P. Winker, G. Le Ray and P. Pinson are with the Centre for Electric Power
and Energy, Technical University of Denmark, Kgs. Lyngby, Denmark (email:
{gleray,ppin}@elektro.dtu.dk).
This work was partly supported by EUDP through the EnergyLab Nordhavn
project (EUDP 64015-0055).

characteristics relevant to DSOs and aggregators (e.g. consumer behavior, detection of electric vehicles and heat pumps,
estimation of PV capacity), to the consumers (more control
on electricity consumption) and to electricity providers (energy efficiency programs) [1]. Non-Intrusive Load Monitoring
(NILM), which consists in separating single appliances and
their electricity consumption signal from the overall consumption signal of a household thanks to their specific signatures, is
probably the most known approach to extract information on
what happens behind the meter. NILM was first described by
Hart in the 90’s [2] but applications became only possible with
the booming of high frequency metering and the increase of
computing resources as the process potentially requires heavy
computational resources.
Hidden Markov Models (HMM) [3] and Artificial Neural
Networks (ANN) [4] are the two dominant approaches used
in the NILM literature and thus form the state-of-the-art [5].
However they are both supervised approaches which present
certain drawbacks: (i) they are computationally expensive to
train, (ii) a representative training (labeled) dataset should
be available, and (iii) they cannot cope with new appliances
(unseen during the training). Hence they perform well on
overall electricity consumption signals that consist of the sum
of appliance consumption signals observed during the training
phase and that have a data granularity high enough to detect
transient signatures. These are fairly strong restrictions for
real-world implementation [5].
A few examples of unsupervised NILM approaches using
event detection can be found in the literature [6], [7]. However
they can only disaggregate relatively simple appliances with
on/off states or multi-states with strong dependency on the
labeling process. Another unsupervised approach consists in
generating an over-complete dictionary of boxcar functions
using a sparse decomposition algorithm to approximate the
overall consumption [8]. Thereafter the boxcar functions are
then labeled using a classifier which is trained on single
appliances consumption patterns.
In contrast with the existing methods, we propose here
an unsupervised NILM approach that takes advantage of
(i) a sparse decomposition algorithm based on Orthogonal
Matching Pursuit (OMP) principles, as presented in [8], (ii)
a Gaussian Mixture Model (GMM) to reduce statistical redundancy of boxcar functions in the dictionary, and (iii) a
community detection approach to obtain appliance signatures
from association of boxcar functions. The performance is first
benchmarked against existing methods (FHMM, ANN) on the
UK-DALE dataset [9]. The aim of the benchmarking is to
compare the performance of our algorithm against state-of-
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the-art methodologies. However, as it is not fair to compare
supervised and unsupervised approaches, on such grounds
only, we do not expect to outperform then, but at least to
reach similar performance in an unsupervised environment. We
subsequently evaluate how the performance of our approach is
affecting by the granularity i the data collected. This is done
by changing the resolution from six seconds to one minute.
Having access to data at the minute resolution, or coarser,
is more in line with real-world implementation that can be
envisaged today.
The remainder of this paper is organized as following.
After this introduction, Section II gives the overall sketch of
the methodology as well as its individual components. Then,
Section III concentrates on its application on the UK-DALE
dataset, with both a benchmarking exercise (against state-ofthe-art supervised approaches) at 6 seconds, and an analysis
of the performance obtained when degrading the temporal
resolution in the data at hand. Eventually, we gather a set
of conclusions and perspectives for future work in Section V.

Sparse decomposition approximation

Overall
consumption x

Orthogonal Matching Pursuit

Support vector Λ

Dimension reduction

G<K

Selected boxcar
function ϕ1

The energy disaggregation problem can be mathematically
formulated as
N
X
ynt + εt , ∀t
(1)
xt =

...

Selected boxcar
function ϕk

...

Selected boxcar
function ϕK

...

Average boxcar PG

Gaussian Mixture Model

...

Average boxcar P1

Community detection

II. M ETHODOLOGY

Overcomplete
dictionary Φ

Average boxcar Pg

I <G

Louvain algorithm

Community c1

...

Community ci

...

Community cI

Signatures
{s11 , . . . , s1ni }

...

Signatures
{si1 , . . . , sin1 }

...

Signatures
{s11 , . . . , s1nI }

n=1

where ynt is the individual consumption of appliance n considered in the model and εt are the residuals which correspond
to the error and the consumption of appliances not considered
in the model [10]. Our approach to unsupervised NILM is
illustrated in Figure 1, where the various blocks involve coarse
decomposition approximation, dimension reduction, community detection and labelling. These are all covered individually
and successively in the following.

Clustering/Labelling

Representative
signatures of
appliance 1

Power signal sparse approximation uses a large set functions
ϕ stored into a dictionary Φ = {ϕ1 , . . . , ϕk , . . . , ϕK } to
approximate the aggregated power consumption (top rectangle
in Figure 1). The observation of load behavior and the overrepresentation of type I (i.e. ON/OFF) and type II (i.e. multistate) appliances dictate the choice of translation-invariant
boxcar functions to fill the dictionary [8]. For each index k,
the boxcar function is characterized by two parameters l and
w, such that
1
(2)
ϕtk = √ Πtl−w/2,l+w/2 ,
w
where l is the translation of the boxcar function, w the width
and Πta,b = H(t − a) − H(t − b), where H is a Heaviside
step function. The general shape of a boxcar function and the
different parameters involved in the design are presented in
Figure 2.
In a power signal sparse approximation framework, (1) is
reformulated as
K
X

k=1

αk ϕtk + εt ,

Representative
signatures of
appliance m

...

Representative
signatures of
appliance M

Hierarchical ascending clustering

A. Power Signal Sparse Approximation

xt =

...

∀t

(3)

Single appliance
consumption y1

Single appliance
consumption ym

Single appliance
consumption yM

Fig. 1. Algorithm overview.

where αk denotes the activation coefficient of the boxcar
function ϕk . A compact vectorial form of the equation is,
x = α Φ +  where x is the load vector of all time indices,
α is the vector of coefficients αk and  a vector of residuals.
The overcomplete dictionary Φ, with all the possible boxcar
functions, is generated ahead of the approximation [11]–[13].
Hence only a subset of J boxcar functions with J  K is
used during the approximation. Subsequently, α is a sparse
matrix as most of the coefficients are equal to zero. A support
vector Λ regroups the non-zero entries in α and restricts the
dictionary Φ to the subset ΦΛ . The aim of our implementation
is to adjust sparsity by setting a fixed or an adaptive threshold
corresponding to the minimum variation of power to consider
as a change of state, in order to eliminate transient states or
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by the same appliance, a clustering is implemented on the
J selected boxcar functions. The input of the clustering is
the parameters (α, w) that describe the shape (power amplitude, operation time) of boxcar functions. The shape of
clusters in the 2D space (α, w) is not known a priori. A
Gaussian mixture model fits 2D Gaussian distributions to
form the clusters which means that they can have round or
ellipsoidal shape in the 2D space depending on whether their
covariance matrix structure [17]. Selected boxcar functions in
ΛJ have coordinates ζj = (αj , wj ) and all the points form
ζ = {ζ1 , . . . , ζJ }. A mixture of G clusters is then defined as

t

Fig. 2. Representation of the general shape of a boxcar function

internal states fluctuation of appliances.
Direct approaches to sparse approximation, like combinatorial optimization, are complex and require important computing resources to perform the approximation. A greedy algorithm using an iterative process is implemented instead [14].
Matching pursuit, the most used greedy algorithm, finds
locally the optimal solution that is also close enough to a
global optimal solution at each iteration. Orthogonal Matching
Pursuit (OMP) outperforms matching pursuit by updating
all activated coefficients simultaneously in generating the
orthogonal projection of the selected boxcar functions at every
iteration [15]. However OMP requires more computational
resources due to extra calculations.
At iteration j = 0, the residuals are set to r0 = x, the
coefficients are set to α0 = 0 and the support vector Λ0 is
empty. At each iteration j, a single element kj that maximizes
kj = argmax ||rj−1 ϕk ||2 ,

(4)

k

and corresponds to the element of the dictionary with the
largest width w that fits under rj−1 . The last selected function
kj is then added to the support vector
Λj = Λj−1 ∪ kj .

(5)

The coefficients αj are computed as least square estimates,
i.e,
αj = argmin ||x − αΛj ΦΛj ||2 = Φ†Λj x,
(6)
α

Φ†Λj

where
is the Moore-Penrose pseudo-inverse of ΦΛj [16].
bj is then updated, x
bj = x
bj−1 +
The approximated signal x
αkj ϕkj where αkj is the activation coefficient of ϕkj . Finally,
bj . The output is the
the residuals are updated as rj = x − x
support vector ΛJ restricting the overcomplete dictionary to
ΦΛJ .
B. Dimension Reduction
After sparse signal approximation, the load signature of an
appliance is formed by a combination of boxcar functions
which are alike. Hence these boxcar functions appear close
to each others at every activation event. They have a strong
cross-time dependence. But the OMP selects almost all boxcar
functions only once and the community detection relies on
the assumption of cross-time dependency of boxcar functions
to form the multi-state signatures. To create redundancy and
cross-time dependencies between boxcar functions generated

p(ζ) =

G
X
g=1

φg N (ζ | µg , Σg ),

(7)

where µg is the mean, Σg is the covariance matrix and φg
is the mixture coefficient of the g th cluster. The probability
density function p(ζ) integrates to one with φg ≥ 0 and
N (ζ|µg , Σg ) ≥ 0. The mixture coefficients φg are constrained
by
G
X
φg = 1 and 0 ≤ φg ≤ 1.
(8)
g=1

Boxcar functions in the same cluster are considered as the
same boxcar function in the community detection. G, the
number of clusters, is determined empirically with backwards
and forward fine-tuning as the performance of the community
detection depends on G.
C. Community Detection

The GMM generates cross-temporal dependencies between
boxcar functions that are parts of the same signature. Graph
theory is a field of mathematics that analyzes relationships
(connections) between objects in a network (graph). A graph
Γ(V, E) is a mathematical representation of the pairwise relations between objects, where interactions are expressed with
a set of vertices (i.e. boxcar functions) V and a set of edges
(cross-temporal dependency) E = {e(u, v) : u, v ∈ V } [18].
The relations e(u, v) and e(v, u) can be considered different
(edges are oriented in a direction) or equivalent (edges are
undirected or bidirectional). In this work we consider that
e(u, v) = e(v, u).
Community detection consists in forming strongly interconnected subsets from the graph [19]. In the context of this work,
a community is a set of boxcar functions with strong crosstemporal dependencies as they appear repeatedly adjacent.
A weight ωu,v sampled from a Gaussian distribution is
assigned to each edge e(u, v)


−(tu − tv )2
,
(9)
ωu,v = exp
2σ 2
σ denotes the scaling parameter and tu and tv are respectively
the position of the center of boxcar functions u and v.
It measures the strength of the cross-temporal dependency
between u and v.
Concretely, the community detection algorithm forms disjoints groups {c1 , . . . , ci , . . . , cI } that regroup boxcar functions with strong cross-temporal dependencies. The core of
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the community detection process relies on the definition of the
objective function that evaluates the aggregation into communities. The objective function defines the notion of community
as groups of vertices with better internal connections than
external [20]. The most used objective function for community
detection is the modularity Q of the partition
"
#
I
i 2
X
Σctot
Σcini
Q=
−
,
(10)
2m
4m2
i=1

where m is the sum of all the weights in the network, Σcini is
the sum of the weights from the internal edges of community
i
ci and Σctot
the sum of the weights from the edges incident to a
vertex in community ci [21]. Q takes values in [−1, 1] where a
high value reveals strong interconnections between the vertices
in the same community and less dense connections between
the vertices of the neighboring communities.
Computing the modularity of the communities is an NPcomplete optimization problem and thus computationally expensive. The Louvain method is a heuristic approach: in
practice it is iterative and a greedy-type algorithm (inspired by
hierarchical ascending clustering) which can solve the problem
in O(n log n) [19], [20]. As in the hierarchical ascending
clustering, the first phase starts with each vertex u as its own
community and then for each vertex the algorithm calculates
the gain of modularity of moving u from its community to the
community ci of a neighbor vertex v
P
ωu,v
Σci ωu
− tot 2 ,
(11)
∆Qu,ci = v∈ci
2m
2m
where, ωu isP
the sum of the weights of the edges incident to
the vertex u, v∈ci ωu,v is the sum of the weights of the edges
from the vertex u to vertices in community ci (only one v at
this stage). u gets assigned to the community that maximized
∆Qu,ci only if it is positive. This stage is operated until the
communities get stable, when no individual move can improve
the modularity [19]. The second step builds a network of the
communities obtained after convergence, using the sum of the
weights of the edges between vertices of the communities.
Then the first step is reapplied on the network and so on until
no improvement on the modularity is observed.
D. Labelling Using Clustering
The disaggregation is unsupervised which means that the
appliance consumptions have been individualized but not
identified. Hence a post-processing labelling of the signatures
in each community is necessary to identify them. Appliances
have generally several programs (i.e. cycles of a fridge or programs of a washing machine) which means that an appliance
exhibits many signatures. To identify the different signatures
after disaggregation, we propose to generate sets of signatures
from the single appliance consumption signals that summarize the different load behaviors corresponding to different
programs. To do so, a clustering process is implemented on
the activation events extracted from a training set of single
appliance consumption signals completely disjoints in time
from the test set. Activation event are aligned to all start at
t = 2 and approximated using OMP. As the activation events
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are time series of different length, the standard Euclidean
distance cannot be used to cluster them. it is used to measure
distance between time series that may be shifted in time
but it is also convenient to measure distance between time
series of different length [22]. Clustering using a Dynamic
time Warping (DTW) based distance was used successfully to
cluster load profiles to align patterns that may be shifted in
time [23]. DTW is a one-to-many points distance metric where
each point of one time series is compared to many of the
second time series [24]. It then form a matrix and the shortest
path from the bottom left corner to the top right corner of the
matrix is called warping path [25]. The sum of the Euclidean
distances on the path is the DTW distance. The main benefits
of DTW compared to Euclidean is to compensate for temporal
translations in the patterns and it can also calculate distance
between activation events of different durations (length of the
time series). The pairwise DTW distance matrix of all the
activation events is computed for each appliance a hierarchical
ascending clustering using the Ward criterion is computed on
the DTW distance matrix. The dendrogram of the hierarchical
ascending clustering is used to generate the best partition into
3 ≤ K ≤ 6 clusters which centroids form the representative
signatures.
The identification of activation events from the communities
is then done by calculating the DTW distances with the set
of representative signatures of each appliances. The label of
the closest representative signature is then assigned to the
activation event. The labelling is a mapping process between
labels and the shape of the signature thus it needs prior
information about how the signature of the appliances of
interest looks like. In other words, it cannot be done in a
totally unsupervised manner.
III. C ASE S TUDY
The algorithm performance is evaluated on the UK-Dale
dataset [9] and benchmarked against the results obtained
by [26] and [4] using respectively Factorial Hidden Markov
Model (FHMM) and a Recurrent Neural Network (RNN) with
a Long Short Term Memory (LSTM).
A first implementation with the same dataset at 6 seconds
resolution is done to compare our results to the ones in [4],
[26]. The consumption from one household over three months
with five single consumption appliances: dishwasher, washing
machine, kettle, microwave and fridge. This implementation
is detailed in Section III-A.
A second implementation is performed on the same data at
one minute resolution to evaluate how the performances of the
algorithm evolves with the change of resolution.
A. Implementation
The overcomplete dictionary stores all the possible boxcar
functions based on the combination of translation l and width
w. Hence the size of the dictionary increases exponentially
with the length of the signal to approximate. In practice, it is
then not realistic to implement the OMP algorithm on large
portions of data (i.e. days), thus our consumption signal has to
be split into smaller batches of data. We fixed the maximum
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length of a batch to 1000 time steps, our dictionary consists of
all the boxcar functions with length between one to 1000 and
represents 7.4 GB. The way batches are formed influences the
output of OMP as it approximates the signals independently
over each batch. In our implementation, batches have variable
durations as the cut of the consumption time series is made
in periods of lower consumption (less than 70 Watts) which
are materialized with vertical gray lines in Figure 5. For the
entire evaluation periods, the operation time of batches ranges
from 30 seconds to 1 hour 20 minutes, with an average of
40 minutes which is in accordance with the duration of the
activation events of the selected appliances. Before performing
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Fig. 3. Histogram of the clusters generated by the GMM.

any operation, a low pass filter sets power consumptions lower
than 5 Watts to zero for all the datasets used for test, training
or performance evaluation. The OMP has been applied using
an error tolerance of 0.055 defined empirically. It eliminates
high frequency variations and keeps only the large variations
materializing the change of states of appliances as shown in
red dashed line in Figure 5. For example the averaged RMSE
generated by the approximation in Figure 5 is of 77 Watts,
which is larger than the averaged RMSE over the entire period
(53 Watts). The output of OMP, presented for the sample in the
bottom of Figure 5, is the support vector Λ which consists of
6660 unique boxcar functions selected from the over-complete
dictionary. The elements in Λ can have approximately the
same amplitude α and width w but a different translation l
(Figure 2). The boxcar functions are alike and we can suppose
that they are produced by the same process. Hence we assume
in this work that two boxcar functions which have similar
shapes are likely to be generated by the same appliance.
A first filtering of the type-I appliances (e.g. fridge, microwave, kettle) is operated. The single boxcar functions which
distance to a pattern from the labelling library (Figure 4) is
under a defined threshold are labeled with the corresponding
type-I appliances. The reason to execute the filtering at this
stage is that type I appliances in this test have a high frequency
of activation, especially the fridge, which means that they
are often activated at the same time that larger appliances
(e.g. washing machine or dishwasher). They remain unrelated

events but the community detection would gather them as a
single activation event from the same appliance, forming a
corrupted signature.
The GMM generates clusters of boxcar functions which
have approximately the same shape (α, w) and assumed to
be generated by the same appliance (see Figure 1). The GMM
uses only the number of clusters to be formed as parameter,
which is set to 43 in the present work. Figure 3 shows the
histogram of the cluster sizes.
The community detection requires two parameters, the
modularity threshold set to 1 and the scaling parameter for the
weights set to 0.95. The training set is sampled from the same
household and corresponds to a year of data. The clustering
process is run on all the activation events collected from
the individual appliances consumption signals after sparse
signal approximation. The hierarchical ascending clustering
generates the following number of representative signatures;
dishwasher: 5, washing machine: 6, microwave: 4, kettle: 2,
fridge: 6. Figure 4 gives an overview of the representative
signatures per appliance.
B. Performance Evaluation
The performance of our disaggregation algorithm is evaluated using both classification performance metrics and the estimation accuracy commonly used in the NILM literature [4],
[27]. With classification algorithms, the performance of the
prediction is evaluated in comparison to the ground truth. The
recall or True Positive Rate (TPR), the precision, also known
as Positive Predictive Value (PPV), and the accuracy (ACC)
are defined as
TP
TP+TN
TP
TPR =
, PPV =
, ACC =
TP + FN
TP + FP
P+N
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Fig. 5. Top: Raw consumption signal (blue) and the OMP approximated signal (red dashed). Bottom: detailed boxcar functions used to approximate the
signal. the vertical gray lines correspond to the limits of the batches.

and are calculated from the output of the confusion matrix,
Actual

Predicted

Positive
Positive
Negative

True Positive
(TP)
False Negative
(FN)
P

Negative
False Positive
(FP)
True Negative
(TN)
N

IV. R ESULTS AND D ISCUSSIONS
The results of the implementation at six seconds are first
evaluated against the benchmarks. Afterward, the evolution of
the performance with the degradation of the data resolution is
reported.

where True Positive/Negative (TP/TN) represents the number of times a disaggregated signal from a single appliance
being ON/OFF is correctly assigned, False Positive (FP) represents the number of times a disaggregated signal from a single
appliance is considered ON (consumption significantly larger
than zero) but was actually OFF and False Negative (FN)
is a disaggregated signal from a single appliance considered
as OFF (consumption close to zero) but was ON. From the
Precision and the Recall, the F1 -score
F1 = 2

PPV TPR
PPV + TPR

and tells how much of the overall signal is kept after summing
up the disaggregated signals. All the introduced performance
evaluation measures are taking values in [0, 1] and are read the
same way: the higher the value, the higher the performance.

(12)

can be calculated. In the NILM literature, the estimation
accuracy (EC)
PT
|ynt − ŷnt |
ECn = 1 − t=1
,
(13)
PT
2 t=1 ynt

where t is the time index and n is the appliance index, is
used to estimate how accurately the consumption from each
appliance n has been estimated [4], [6], [27]–[29]. The overall
estimation accuracy (EC) is given by
PT PN
t
t
n=1 |yn − ŷn |
EC = 1 − t=1
.
(14)
PT PN
2 t=1 n=1 ynt

A. Benchmarking Against State-of-the-art Methodologies at
High Resolution
The results of our methodology based on OMP are benchmarked against the results of FHMM as implemented in [26]
and the RNN with LSTM, simply noted LSTM afterward, as
implemented in [4] (Table I). In the first column ‘Across Appliances’, the only performance metric that is calculated across
appliances is the estimation accuracy, the other performance
metrics are simply the average across all appliances.
Looking first at the performance evaluation across appliances, the OMP approach has a slightly better EC that the
FHMM and the LSTM. Regarding the classification performance, our approach outperforms the benchmarks for all of
them besides the TPR. For the TPR our algorithm (0.55)
performs slightly better than the FHMM (0.53) but is far from
the LSTM (0.85). LSTM detects most of the activation events
(high TPR) but have also a high false positive rate (lower PPV)
compared to OMP.
The reading of the detailed performances of each appliances
unveils large variability. It appears that the dishwasher is a
difficult appliance to detect accurately, as all methods perform
poorly. The OMP algorithm detects it less often than the
FHMM and LSTM (lower TPR) but makes less false positives,
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TABLE I
D ISAGGREGATION PERFORMANCE OF THE OMP-GMM- COMMUNITY DETECTION APPROACH COMPARED TO FHMM [26] AND RNN-L ONG S HORT
T ERM M EMORY (LSTM) [4].
Metrics

Accross Appliances

Dishwasher

Washing machine

Kettle

Microwave

Fridge

Methods

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

OMP

FHMM

LSTM

EC
F1 -score
PPV
TPR
ACC

0.93
0.54
0.62
0.55
0.96

0.91
0.18
0.12
0.53
0.70

0.92
0.38
0.36
0.85
0.66

0.26
0.26
0.24
0.29
0.96

0.91
0.05
0.03
0.49
0.33

0.86
0.08
0.04
0.87
0.30

0.71
0.61
0.73
0.53
0.96

0.84
0.08
0.04
0.64
0.79

0.88
0.03
0.01
0.73
0.23

0.56
0.47
0.33
0.82
0.99

0.92
0.19
0.14
0.29
0.99

0.99
0.93
0.96
0.91
1.00

0.67
0.54
0.79
0.41
0.99

0.84
0.01
0.01
0.34
0.91

0.98
0.13
0.07
0.99
0.98

0.81
0.83
0.99
0.71
0.88

0.94
0.55
0.40
0.86
0.50

0.97
0.74
0.72
0.77
0.81

considering it is ON when it is actually OFF (higher PPV),
which leads to a higher F1 -score for the OMP. For the washing
machine, the EC of the OMP is higher than for the dishwasher.
Against the benchmarks, its TPR is lower but its PPV is higher
which generates again a better F1 -score for the OMP (0.61).
For the kettle, the LSTM is almost perfect as it displays high
performance for all metrics. Nevertheless the OMP performs
better than the FHMM for the activation events detection
(higher F1 -score, PPV, TPR). For the microwave, the detection
of activation events (TPR) of the OMP is higher than the
FHMM but lower than the LSTM which detects almost all
activation events (TPR=0.99). However in terms of F1 -score
the performance of the FHMM is again better. For the fridge
the performance of all the methodology is high, the FHMM
has the highest TPR (0.86). The OMP and the LSTM are
performing similarly (respectively 0.71 and 0.77). The OMP
has again a lower rate of false positive which generates a
higher F1 -score for OMP compare to the benchmarks.
The performances for the individual appliances differ
largely depending on the complexity of the load behavior. As
the OMP performs an approximation of the signal into a square
signal (Figure 5), appliances which show complex transient
load behaviors, will yield poorer results. For the same reason
appliances displaying similar average power consumptions and
operation times are hard to separate. Comparing supervised
against unsupervised learning algorithms is not a fair comparison and it is not expected that our algorithm outperform the
benchmarks but just reaches similar performance.

resolution. The PPV at one minute is higher than at 6 seconds
and the TPR is higher at 6 seconds that at 1 minute which
results into similar F1 -score performances.
The individual appliances performance metrics, are showing
that the change of in performances between six seconds and
one minute are again depending on the appliance and its load
behavior. For the dishwasher, The performance at one minute
resolution is actually better than at six seconds resolution. The
EC is doubled which means that the recovery of the signal is
better. For the detection the F1 -scores are equivalent, but there
are no false positive at one minute (PPV=1), but the TPR is
lower than at six seconds (0.15 against 0.29). For the washing
machine, the implementation at six seconds outperforms the
implementation at one minute for all the metrics. For the
kettle, the implementation at one minute recover better the
signal that the one at six seconds (larger EC). Regarding
the classification metrics, the F1 -score is also better at one
minute as it shows a high PPV. However, the TPR is better
at six seconds. For the microwave, the performance of the
implementation at six seconds is better for all metrics but the
TPR where the implementation at one minute is slightly better.
For the fridge, the performances are both high.
Between six seconds and one minute, the number of data
points is divided by ten, yet the performance of the OMP is
not much deteriorated by this change of resolution besides the
performance for the washing machine and the microwave. nevertheless, state-of-the-art methodologies relying on signatures
in transient states would have their performances seriously
altered by this change of resolution.

B. Evolution of The Performance With the Degradation of the
Resolution

V. C ONCLUSIONS AND F UTURE W ORKS

The state-of-the-art approaches require high resolution to
identify signatures based on transient states which means that
their performance drops really quickly with the degradation
of the resolution. As the OMP does not rely on the transient
states, it is expected to perform correctly at lower resolution.
An implementation of the OMP algorithm was done on the
same dataset at one minute resolution to compare the performance and evaluate how it evolves with a degradation of the
resolution. one minute resolution, divide already the number
of points by ten and brings us closer to what is implemented
at large scale.
The performance metrics across appliances displays that the
performance at six seconds is better for all performance criteria
besides the PPV (Table II). Looking closely at the values,
it appears that they are close for the EC and which means
that the performance do not reduce much with the change of

The method presented in this paper is an application oriented and unsupervised approach to NILM. Indeed the stateof-the-art NILM algorithms suffer from a lack of generalization to any household and ability to perform at lower
resolutions. As the OMP approach is unsupervised, no training
using individual appliances consumption signals is required
before running the algorithm. Hence it generates no training
bias. It comes at the cost of a lower performance in terms of
estimated accuracy compare to state-of-the-art approaches. It
is a generic tool which can be used for different purposes at
different resolution: high resolution (appr. 1 minute) to provide
feedback to customers on their consumption (as presented in
this work), medium (5-15 minutes) in a DSM framework to
separate the consumption of appliances that could provide
some services by moving or decreasing its consumption and
provide feedback to aggregators or DSOs. However the benefit
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TABLE II
C OMPARISON OF THE PERFORMANCES OF THE OMP APPROACH WITH DATA AT SIX SECONDS AND ONE MINUTE RESOLUTION
Metrics

Accross Appliances

Resolution
EC
F1 -score
PPV
TPR
ACC

Dishwasher

Washing machine

Kettle

Microwave

Fridge

6s

1min

6s

1min

6s

1min

6s

1min

6s

1min

6s

1min

0.93
0.54
0.62
0.55
0.96

0.91
0.53
0.78
0.45
0.96

0.26
0.26
0.24
0.29
0.96

0.57
0.25
1.00
0.15
0.98

0.71
0.61
0.73
0.53
0.96

0.58
0.54
0.59
0.51
0.95

0.56
0.47
0.33
0.82
0.99

0.73
0.60
0.89
0.45
0.99

0.67
0.54
0.79
0.41
1.00

0.35
0.44
0.47
0.42
0.99

0.81
0.83
0.99
0.71
0.88

0.81
0.82
0.98
0.71
0.87

of disaggregating down to the smallest appliances has a
limited impact compare to the resources needed to execute
it. Hence it is pragmatic to focus only on the detection and/or
disaggregation of specific appliances with large consumptions
(e.g. PV, EV, heat pump if controllable) that provides flexibility
to the grid.
Such an approach is then better suited for real-world implementation as it can be used at various resolution. Subsequently
it is also less computationally expensive as it handles less data.
It will also reduce ethical concerns raised by NILM algorithm
that could spy on high resolution energy consumption unveiling human behaviors.
As an extension of this work could be to apply the methodology to the use case of heat pumps, EVs or electric heater for
example. These appliances have potential to be provide service
to the grid and represent an increasing part of the load.
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“Approach in nonintrusive type i load monitoring using subtractive
clustering,” IEEE Transactions on Smart Grid, vol. 8, no. 2, pp. 812–
821, 2017.
[7] B. Zhao, L. Stankovic, and V. Stankovic, “Blind non-intrusive appliance
load monitoring using graph-based signal processing,” in Signal and
Information Processing (GlobalSIP), 2015 IEEE Global Conference on.
IEEE, 2015, pp. 68–72.
[8] S. Arberet and A. Hutter, “Non-intrusive load curve disaggregation using
sparse decomposition with a translation-invariant boxcar dictionary,” in
Innovative Smart Grid Technologies Conference Europe (ISGT-Europe),
2014 IEEE PES. IEEE, 2014, pp. 1–6.
[9] J. Kelly and W. Knottenbelt, “UK-DALE: A dataset recording UK Domestic Appliance-Level Electricity demand and whole-house demand,”
ArXiv, vol. 59, 2014.

[10] A. Faustine, N. H. Mvungi, S. Kaijage, and K. Michael, “A Survey on
Non-Intrusive Load Monitoring Methodies and Techniques for Energy
Disaggregation Problem,” arXiv, no. March, 2017.
[11] M. Aharon, M. Elad, and A. Bruckstein, “K-SVD: An algorithm for
designing overcomplete dictionaries for sparse representation,” IEEE
Transactions on Signal Processing, vol. 54, no. 11, pp. 4311–4322, 2006.
[12] L. Rebollo-Neira and Z. Xu, “Sparse signal representation by adaptive
non-uniform B-spline dictionaries on a compact interval,” Signal Processing, vol. 90, no. 7, pp. 2308–2313, 2010.
[13] J. Xu, H. He, and H. Man, “Active Dictionary Learning in Sparse
Representation Based Classification,” arXiv, no. 1, pp. 1–7, 2014.
[14] L. Daudet, “Audio sparse decompositions in parallel,” IEEE Signal
Processing Magazine, vol. 27, no. 2, pp. 90–96, 2010.
[15] Y. C. Pati, R. Rezaiifar, and P. S. Krishnaprasad, “Orthogonal matching
pursuit: Recursive function approximation with applications to wavelet
decomposition,” in Proceedings of 27th Asilomar conference on signals,
systems and computers. IEEE, 1993, pp. 40–44.
[16] R. Gribonval, H. Rauhut, K. Schnass, and P. Vandergheynst, “Atoms
of all channels, unite! average case analysis of multi-channel sparse
recovery using greedy algorithms,” Journal of Fourier analysis and
Applications, vol. 14, no. 5-6, pp. 655–687, 2008.
[17] C. M. Bishop, Pattern Recognition and Machine Learning. Springer,
2006.
[18] S. Fortunato, “Quality functions in community detection,” in Noise and
Stochastics in Complex Systems and Finance, vol. 6601. International
Society for Optics and Photonics, 2007, p. 660108.
[19] V. D. Blondel, J.-L. Guillaume, R. Lambiotte, and E. Lefebvre, “Fast
unfolding of communities in large networks,” Journal of Statistical
Mechanics: Theory and Experiment, vol. 2008, no. 10, p. P10008, oct
2008.
[20] X. Que, F. Checconi, F. Petrini, and J. A. Gunnels, “Scalable community
detection with the louvain algorithm,” in Parallel and Distributed
Processing Symposium (IPDPS), 2015 IEEE International. IEEE, 2015,
pp. 28–37.
[21] M. E. J. Newman, “Analysis of weighted networks,” Phys. Rev. E,
vol. 70, no. 5, p. 056131, Nov. 2004.
[22] S. Aghabozorgi, A. S. Shirkhorshidi, and T. Y. Wah, “Time-series
clustering–a decade review,” Information Systems, vol. 53, pp. 16–38,
2015.
[23] G. Le Ray and P. Pinson, “Online adaptive clustering algorithm for load
profiling,” Sustainable Energy, Grids and Networks, vol. 17, p. 100181,
2019.
[24] T. Warren Liao, “Clustering of time series data - A survey,” Pattern
Recognition, vol. 38, no. 11, pp. 1857–1874, 2005.
[25] J. Paparrizos and L. Gravano, “k-shape: Efficient and accurate clustering
of time series,” in Proceedings of the 2015 ACM SIGMOD International
Conference on Management of Data. ACM, 2015, pp. 1855–1870.
[26] N. Batra, J. Kelly, O. Parson, H. Dutta, W. Knottenbelt, A. Rogers,
A. Singh, and M. Srivastava, “Nilmtk: an open source toolkit for
non-intrusive load monitoring,” in Proceedings of the 5th international
conference on Future energy systems. ACM, 2014, pp. 265–276.
[27] S. Makonin and F. Popowich, “Nonintrusive load monitoring (NILM)
performance evaluation: A unified approach for accuracy reporting,”
Energy Efficiency, vol. 8, no. 4, pp. 809–814, jul 2015.
[28] J. Z. Kolter and M. J. Johnson, “REDD: A public data set for energy
disaggregation research,” in Workshop on Data Mining Applications in
Sustainability (SIGKDD), San Diego, CA, vol. 25. Citeseer, 2011, pp.
59–62.
[29] B. Zhao, L. Stankovic, and V. Stankovic, “On a Training-Less Solution
for Non-Intrusive Appliance Load Monitoring Using Graph Signal
Processing,” IEEE Access, vol. 4, pp. 1784–1799, 2016.

[Paper D] Detection and Characterization of Domestic
Heat Pumps.

145

Detection and Characterization of Domestic Heat
Pumps
Guillaume Le Ray, Morten Herget Christensen, Pierre Pinson
Technical University of Denmark
Centre for Electric Power and Energy
Kgs. Lyngby, Denmark
email:{gleray, mhchris, ppin}@elektro.dtu.dk

Abstract—Smart meters allow utilities to gain access to tremendous amount of metering data, from which they can improve
their knowledge on customers. In this paper, we propose a
method to detect and characterize domestic heat pumps from
household power consumption data. Appliance detection is not a
trivial task, owing to the variability in heat pump load dynamics
and to the distortion of their power consumption signature by
other appliances. Compared to State-of-the-art methodologies
that relies on energy disaggregation with supervised learning
and high-resolution data (e.g., 10 seconds), our novel approach
uses lower resolution data. Also, it is semi-supervised and relies
on a Bayesian framework allowing to continuously learn as new
data becomes available. To do so, the overall power consumption
signals are decomposed and approximated into a dictionary of
boxcar functions using sparse signal approximation to isolate
heat pumps activity. The learning phase consists then to generate
distributions summarizing power consumption, operation time
and frequency of heat pumps activation events summarized as
boxcar functions after approximation. During the test phase, the
distributions are used as prior to calculate the likelihood that a
boxcar function is generated by a heat pump. Using standard
classification performance measure and an application to data
from the EcoGrid EU project, the methodology reaches high
performance in heat pump detection.
Index Terms—Bayesian framework, energy analytics, heat
pump detection, semi-supervised learning.

I. I NTRODUCTION
The deployment of two-way communication smart meters
and more generally information and communication technologies form the basis of a smart grid. Its aim is to manage
and operate the grid in a more effective manner through an
optimized integration of Renewable Energy Sources (RES) as
well as decentralized generation. The intermittency of RES
generation can be accommodated through the implementation
of Demand Side Management (DSM), allowing for a paradigm
shift with consumption partially following generation [1].
At the same time, large electrical appliances, like heat
pumps, electric vehicles or air coolers, are an increasing part
of the domestic customers electricity consumption [2]. In a
DSM context, they can also be an asset for aggregators or
Distribution System Operators (DSOs) as they can be used
as virtual generator by moving their consumption in time and
provide flexibility [3] or services [4], [5] to the grid. Furthermore for marketing purposes it would drastically reduce costs

to target customers with these appliances to enroll them in a
more energy efficient program or propose a flexibility contract
for example [6]. Hence it is strategically important to know at
a distribution level which households are equipped with those
appliances.
In recent years, an approach called Non Intrusive Load
Monitoring (NILM), first described in 1992 by Hart [7],
became reality thanks to increasing power consumption data
collection and computational power. It consists of disaggregating overall metered power consumption into individual appliances’ power consumption. State-of-the-art NILM algorithms
require high data resolution (down to the second) and training
(supervised) which makes it complicated to implement [8].
From a utility perspective, the only data available are metering
data, mostly power consumption, at a resolution from 1 minute
to 1 hour. Hence NILM as it is, is not possible to implement
at large scale. In a previous work, an unsupervised NILM
methodology has been presented which have generated performances in the same magnitude as the state-of-the-art NILM
algorithm but it proved to perform as well with 1 minute and
6 seconds resolution [9]. The methodology relies on a sparse
approximation of the signal into a set of boxcar functions
selected from an overcomplete dictionary. After clustering
the boxcar functions according to their shape, a community
detection algorithm is run to group clusters with strong crosstemporal dependencies that will form the load signature of
multilevel appliances.
In this work we propose an application of the framework
to a specific use case: the detection of heat pumps. Indeed
beyond providing feedback to customers, little work has been
done to provide specific application of NILM [10]. From the
original methodology in [9], the community detection has
been removed and a Bayesian framework has been added to
generate distribution describing the behavior of heat pumps.
The remaining of the paper is organized as follows: Section II presents the empirical framework; Section III introduces
the different elements of the methodology; Section IV reports
the results of the methodology on different resolutions and
Section V provides conclusions and ideas for future works.

overcomplete
dictionary Φ

Loads with HP
xi

III. M ETHODOLOGY
Unknown loads
yi

Decomposition
Orthogonal Matching Pursuit

Support vector Λ

Selected boxcar
function
{ϕ1 , . . . , ϕk , . . . , ϕK }

The signal decomposition (dashed box in Figure 1) is a
simplified version of the work implemented in [9]. Indeed,
heat pumps, electric heaters, air coolers or electric vehicles
(without smart charging station) power consumption are type
I appliances (ON/OFF). Hence using power signal sparse
approximation and clustering is sufficient to isolate heat pumps
power consumption signal.
The methodology is a semi-supervised approach, with a
training step, described in Section III-C, where a prior is
learned from the training dataset (solid line in Figure 1). The
second step, developed in Section III-D, is the heat pump
detection of unlabelled households using the prior which is
inferred after every iteration (dotted line in Figure 1).
A. Power Signal Sparse Approximation

Gaussian Mixture Model

Average boxcar
{C1 , . . . , Cg , . . . , CG }

Select boxcar generated from HP signal
Power OT

OT
Power

Could the boxcar be a HP?

Reconstruct HP signal
Yes
Frequency
Prior
Frequency

Update prior

Confirm the
presence of HP?

Yes

Fig. 1. Algorithm overview.

II. DATA P RESENTATION
The data used have been collected during the EcoGrid EU
project, which was completed in 2015 [11]. Only a small
section of the data collection, corresponding to the coldest
period (i.e. where we know heat pumps are active), ranging
from the 26th of December 2014 to the 31st of December 2014
is used in this demonstration. The resolution of the data is 5
minutes, which means that heat pumps when active are easily
identified from a plot of the power consumption.
A part of the households in the dataset is known to be
equipped with a heat pump and labelled as such. The other
part is unlabelled, thus we do not know which households are
equipped with a heat pump. Among the households equipped
with a heat pump, 50 are selected for the training set. The
test set consists of 10 households randomly picked among
the households with a heat pump as well as 65 unlabelled
households for a total of 75 households.

Signal approximation takes a signal and approximated it as
the sum of boxcar function as presented in Figure 2. In practice
it takes boxcar functions ϕk subjects to
   ϕ1 ϕ1 · · · ϕ1 
 1
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with αk the activation coefficient of boxcar function ϕk ,
from a dictionary Φ = {ϕk }K
k=1 (Figure 1) and generates
a sparse support vector Λ with the non-zero elements in
α = [α1 , . . . , αk , . . . , αK ] of boxcar function selected to
approximate the signal x.
The dictionary, generated beforehand, is said to be overcomplete as it consists of all the possible translation-invariant
boxcar functions in the signal and is of size K. From the
dictionary only J selected boxcar functions are used to approximate the signal with J  K.
The dictionary summarizes what we know about the appliances load behavior and approximates their signatures both accurately and in a simple manner. Appliances are mostly of two
types, I and II, which have respectively two states (ON/OFF)
and multi-states (OFF and several activation states)appliances.
The simplest way to approximate such signals is using
translation-invariant boxcar functions as building blocks
1
ϕtl,w = √ Πtl−w/2,l+w/2 ,
w

(2)

where l is the boxcar function translation and w the width [12].
The boxcar function is made of two Heaviside step function
H, Πta,b = H(t − a) − H(t − b).
Practically, the approach flags changes in power due to an
ON/OFF switch or change in state with a fixed or adaptive
threshold. The aim is to approximate the power consumption
signal so that the internal states fluctuation are removed
resulting in simplified the power signal averaged over the
activation state (Figure 2).
Iterative processes using a greedy algorithm can be implemented to avoid complexity of a direct sparse approximation,
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Fig. 2. Raw and approximated power consumption (top) and corresponding boxcar functions of an household equipped with a heat pump.

i.e. using combinatorial optimization [13]. At each iteration,
a local optimal solution, also close enough to a global one
(i.e. overall approximation), is found. The most used greedy
algorithm is matching pursuit; it selects a function in the
dictionary according to the function contribution in the sparse
signal recovery. Orthogonal matching pursuit is an improved
version of matching pursuit that updates all the activated
coefficients at every iteration in computing the orthogonal projection of the selected functions. Hence it iteratively estimates
the coefficients, and discards them when needed. Orthogonal
matching pursuit is computationally more expensive but also
returns more accurate results.
The orthogonal matching pursuit algorithm starts with the
residuals R0 = x, the coefficient α0 = 0 and Λ0 = ∅. At each
bj is updated by subtracting
iteration j the residual Rj = x − x
j
b the approximated signal. The next function selected, ϕkmax
j+1 ,
x
in the dictionary Φ is the one that maximizes
j+1
kmax
= argmax Rj ϕ>
k
k

2

∀k ∈
/ Λj ,

(3)

the `2 -norm of the inner product Rj ϕ>
k . At each iteration,
bj
j+1
a single element ϕkmax
is added to the signal recovery x
simultaneously updating the sparse support vector
j+1
Λj+1 = Λj ∪ kmax

∀k ∈
/ Λj ,

(4)

The coefficients α are then computed as least square
j

j

α = argmin kx − αΛj ΦΛj k2 =
α

Φ†Λj x,

height α and their location in time l approximating the power
consumption signal when summed up as showed in Figure 2.
B. Clustering
A direct consequence of the dictionary being overcomplete
is that most of the boxcar functions are used only once.
However many are displaying similar height α (i.e. power)
and width w (i.e. operation time). Indeed they are often generated by the same appliance (e.g. heat pump) and the sparse
approximation estimates them differently due to the presence
of other appliances or a variation in the load signature. In
order to reconstruct the power signal of a heat pump, all
the boxcar functions from the heat pump signal have to be
flagged. It is then a long and tedious task to analyze the boxcar
functions one-by-one. To speed up the process, a clustering is
implemented on the selected set of boxcar function ΦΛ with
power amplitude α and operation time w (see Figure 1).
The clusters may vary in amplitude and operation time which
means that they have various shapes in the 2D space (α, w).
Hence Gaussian mixture model that can form round or ellipsoidal clusters is a suitable algorithm [14]. Each boxcar
function ϕj of ΦΛ has then coordinates yj = (αj , wj ) and
y = {y1 , . . . , yJ }. The Gaussian mixture model of G clusters
is then written
p(y) =

(5)

where Φ†Λj is the Moore-Penrose pseudo-inverse of ΦΛj the
subset of selected boxcar functions in the dictionary. The last
iteration generates the sparse support vector ΛJ = {k j }Jj=1
restricting the dictionary to ΦΛJ . The sparse approximated
signal can be reconstructed using x ≈ αΛJ ΦΛJ (Figure 2).
Concretely the output of the power signal sparse approximation is a set of boxcar functions with different width w and

G
X
g=1

φg N (y | µg , Σg ) ∀g : φg ≥ 0,

(6)

where µg is the mean, Σ is the covariance matrix and φg
is the mixture coefficient of the g th component. The total
probability density function sums up to one with p(y) ≥ 0
and N (y |µg , Σg ) ≥ 0. It implies that the mixture coefficients
φg must satisfy
G
X
g=1

φg = 1 and

0 ≤ φg ≤ 1.

(7)
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Fig. 3. Prior generated during the training phase.

The number of components G is determined empirically,
according to how much the dictionary should be reduced. In
this specific implementation, G = 40 for every household.

presence of heat pump from the overall electricity consumption
of unlabelled households.

C. Training Phase: Prior Definition

The heat pump detection phase is presented with a dotted
line on the right hand side of Figure 1. As for the learning
phase, the overall consumption signal of each household is
processed through sparse signal approximation and Gaussian
mixture model. From the PDFs of the power consumption, the
likelihood

The solid line on the left hand side of Figure 1 represent
the training phase of the methodology. During the training
phase, the subset of households that are equipped with a heat
pump is processed through signal sparse approximation and
clustering. From the approximate signal and the centroids
of the clusters, heat pumps’ power consumption is visually
assessed, hence clusters with the corresponding power consumption are flagged (Figure 1 & 2). Thereafter the power
α (height ) and the operation time w (width) of each boxcar
function in the flagged clusters are extracted. The heat pump
power consumption signal is then reconstructed with the set
of flagged boxcar functions. The frequency of activation of
each heat pump can be computed by differentiating the heat
pump consumption signal and counting how many times the
differentiated signal is positive over a rolling window of half
a days.
Using the empirical distribution of the power consumption, operation time and the frequency, Probability Density
Functions (PDF) (Gaussian, Lognormal and Weibull) are
then fitted. The best fit for each feature is presented in
Figure 3. The power consumption α is actually a Gaussian
mixture where the different Gaussian distributions p(α) =
P
P
2
p=1 φp N (α | µp , σ p ) with µp = {2.0, 2.6, 3.0, 4.0, 5.0}
corresponds to the average consumptions of each size of heat
pump (Figure 3(a)). The operation time is actually transformed
using the natural logarithm of the distribution to fit PDFs.
Both the Lognormal and the Weibull fit well the empirical
distribution as it exhibits a long tail on the high end side.
The Lognormal PDF is then chosen as it is simpler to handle
(Figure 3(b)). The fit of the frequency is a conditional PDF
to each power consumption µp . The empirical distributions of
the frequency fits a Lognormal PDF as they exhibit also a long
tail on the high end side (Figure 3(c)).
The set of three PDFs forms the prior definition of heat
pumps’ load behavior which can be used to identify the

D. Test Phase: Heat Pump Detection and Characterization

L(µp | α) = f (α ; µp , σp2 ) =

1
√

σp 2π

e

1
−2



α−µp
σp

2

(8)

of each centroid power consumption α being sampled from a
heat pump with power consumption µp is calculated as well
as the likelihood of the power consumption not being sampled
from a heat pump that follows a lognormal distribution
L(µ0 | α) = f (α ;

µ0 , σ02 )

1
−
1
1
√ e 2
=
α σ0 2π



ln α−µ0
σ0

2

. (9)

The maximum likelihood decoding is obtained by calculating
L(µp | α)
P [α = µp ] = PP
p=0 L(µp | α)

(10)

for each value of µp and returns the probability that each
centroid is sampled for a specific distribution.
For each household, a counting with weighting by the sizes
of each cluster is done to determine which µp has the most
often the highest probability. The clusters with the selected
µp as potential heat pump power consumption are then kept
and the likelihood, the maximum likelihood decoding as well
as as the counting is then implemented on individual boxcar
functions. The households which have µ0 as the most probable
power consumption are then considered not being a domestic
heat pump and thus left aside.
The lognormal PDF fitted on the natural logarithm of the
operation time is then used to calculate the likelihood of each
boxcar function being generated by a heat pump from an
operation time perspective. As with the power, the PDF of the
natural logarithm of operation times of boxcar function not
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Lognormal distribution
Threshold

1.2

formance of the prediction is evaluated in comparison to (what
we suppose to be) the ground truth. From the output of the
TABLE I
C ONFUSION MATRIX
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Fig. 4. Distribution of the Kullback-Leibler divergence calculated between
the frequency PDF fitted on individual households in the trainning set and
the corresponding frequency PDF in Figure 3(c). The orange line is the fitted
lognormal PDF and the green dotted line is the threshold under which it is
unlikely that a distribution of frequencies is sampled from a heat pump.

generated by heat pumps is used to calculate the complementary likelihood of each boxcar function not being generated by
a heat pump. After decoding of the maximum likelihood, the
discrimination of the household possibly equipped with heat
pump and the one without is operated by counting which of
the options has the most often the hightest probability.
The last step consists of recreating the consumption signal
of a probable heat pump using the set of boxcar functions that
are likely to be produced by a heat pump. As in Section III-C,
the consumption signal is differentiated to calculate, using a
rolling window of half a day, the frequencies of activation. The
frequency PDF is conditional to the power consumption of the
heat pump, µp , hence the PDF used to calculate the likelihood
of each consumption signal being generated by a heat pump
is conditional to its evaluated power consumption µp . In this
case, the decoding of the maximum likelihood cannot be done
as it will require high computing resources to decompose all
the signal to calculate the likelihood of frequencies generated
by other appliances. Hence, the Kullback-Leibler divergence


X
P (i)
DKL (P || Q) = −
P (i) ln
(11)
Q(i)
i

between the conditional PDFs of the frequency generated
during the training phase, and each individual heat pump
frequency PDF of the test set is calculated. The output,
Figure 4, is another lognormal PDF, which allows us to define
a threshold of 0.1 under which we assume it is unlikely that the
frequency is sampled from a heat pump power consumption
signal.

E. Performance Metrics
The performance of our detection algorithm is evaluated
using standard classification performance measures, the per-

Negative

True Positive
(TP)
False Negative
(FN)
P

False Positive
(FP)
True Negative
(TN)
N

confusion matrix (Table I), the recall or True Positive Rate
(TPR), the precision, also known as Positive Predictive Value
(PPV), and the accuracy (ACC)
TP
TP+TN
TP
, PPV =
, ACC =
TP + FN
TP + FP
P+N
are calculated.
TPR =

IV. R ESULTS
The performance measures are calculated at each step of
the detection as well as for the overall performance of the
algorithm (Table II). The results are also presented with the
outlook of what we know a priori is the ground truth (left hand
side of the table) and after corrections checking for unlabelled
heat pumps detected and thus considered false positive (right
hand side of the table). Indeed, as explained in Section II
uncertainties exist in the subset of unlabelled households on
the presence of heat pumps. Therefore, household loads that
seem to be misclassified as equipped with a heat pump have
to be visually checked. After visual checking of all the false
positives and false negatives, three households which were not
labelled as equipped with a heat pump were displaying patterns
that were identified as heat pump and were actually correctly
detected. No unlabelled heat pumps were placed with the false
negatives.
TABLE II
P ERFORMANCE OF THE DETECTION AT EACH STEP, WITH OR WITHOUT
CORRECTING FOR FALSE POSITIVES BEING ACTUAL HEAT PUMPS .
A priori

Corrected

TPR

PPV

ACC

TPR

PPV

ACC

Power
Operation Time
Frequency

0.80
1.0
0.88

0.11
0.23
0.32

0.15
0.56
0.21

0.84
1.0
0.91

0.16
0.30
0.45

0.19
0.60
0.35

Overall

0.70

0.31

0.75

0.77

0.46

0.80

The first step of the detection assigns a potential heat pump
power consumption to each loads, hence the classification
performance is not high and only the TPR is actually relevant
as we do not want to discard households labelled with a
heat pump. Nevertheless two households with heat pumps are
discarded at this stage of the detection. They both present
consumptions which are on the extremities of the range

[1.2, 6.0] that we consider possible for domestic heat pumps
based on the PDFs in Figure 3(a). All the other households
discarded at this step have power consumption under 1.5kW
which has a low probability for the presence of a heat pump.
From an operation time perspective, the detection assigns
well all households with heat pumps as having a heat pump.
This process is discriminating with a correct accuracy (0.56),
without misclassifying households labelled with a heat pump
(TPR=1.0).
The frequency step is simply refining the classification by
reducing the false positive rate as it has the highest PPV of the
different steps. It has discarded only one labelled heat pump
which presents a relatively high frequency for a heat pump.
The Overall performance of the algorithm is correct in term
of detection of heat pumps labelled as such. However the
false positives are still relatively high which leads to low PPV
performance event after correction. A thorough examination of
the set of false positives at the end of the process reveals that
it consists of households equipped with large electric heaters
which in these case have a load behavior similar to heat pumps,
in terms of amplitude and frequency. Their operation times are
in contrary relatively short (5 minutes or less) but they were
not discarded as the operation time prior is not strict on the low
side of the distribution (see Figure 3(b)). These information
are valuable as they help us to update the prior, to improve
the performance of the algorithm through inference.
V. C ONCLUSIONS AND F UTURE W ORKS
This paper presents a Bayesian framework to detect domestic heat pumps and characterize their load behaviour. After
generating a first definition of heat pumps load behaviour
using PDFs summarizing the range of possible power consumption, operation time and frequency, a first inference is
implemented and its performance evaluated. It proved to be
performing well despite a small training set resulting in a
relatively slack prior definition. The results of this work could
be generalized to electric vehicles charging (unless equipped
with smart charging facilities), electric heaters and air coolers
which are also large ON/OFF appliances. Auto-consumption
from PVs or batteries behind the meter could in principle
generates problems to the methodology. Nevertheless as long
as sections of the signal can be recovered with good accuracy,
the general statistics of the HP can be extracted. In other words
if the PV or battery capacity is small compare to the overall
consumption and/or their activation states are short (some
hours) it should not be a major obstacle to the algorithm.
Furthermore it is possible to observe combination of these
appliances in households (e.g. HP and electric vehicle), as long
as the characteristics of their activation states are different, the
algorithm should manage to separate them.
The methodology could bring valuable insights for targeted
marketing strategies regarding efficiency programs or flexibility contract. Indeed, heat pumps, electric vehicles charging,
air coolers, electric heaters are potentially flexible as they
are not continuously related to human activities like stoves
or light can be. The possibility of knowing where these

appliances are geographically placed at a grid distribution
level is actually fundamental for efficient DSM and distributed
energy generation management. Indeed, the smartness of the
grid is not in the meter or in the technology but in the
information obtained from processing data and used to take
decision. The prior generated could also be used to simulate
heat pumps power consumption behavior at a population level
and understand how the synchronicity of the peak load can
affect the grid.
Future works would consist of updating the prior definition,
observe its evolution and study the evolution of the performance of the detection. As smart charging facilities are being
promoted by electricity suppliers, it would also be interesting
to test the detection of electric vehicles charging to enroll them
in the corresponding program.
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Evaluating Price-Based Demand Response
in Practice—With Application to the
EcoGrid EU Experiment
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Abstract—Increased emphasis is placed today on various types
of demand response, motivated by the integration of renewable energy generation and efficiency improvements in electricity
markets. Some advocated for the development of price-based
approaches, where the conditional dynamic elasticity of final
users is exploited in the power system, e.g., for system balancing. However, very few real-world experiments have been
carried out and price-based demand response has consistently
been found difficult to assess and quantify. It is our aim here
to describe an approach to do so, as motivated by the largescale EcoGrid EU experiment. In this project, 1900 houses were
equipped with smart meters and other automation devices in
order to adapt consumption to real-time electricity prices every 5
min, while monitoring it with the same resolution. Our approach
first relies on the clustering of residential load observations
that behave similarly within a given experiment. Then, a clinical testing approach, based on a test and a control group, is
adapted to assess whether price-responsive loads were actually
responsive or not. Interestingly, in the deployment phase of the
project, the results show that houses could be deemed priceresponsive on some test days, while results were inconclusive on
some others.
Index Terms—Clustering, demand response, electric load modelling, smart grid, time-series analysis.

I. I NTRODUCTION
ARGETS to increase the proportion of renewable energy
production to 27% by 2030 across all 28 EU member
states [1] present significant technical challenges, since existing markets, services and technologies are unlikely to be robust
enough to cope with the expansion of variable power generation, also with limited predictability. Among the various
options to support large-scale renewables penetration like wind
and solar power, Demand Response (DR) has emerged as a
popular approach, with its natural advantages and caveats [2].
Applications of DR as a system service are multiple, frequency
control [3], congestion management [4], distribution grid services [5] and overall system balancing [6]. Some also discuss
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long term impacts on the grid planning [6]. The Ecogrid EU
project is actually only using DR for overall system balancing.
Recent developments in that direction follow the concepts of
(i) direct control, where a higher-level operator would somehow operate these electric loads, and (ii) control by price,
where advantage is taken of the elasticity and cross-elasticity
of electric power consumers. There obviously are obstacles
in rolling out DR, including the non-flexibility of demand [7]
and the low participation due to information asymmetries [8].
Control by price has additional difficulties over direct control
due to the complexity in predicting response to price variations [9], although forecasting models and control schemes
that make effective use of them have been researched [10].
From articles presenting early DR program [11] to those
reviewing DR state-state-of-the-art deployment [12]–[15],
some highlight problems of communication between the different units during the implementation of DR programs resulting
in non-responsiveness of the controllers. However techniques
that can readily identify whether a set of electric loads
is price-responsive remain lacking, while this may be crucial in practice. This issue is of particular relevance during
the deployment phase of demand response equipment and
programs. Indeed a logical subsequent step after deploying
necessary hardware and software is to control that the different elements communicate as expected, react to the right
information, or simply to verify that the overall concept
functions.
The present paper introduces a proposal test-control method
to assess whether or not electric loads are price-responsive
or not. The principle of comparing control and test groups
has been extensively used in the medical industry to evaluate the efficiency of a treatment for over 200 years [16],
and more recently in the electricity field, industrials working
on load research practices have been using this approach to
develop Customer Base Line (CBL) and evaluate candidate
customers under DR [17]. This method has the advantage of
having both the candidate customers and CBL to be exposed to
the same weather conditions. Such an approach aims at assessing through hypothesis testing whether loads are responsive or
not, which is a basic question to answer before aiming for a
quantification and characterization of that response.
Prior to undergoing this test-control analysis, electrical loads
are clustered based on similar behavior within a given experiment (i.e., a test day with a given price profile). This allows
to identify electric loads that do not respond as expected,
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while sorting subgroups of responsive households. Note that
here the terms ‘household’ are used with the same meaning
as ‘load’ and do not consider the consumer behavior as the
response is automated by a controller; when we write ‘responsive loads’ or ‘responsive households’ the reader should read
‘responsive controllers which have modified significantly the
electricity consumption’. The value of the clustering step of
our methodology also lies in the dimension reduction of the
problem since, instead of trying to assess whether each and
every household in a large-scale demand response experiment (with 1000 households or more) is responsive or not,
a fully data-driven clustering step narrows down the analysis by focusing on a low number of subgroups of households
with similar dynamic characteristics. This may also be seen as
having the side benefit of pinpointing electric loads that could
be useful in providing specific grid services such as balancing
and congestion management, in view of the characteristics of
their response.
Existing literature related to clustering applications (also
referred to as segmentation) focuses on profiling, to
group the consumers with similar energy consumption patterns [18], [19], or on modelling, to obtain more homogeneous
data to improve forecasting accuracy [20], [21]. However, similar approaches using clustering to exclude electric loads that
are not responding to the price have not been found in the
literature, despite interest from industry in knowing whether a
smart controller is responsive or not [17].
The development of this methodology was originally motivated by, and then applied to, the EcoGrid EU demand
response experiment, in which 1900 houses and 100 industrial
loads receive new electricity prices every five minutes [22].
On the Danish island of Bornholm where the experiment
takes place, the majority of the participants have resistive
electric heating and heat pumps installed. Their controllability, combined with the heat capacity of the buildings,
yields virtual electric power storage. Houses are equipped
with smart meters reporting consumption in real-time, as well
as a range of automated controllers that make provision of
DR convenient by enabling controllability of a wide range of
small-scale Distributed Energy Resources (DERs) in a costefficient manner. The automated controllers are proprietary and
were developed by different companies. In this study, they are
therefore considered as black boxes. However, it is known that
these rely on state-of-the-art control techniques used for DR,
like hysteresis control and economic model predictive control, allowing to schedule consumption optimally considering
weather and price forecasts, as well as customer preferences
in terms of comfort.
The prices seen by these electric loads originate from the
EcoGrid EU market. It was primarily designed to support balancing when larger shares of renewables are present in the
power system, yielding additional and more variable balancing needs. In EcoGrid EU, knowledge of the power system
state is updated every five minutes. This higher temporal resolution, compared to the hourly time units broadly used in
deregulated power systems today, naturally allow to better
adapt to dynamic balancing needs. Another key aspect of the
market is that it is bidless for demand, hence reducing risk
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and increasing convenience for small customers who would
not otherwise participate. A full introduction to the market
behind price generation in the EcoGrid EU experiment is given
in [23]. The first phase of the EcoGrid EU project was completed in early 2014, where price-responsive controllers from
two different manufacturers were installed in 1200 houses. The
price-responsiveness of participants was analysed and eventually validated using the clustering and test-control methods
presented here.
The paper is structured as following. Section II presents the
empirical framework of the experiment, with particular emphasis on the data and various test-cases to be analyzed. Our
methodology is described in Section III, by first introducing
the clustering approach for identifying fully non-responsive
households and subgroups of responsive electric loads, followed by the test-control method to assess whether these
reponsiveness can be seen as genuine price-responsiveness.
The results for the roll-out phase of the EcoGrid EU experiment are used as an illustration in Section IV. The paper
ends with conclusions and perspectives for future work
in Section V.
II. E MPIRICAL F RAMEWORK
The analysis is data-driven and the processes of generation
of the data used in this paper are described in the following section. Details on how the controllers operate were kept
confidential by the manufacturers.
A. Data Presentation
The datasets consist of electricity consumption for each candidate household with a resolution of 5 minutes. Real-time
price series have the same temporal resolution, allowing for
the joint analysis of the dynamics of both price and consumption series. Only consumption related to space heating varies
as a function of prices based on the controllers deployed for
heat pumps and resistive electric heating.
B. Customer Base Line Generation
Throughout the initial phase of the demonstration, households were recruited and then made price-responsive gradually.
Some households had their automation disabled deliberately
by the central operator, while others had their automation disabled due to reported technical problems. These households
were gathered and averaged to form the CBL. Due to the
random nature of technical problems, the composition of the
test and CBL groups varied from one test-case to the next.
Test and CBL groups also varied according to the number
of households using one of two control-equipment types and
according to different heating types (heat pump or resistive
electric heating). As the size of the CBL and participant groups
differ throughout the overall experiment, this influences the
resulting data analysis and especially the estimated confidence
intervals and hypothesis tests performed.
C. Test Cases Presentation
In order to test the controllers, test cases were designed
to stress and assess their price-responsiveness with extreme
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TABLE I
P RICE VARIATIONS D URING THE T EST-C ASES [24]

Fig. 1.

Price signals broadcast during the different test cases.

price variations. As the energy consumption should be a
function of the price, a significant change in the electricity
consumption is expected when such extreme price variations
occur [24]. More precisely, a variation in price is to be seen
as an incentive for modification of electricity consumption:
upwards when the price goes down, and downwards when
the price goes up. Table I and Fig. 1 gives a summary of
the price variations applied during each test case. All the
test cases have the same duration of 24 hours. The negative
prices are strong incentives to consume electricity send to controllers as they are making money by doing so. In contrary
high positive prices are design to decrease immediately the
consumption.
III. M ETHODOLOGY FOR A SSESSING
P RICE -R ESPONSIVE B EHAVIOR
A. A Non-Supervised Classification for Dimension
Reduction and to Identify Sub-Groups
A natural way to reduce dimension and to extract information from a large and noisy dataset is to group it into more
homogeneous clusters. Each of these clusters exhibit more
homogeneous characteristics of its individuals than the overall dataset does [25]. Consequently, clustering can be used to
exclude groups which could be considered as outliers [17]. In
addition, it emphasizes characteristic patterns in consumption,
which may implicitly include the consumption variations due
to changes in price.
As it is most likely the case for any real-world experiment, it was observed within the EcoGrid EU demonstration
that uncertainty existed in the actual price-responsiveness of
heat appliance controllers during DR experiments. This may
be due to customers being able to interact with controllers turning them off or changing comfort settings. Other issues,
e.g., bad choice of location for temperature sensors used by

controllers, can also result in households not being responsive
(or just a little) at certain times. A number of other punctual technical problems can affect the responsiveness of these
heat appliance controllers. Therefore, employing clustering for
identifying and isolating these outliers can focus our analysis on the DR of well-functioning installations. On a more
practical level it generates a list of targets to troubleshoot for
the technicians. The time period (24 hours), the replications
(16 tests) in the experiment, the amplitude of the incentives
and consequently the amplitude of the responses leave little
doubt that the largest part of the consumption variation is
from variations in the controllers and not from changes in
consumers preferences.
Clustering approaches have been extensively described in
the literature. The interested reader is for instance referred
to [26] for an overview of clustering algorithms and [25] for
applications in electric load analysis. Out of this wealth of
algorithms, the most suitable one to be used depends upon the
data setup and our a priori knowledge of the expected output
(e.g., the number of clusters to be obtained) [27]. Hierarchical
clustering permits to effectively choose the number of clusters, a posteriori, according to the so-called dendrogram,
which is a clustering tree where the level of details (and the
number of clusters) is increasing as its branches are further
divided. An example dendrogram used to cluster 35 households in one of the EcoGrid EU experiment is shown in
Fig. 2. Hierarchical clustering is a non-supervised classification method where individuals are grouped according to
their relative distances in a similarity space determined by
a set of variables [28]. Hierarchical clustering can be performed in an agglomerative or divisive manner. The former
approach starts with each household as a cluster and ends up
with one cluster (bottom-up approach), while the latter one
sees the whole set of households as one cluster to start with
and eventually ending with each household as a cluster (topdown approach). Their outputs are similar, but Hierarchical
Agglomerative Clustering (HAC) is known to be faster to
compute.
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that aspect. The Mahalanobis distance [31], which fulfills this
requirement, is then adopted. For two series xi and xj , it is
defined as

 



d xi , xj = xi − xj Sij−1 xi − xj
(2)

Fig. 2. Dendrogram for the clustering of 35 households in one of the EcoGrid
EU experiment. The red line indicates the cut to be made to obtain 3 clusters.

Here our households may naturally have different average
consumption levels depending on the house types, number of
inhabitants and human behavior. Consequently, some form of
alignment is needed to make them all comparable in order to
measure some kind of distances between them. However the
variance σi2 of the time-series from each household i should
not be affected, as the variability in amplitude of the adjustment in consumption during DR events is of high importance.
For each and every test case in the experiment, electric power
consumption series were centered on their average consumption, by subtracting the mean consumption on a per-household
basis, over the entire test case. Considering the original power
 , . . . , x , . . . , x } for household
consumption series xi = {xi,1
i,t
i,T
i (i = 1, . . . , I), with t the time index, this reads

−
xi,t = xi,t

T
1 
xi,t , i = 1, . . . , I, t = 1, . . . , T
T

(1)

t=1

xi = {xi,1 , . . . , xi,t , . . . , xi,T } is the resulting centered power
consumption series for household i, with I the number of
households at time t. The series xi has the same dynamics
and amplitude as xi , though centered on 0, thus allowing
to better compare the higher-order dynamics of the various
households [29], [30].
In our experimental framework, the hypothesis is that if a
household is active and receives a price variation during a DR
event, the consumption should be affected. The variation in
consumption is not expected the same for all houses because
of their prior status (e.g., temperature, controller setup), nevertheless it should be possible to cluster similar patterns of
consumptions’ variation as they are expected to react. In that
context, the chosen distance for the clustering approach ought
to account for covariances between the consumption series. In
our experimental framework, the space we have to explore has
the dimension of the number of measurements performed in
time. With a temporal resolution of 5 minutes and a test case
duration typically of 24 hours, this translates to fairly large
dimensions. However, it is expected that power consumption
observations are serially correlated, i.e., not independent from
one time instant to others. In other words, the effective dimension of the space within which the consumption patterns are
observed is clearly less than the number of time steps T. The
chosen distance for the clustering approach ought to reflect

where Sij is the covariance matrix between the two time-series.
However, the covariance matrix Sij may happen to be singular
when the number of households (I) is smaller or about the
same as the number of data points (T) in the time-series [32].
This problem arises often while working with time-series as
the number of data points can be extensive compared to the
number of households. To prevent such issues with singularity, Sij is replaced in (2) by a shrunk covariance matrix Sij∗ .
Shrinkage is an efficient way to obtain a non-singular closest
estimate of the original covariance matrix Sij . It is calculated as
Sij∗ = λTij + (1 − λ)Sij

(3)

where Tij , commonly referred to as the target, is a diagonal
matrix formed with the element on the main diagonal of the
original covariance matrix Sij [32]. λ is the shrinkage coefficient. Sij∗ is a trade-off between a highly-structured matrix (Tij )
and a non-organized one (Sij ), while λ allows controlling the
balance between the two [33]. We set
 ∗
λ , if λ∗  1
λ=
(4)
1,
otherwise
with


∗

λ =

σ (cmn )
m=n 
2
m=n cmn



(5)

where cmn are the components of the (sample) covariance
σ (cmn ) their estimated variance [34].
matrix Sij and 
HAC is a fairly general framework, given a metric suitable for the data at hand (e.g., the Mahalanobis one used
here). Similarly, one may flexibly choose the way to regroup
individuals within clusters. The most common one is the
Ward’s method, also known as minimum-variance method. It
aims to minimize the increase of the within-cluster sum of
squared distances, E, at each iteration of the agglomerative
process [26],
E=

K 


d(xi , gk )2

(6)

k=1 xi ∈Ck

where K is the number of clusters, xi ∈ Ck the households in
cluster Ck and gk the center of gravity of cluster Ck , defined as
1 
xi
(7)
gk =
nk
xi ∈Ck

where nk is the number of households in Ck .
Following [35], the total variance of a set of households,
after clustering, can be expressed as the sum of the withincluster variance plus the between-cluster’s center variance.
Consequently, since the Ward’s method aims at minimizing
the increase of within-cluster variance at each iteration, it also
maximizes the variance between cluster centers. The resulting
clusters can then be seen as the most homogeneous possible
subgroups from the set of households. The HAC algorithm
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The Hierarchical Agglomerative Clustering (HAC) algorithm.

is illustrated in Fig. 3, starting with each household being its
own cluster. It then iterates until all households are merged
into a single cluster. The result of the HAC is conveniently
represented in a dendrogram such as that in Fig. 2. The dendrogram is a basis to decide on how many clusters should be
chosen. The decision of where to cut the tree depends on the
structure of the tree and the goal of clustering. If the goal
is to have a clear and precise information on each cluster, a
higher number of cluster will be favored. Conversely, if the
goal is to isolate outliers, a lower number of clusters will be
favored. It is then difficult to implement an automated routine to select the number of clusters. The decision is based on
our expertise in interpreting the structure of the tree and thus
subjective [36].
After computing the HAC, the information contained in the
different clusters should be summarized. When it comes to
time-series, the clusters’ averaged time-series is a suitable way
to represent the specificities of each cluster. One of our test
cases, with 5 averaged cluster time-series identified from the
dendrogram, is shown in Fig. 4 together with the averaged
time-series of the CBL, as well as the corresponding price
signal. Such representation allows clusters with reactive adjustment to the price variations (if compared to CBL) to be sorted
apart from those that do not adjust during the DR event or
show erratic patterns (e.g., due to technical problems). These
are consequently not considered in the subsequent analysis. In
the example of Fig. 4, the households from the clusters 2 and 5
are to be excluded from the test group, since cluster 2 follows the CBL while cluster 5 has no daily variations which
most likely means that the households are empty. As these

Fig. 4. The averaged time-series is calculated for each cluster in the test
group and displayed as a colored dashed line. The black dashed line is the
averaged time-series of the CBL and the green line is the price.

outliers are removed, the data quality of the treatment group
is improved and eases the subsequent qualitative and quantitative analysis. When mentioning test groups in the remainder
of the paper, we refer to those subgroups selected after the
clustering was performed.

B. A Clinical Trial Test Approach
Clinical trials were historically developed in the pharmaceutical industry. Owing to the variety of potential responses
of biological organisms as individuals, it became common
to perform tests on populations instead, thereby smoothing the potential negative effect of individual features on
an overall assessment. In the present case, we can employ
a similar clinical trial test approach since our data comes
from a reference (CBL) and a test group, while our interest lies in the difference in consumption between these two
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Fig. 5. The average time-series from the CBL and a cluster from the test group with their respective 95% confidence intervals generated from the bootstrap.
The green line is the price.

TABLE II
N UMBER OF H OUSEHOLDS IN VARIOUS T EST C ASES : N UMBER IN THE
T EST G ROUP (N UMBER D EEMED P RICE -R ESPONSIVE A FTER
C LUSTERING ) / N UMBER IN THE CBL

groups [37]. Moreover, the inherent uncertainty on the responsiveness (response to a treatment) resulting from the absence
of homogeneity in the test group as well as in the reference
group (e.g., behavior of the user, thermal comfort setup, energetic profile of the buildings), supports the idea that a clinical
trial approach is relevant here. The question we aim to answer
can be formulated as Do price variations induce significant
changes in power consumption patterns?
The results of the clustering on households recruited in the
DR program from the different groups exposed in Table II,
can be analyzed in two different ways. On the one hand,
one can visually assess whether the average response of the
selected clusters from each group is responsive by direct comparison with the CBL during the DR event. The purpose of

visual inspection is to show that DR works for some clusters, and not for others, to a non-scientific audience who is
not familiar with more objective statistical methods. However
such an analysis cannot conclude on the significance of the
response observed, while relying on expert knowledge at evaluating variation in patterns. On the other hand, this can be
tested more rigorously in an hypothesis testing framework
(see Section III-C). The purpose of hypothesis testing is to
satisfy a scientific audience who requires a degree of objectivity when the results (e.g., lower unit electricity costs for the
consumer) are presented.
Fig. 5 is an example of a case used for visual evaluation of
a given test case. By observing the dynamics of the mean consumption series of the test group compared to the CBL, one
may conclude on the responsiveness of that test group based
on confidence intervals. Experience with such consumption
data shows that it does not follow a Gaussian distribution.
Hence, a nonparametric approach (Non-Studentized pivotal
method) is used to obtain confidence intervals. More specifically, we employ a common resampling technique known as
bootstrap [38] to generate them. From all the 5000 resampled
average time-series, 95% confidence intervals defined by 2.5%
and 97.5% quantiles of the distributions of bootstrap samples
are obtained.
From visual inspection of Fig. 5, one may infer that the
behavior of the test group is different from that of the
CBL when the confidence intervals are not overlapping (for
example, from 7:05 to 8:05). In other situations, when the
confidence intervals overlap or when the average time-series
lies within the confidence intervals of another one, one cannot
conclude. A more detailed analysis of Fig. 5 shows that the
test group exhibits higher consumption during the low price
period and lower consumption in the high price period with
respect to the CBL. The lower consumption in the period 23:05
to 5:05 is induced by the smart controllers in the experiment
shifting load to the lower price period that starts at 07:05.
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Smart controllers receive a day-ahead price forecast (as well
as an hour-ahead price forecast every half hour) allowing them
to schedule consumption in an optimal manner. The value of
the relative real-time price with respect to recent and limited
forecasted prices therefore contributes to visual estimation of
whether a test group is price response or not. For example, in
Fig. 5, the relative price is high in the period 23:05 to 5:05, so
it is expected that a price-responsive cluster would have lower
consumption than the CBL during this period.
C. Hypothesis Testing to Assess Price-Responsiveness
A standard way to assess results in a clinical trial test is to
employ hypothesis testing. The hypothesis obviously depends
on the question, e.g., is the test group’s consumption different
than that of the CBL during a DR event? In this question it can
even be specified lower or higher instead of ‘different’. Based
on this hypothesis, a test is formulated and applied to the
data. The method used to analyze the hypothesis test should
be chosen according to the assumptions on the sample values’ distribution. The aim of the EcoGrid EU DR program
is to displace electric power consumption from periods with
higher prices to periods with lower prices. Whether this goal
is achieved or not can then be determined based on the economic value to the households, i.e., in relation to cost per unit
of electricity consumed. Consequently here, hypothesis testing may allow us to objectively state whether a test group is
price responsive or not. We use a framework similar to that of
conventional clinical trial tests, with a type I error threshold
α of 0.05.
A hypothesis test can be formulated, since the average cost
of a kWh of electricity consumed during a test-case by the
test group should be lower than the cost for the CBL during
the same period. The average unit cost C̄i , for a test case with
T time steps, is calculated as
T
Cti Pt
C̄i = t=1
(8)
T
t=1 Cti
where Cti is the consumption of electricity from household
i at time t and Pt the price at time t. A simple observation
of the average unit cost distributions tells us that the variances of the 2 samples are different and that they may have
heavy tails. Therefore, standard parametric tests are excluded.
The Mann-Whitney test (also known as the Wilcoxon rank
sum test) is a convenient solution, since the number of
households in each of the subgroups is large. A one-sided
Mann-Whitney test is performed on the ranks. The hypotheses
are the following,
H0 : μtest ≥ μCBL
H1 : μtest < μCBL

(9)

where μ corresponds to the sum of ranks, H1 is the one-sided
tailed alternative hypothesis and H0 is the null hypothesis. The
null hypothesis means that the activity of the price-responsive
controllers is not significantly modifying the average unit
cost, so that it could be considered lower than the control
group average unit cost. If the H0 is rejected, the alternative
hypothesis is confirmed statistically.

The one-sided tailed alternative hypothesis is more restrictive than the two-sided tailed standard hypothesis test, as it
specifies that the samples should not only be different, but
that the test sample’s mean should be lower than the control
sample’s mean. The Mann-Whitney test defines the statistic U
with the following formula

n1 (n1 − 1)
− R1 ,
U = min n1 n2 +
2
n2 (n2 − 1)
(10)
− R2
n1 n2 +
2
where n1 , n2 are the size of the 2 samples and R1 , R2 are the
sum of the ranks for these two samples respectively. U follows
a normal distribution and we can calculate the p-value as
P(U ≥ U1−α |μtest ≥ μCBL )

(11)

The P-value can be seen as the probability of obtaining a test
statistic result at least as extreme or as close to the one that was
actually observed, assuming that the null hypothesis is true.
The test is considered significant when the p-value is lower
than the type I error threshold α, which is the chance that we
mistakenly reject the null hypothesis (that the samples’ means
are different). All the details related to statistical aspects can
be found in [39].
IV. R ESULTS
A. Clustering Results
The cluster analysis aims to identify the price-responsive
participants in the test group (possibly in the form of various subgroups) and to separate them from obviously nonresponsive households. Emphasis is placed here on how many
households are kept in the analysis from the original subgroups
after computation of the HAC, as it influences the subsequent
analysis.
The clusters are visually selected by comparing the averaged consumption time-series of each cluster to the averaged
CBL consumption time-series during event with price variations (Fig. 4). If the averaged consumption time-series of a
cluster seems to be flat (no activity, e.g., as for cluster 5 in
Fig. 4), following the same pattern as the averaged CBL timeseries (e.g., as for cluster 2 in Fig. 4) or showing unexpected
pattern, it will be excluded from the dataset used in the evaluation of the price responsiveness. When all the clusters are
non price-responsive, only the aberrant ones will be removed.
Table II gives a summary of the clustering selection; the
range of the selection from the original data goes from 52%
to 100%. In other words, a maximum of a half (48%) of the
smart controllers were in the test group, but did not visually
appear to be price-responsive. The graphical representation of
clusters is also useful for identifying different types of priceresponsive behavior. For example, in Fig. 4, cluster 1 gathers
the controllers which have been stimulated by the first price
variation, while cluster 3 gathers the ones which have been
stimulated by the second price variation and cluster 4 gathers
the ones which have reacted to both stimuli. It also illustrate
the differences of behavior between the manufacturers as the
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TABLE III
T HE C OLOR OF THE C ELL R ETURN THE R ESULTS OF THE V ISUAL
E VALUATION ; G RAY I S R ESPONSIVE , L IGHT G RAY I S
N ON -R ESPONSIVE . T HE F IGURE I S THE P -VALUE
F ROM THE M ANN -W HITNEY T EST.
S IGNIFICANT T EST AT α = 5% A RE
S HOWN IN B OLD AND I TALIC

price-response strategies and constraints are implemented differently. Such information was not known beforehand, and
brought more insight on how a set of controllers behave at the
occasion of large price variations. However, this paper does
not focus on this aspect, but it worth mentioning it as it is a
good way to illustrate it.
B. Results of the Clinical Trial Test Approach
The chosen clusters are used to generate graphical
overviews of each group during the different test-cases
(Fig. 5). Table III summarizes the visual evaluation of the
graphs displaying the averaged time-series associated with the
95% confidence intervals of the treatment and CBL groups for
each manufacturer, equipment type and for different test-days.
Results here should be interpreted as, for each experiment,
whether it was possible to find one or more clusters that could
be seen as price responsive, or not.
In the roll-out phase of the EcoGrid EU demonstration, controllers and other infrastructures were continually developed
and improved, which explains the improvement of the DR as
the heating period went on.
C. Results of the Hypothesis Testing
The main goal of the EcoGrid EU project is to push electricity consumption during periods of high prices to periods
of low electricity prices. This means an economic evaluation
can be done, by comparing the average unit cost of selected
test groups to the CBL. In this case, hypothesis testing could
be applied to each and every identified clusters, or only to
those where visual assessment indicated that price response
may be present. As for the visual assessment before, the test
is applied to all clusters that were not discarded through the
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clustering analysis, for instance since deemed as outliers or
clearly non-responsive.
Table III shows the Mann-Whitney test’s results for the
different test periods. A standard type I error threshold is
chosen (α = 5%). The significant tests are shown in bold
and italic. The comparison between the results from visual
evaluation and the hypothesis testing in Table III exposes the
difference between price-responsiveness which can be visually noticed but not statistically validated using the measure of
unit cost, and the price-responsiveness that does have a significant economical impact on the average unit cost. The results
show that towards the end of the roll-out of the EcoGrid EU
project, it was possible to visually and rigorously find differences between CBL and test groups (manufacturer 1 electric
heating, manufacturer 1 heat pump and manufacturer 2 electric heating), indicating a price-responsive behavior overall.
The improvement of the responsiveness over time is a direct
consequence of the tunning operated on the controllers during the experiment. Further steps in such an evaluation work
would consist in quantifying and characterizing this priceresponsiveness, while also assessing if this corresponds to the
maximum response that could be provided by these groups of
households.
V. C ONCLUSION
The method presented in this paper shows how a systematic
evaluation of DR can be done even with datasets that contain
outliers, noise, and other undesirable effects. The clustering
can easily be generalized to other time series classification,
although scalability to data with more observations remains
an area for inquiry. We have successfully applied it to 2
weeks data with a resolution of 5 minutes, but further work
should investigate clustering of time-series with more observations. Clustering based on the coefficients of an auto-regressive
model of each subject may be viable.
The methodology established provides a springboard to further understand the different types of DR present in residential
loads. User interaction with DER controllers is expected to
have a large impact on the DR available, and the HAC used
to separate useful households from those which do not appear
extremely effective in this circumstance.
From a widespread power system perspective, being able to
identify which customer segments exhibit a price response is
important for grid operators looking to identify and invest in
customers to participate in new DR schemes. Such clustering
may also be a useful technique to decide additional financial reward for customers who perform best, in the form of a
capacity payment, perhaps funded by the same public service
obligations (PSOs) that support renewable generation.
Comparing treatment subgroups to the CBL graphically
is also useful for presenting the differences in consumption to a broad audience in an intuitive manner. However,
visual interpretation is not a statistically valid way of confirming a response. Therefore, the 2-sample Mann-Whitney
test comparing the averaged unit cost of price-responsive
and non price-responsive subgroups supplements the graphical
approach well, as it allows us to validate or reject hypothesis
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for each test-case. This analysis answers one of the key points
of the demonstration: cost can be reduced for some consumers.
Obviously, a necessary further step is to characterize and quantify the responsiveness of electric loads. This has been the
focus of our further research over a 8 month live experiment
in the EcoGrid EU project, which kicked off after the first
assessment results presented here allowed to verify the demand
response potential in our set of electric loads.
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Abstract—Analysis of load behavior in demand response (DR)
schemes is important to evaluate the performance of participants.
Very few real-world experiments have been carried out and quantification and characterization of the response is a difficult task.
Nevertheless it will be a necessary tool for portfolio management
of consumers in a DR framework. In this paper we develop
methods to quantify and characterize the amount of DR in a load.
The contribution to the aggregated load from each household is
quantified on a daily basis, showing the potential variability of the
response in time. Clustering on the average values and standard
deviation of the contribution regroups households with the same
average response. Independent Component Analysis (ICA) is used
to characterize different DR delivery profiles.
Index Terms—Demand Response (DR), DR characterization,
DR quantification, smart grid, energy analytics.

I. I NTRODUCTION
Research and the application of controlling electric loads
in useful ways continues to grow as system operators look
for new ways to balance production when a large share of
renewable energy sources (RES) is present. Demand Response
(DR) answers this problem by moving the load in time or
shedding it. DR’s rise has coincided with large-scale smart
meter roll-outs across the world, which provide more precise
information about the demand status. Utilities often consider
two applications of DR: emergency use, which is a safety net
in case of unexpected outages, and economic, which reduces
the use of energy-only ancillary services [1].
Different DR schemes have been designed and implemented, with wide-ranging benefits and drawbacks, although
how to quantify DR during real operation remains underexplored [2], [3]. Indirect control through dynamic tariffs has
emerged as a popular option due to its ability to respond
quickly to variation in production (i.e. wind, solar) and the
simplicity of financial settlement, i.e. reward for consumers
providing flexibility [4]. Indirect control does not require
each load to respond to price signals in the same way, but
the population’s response as a whole remains nevertheless
statistically predictable.
The evaluation of how much DR is in a load is often made
by comparison to a baseline. The baseline can be generated
using a model fitted on consumption data from historical nonDR days [5]. It can also be simultaneously collected from

a reference sample of households which has the same characteristics (i.e. number, size, temperature) as the DR sample
of households but which do not receive DR incentives [6].
However, sufficient data to generate reliable forecasts of loads
or representative reference set are not always available. In
the literature, little work has been done on quantifying and
characterizing flexible loads from residential consumers in a
DR framework when a baseline is not available.
In this paper we propose: 1) a methodology to retrospectively evaluate how much DR was delivered, on average, in
a group of similar loads without estimating a baseline; 2)
a method which gives information about the characteristics
of the response in terms of amplitude and rate of response,
i.e. how large the response is and how often a load is
able to deliver the response. When managing a portfolio of
households in a DR framework, it is the combination of
both quantification and characterization of the response that
is important when generating the future prices. Furthermore,
combining the average response from groups of consumers,
each receiving a different price signal, can then be a possible
way to obtain a desirable aggregated load.
The paper is organized as follows: Section II presents the
data and the EcoGrid EU DR implementation; Section III
introduces the methodology to categorize, characterize and
quantify the response to price; Section IV presents the results
of the method applied to data from EcoGrid EU and Section V
provides conclusions and ideas for future work.
II. E MPIRICAL F RAMEWORK
The dataset used comes from the EcoGrid EU project, which
was completed in 2015. The goal of EcoGrid EU was to exploit
the flexibility of residential consumers in a large scale realtime market with a large share of RES in the energy mix [7].
A. Hypothesis on quantifying real time pricing DR
Houses are equipped with automated devices from different
manufacturers, which in turn can be controlled by different
algorithms. Each house has its own threshold for which it
reacts to price, according to the comfort settings determined
by the family living there. We suppose that the controller’s
algorithm does not affect the amplitude of the response but
the pace and the frequency at which the response is delivered.

The behavior of a load is dynamic and depends on the
household activity. It is therefore stochastic and should be analyzed as such. Each house may respond differently from one
day to another, depending on the activity of the inhabitants.
The categorization of the house’s DR delivery should therefore
be based on both the average response and its variability
from day-to-day, since the latter describes the reliability of
a portfolio.
B. Real Time Pricing Market Presentation

C. Electric Load Data Collection
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The Real-Time Price (RTP) generally follows the daily load
pattern, since the spot price (a component of the RTP) is
positively correlated with the consumption profile - periods
of high demand cause a higher spot price. When a load is
reactive, the consumption moves in an opposite direction to
the price variation (i.e. consumption increases as the price
decreases and vice versa). A description of the market clearing
mechanism that determines the real-time price is described
in [8].

EcoGrid EU relied mostly on heating devices that could
deliver DR by exploiting the implicit thermal storage of
households. Out of 1900 houses in total, the houses with
good quality data are listed in Table I. There were four
groups that were fitted with automated equipment (groups
3–6). group 1 was designed as a reference group, but was
shown to be non representative when attempting to generate
a reliable baseline [9]. group 2 was a manual group with no
automation of devices and participants were asked to modify
their consumption through SMS. Two types of heating were
installed in the other households: Electric Heating (EH) or
Heat Pump (HP); the equipment (i.e. controller) installed in the
households of groups 3–5 comes from the same manufacturer,
with different algorithms for group 5. Group 6 is equipped with
a different hardware and software. The data was collected from
September 2014 to February 2015 with temperature spanning
from -10.6 ◦ C to 18.0 ◦ C. The resolution of the electric load
is 5 minutes, with data transferred to a central database every
20–30 minutes. Houses and time periods with more than 10%
values missing were filtered out.

Balance
signal

TABLE I: T EST GROUP DESCRIPTIONS.

5min Real-time price
EcoGrid Households

Fig. 1: Overall representation of EcoGrid EU market and price
generation.
The DR framework in EcoGrid EU is a hardware-in-theloop market platform (Figure 1). The market design can be
divided into four blocks:
1) The forecasting module computes the load forecast
based on historical consumption, weather forecasts
prices.
2) The Day-ahead unit commitment schedules generation
according to known spot prices and the wind power
forecast.
3) The EcoGrid market is the core market clearing that
finds 5-minute prices for the next hour. Its main objective
is to maintain the system balance and maximize the
social welfare by dispatching conventional balancing
power and DR (via 5-minute prices).
4) The 5-min imbalance optimization makes minor adjustment to prices before committing the real-time price.
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III. M ETHODOLOGY FOR Q UANTIFYING AND
C HARACTERIZING R ESPONSE TO RTP
The behavior of a load can change from extremely reactive
to not reactive from one day to another as the inhabitants
can change the thermostat temperature settings (affecting the
comfort zone by extension). We evaluate the DR delivered
by each house on a daily basis and summarized it using
the average and standard deviation per household rather than
evaluating it over the entire heating season.

A. Response Categorization
As previously described, the RTP follows the average daily
pattern of the load. The less a load provides DR, the closer
it will correlate with the RTP. This is captured by a positive
correlation between a load xn and RTP p as presented in (1).
When a load is reactive to a price variation and show some
DR, the variation of the load is opposite to the price and the
correlation between the load and RTP is then negative.
PT
(pt −p)(xn,t −xn )
qP
(1)
Cor(p,xn )= qP t=1
T
T
2
2
(p
−p)
(x
−x)
t
n,t
t=1
t=1
s

d.Cor(p,xn )=

1−Cor(p,xn )
1+Cor(p,xn )



(2)

Using the correlation-based distance (d.Cor) in (2) between
the individual loads xn and the RTP p of a single day, the
response during that day can be quantified [10]. Note that an
average correlation of 0 over a day corresponds to a d.Cor of
one and the more negative the correlation is, the larger the
d.Cor.
The d.Cor is calculated for each household and every day
of the heating season. The mean and standard deviation is
calculated per household in order to cluster them according to
their average distance from the RTP and how it varies during
the season. The cluster algorithm used to split the data is Kmeans (k=5) run with 25 different sets of starting points to
validate the stability of the partition.
B. Response Quantification
The response in each cluster, is estimated using Finite
Impulse Responses (FIR) for price [9]. FIRs are obtained from
a general linear model of xt the observed load,
>

>

xt =λet θλ +zet > θz +e
χ>
t θχ +t

(3)

where λet is a vector including forecast, real-time and historic electricity prices (e.g. day-ahead, hour-ahead and RTP),
zet > is a vector of exogenous variables (e.g. solar radiance,
wind speed, exterior temperature, Fourier series of the daily
independent base load), χ
e>
t is a vector of interactions of some
of the precedent variables and t is the normally distributed
error.
The FIRs correspond to the vector of relative real-time price
coefficients θλ in (3). It is calculated based on the relative price
which is the difference, at each time step, between the RTP
and the hour-ahead price. The fitting of the model is done
using a Lasso penalization [11].
C. Response Characterization
The RTP exhibits many local extremii during a single day,to
which households do not always react. Clustering is a good
way to group the households according to their responses on
average, but when more details are required to characterize
the response, the limits of the method are reached. Each
cluster is the average reaction of a pool of households and,

although confidence intervals can be calculated, they obscure
an otherwise describable, diverse set of behaviors. To characterize the loads, let us first consider that each consumption
time-series is a linear combination of I different consumption
pattern si and that the vector of time-series consumption
x={x1 ,...,xn ,...,xN } can be written,
x=

I
X
ai si

(4)

1

where ai is a vector of coefficients. Each component ai
represents a response to the price or heating preferences setting
and, by combining and weighting them, the consumption of
the time-series can be reconstructed. The method is called
Independent Component Analysis (ICA) [12]. It was first used
in signal processing to solve the problem of blind source
separation, like the cocktail party problem. (4) can also be
written,
x=as

(5)

where a={a1 ,...,ai ,...,aI } is a matrix of coefficients and s=
{s1 ,...,si ,...,sI } is a vector representing a base of synthetic
signals with no units, called independent components (IC).
After estimating a, its inverse w is computed and the IC can
be obtained by,
s=wx

(6)

and corresponds to weights of consumption time-series x on
ICs s. The only assumptions made to perform an ICA are
that the components should be statistically independent and
so they must have non-gaussian distributions. The ICA estimation is based on measure of non-gaussianity (e.g. kurtosis,
negentropy) of wiT x where wiT is a transpose row wi .
Before running an ICA, the signals are centered and
whitened using Principle Component Analysis (PCA). Thus
all signals have a zero mean and a unit variance.
The fastICA is used to perform the ICA and is presented in
Algorithm 1 [12]. First w is initiated randomly by sampling
from Gaussian distribution with µ=0 and σ 2 =1. A fixed point
iteration process then finds the maximum non-gaussianity by
approximating the negentropy using its approximative Newton
iteration. In the presented implementation, the function g and
g 0 are respectively the derivative and second derivative of the
non-quadratic function G,
G(u)=−exp(−u2 /2)
Algorithm 1 FastICA
1: Initiate:
2: w←{w1 ,...,wi ,...,wI }∼N (µ,σ 2 )
3: for i in {1,...,I} with I≤N do
4:
while not converged do
5:
wi+ =E{xg(wiT x)}−E{g 0 (wiT x)}wi
6:
wi =wi+ /||wi+ ||
7:
end while
8: end for

(7)
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Fig. 2: Clusters generated with K-means (k=5) on the mean
and standard deviation of the d.Cor distance
IV. R ESULTS
A. Response Categorization Results
The results of the clustering are shown in Figure 2. Each
point represents an household in the two dimensional space
defined by the average d.Cor and the standard deviation of the
d.Cor over the heating season. The color codes the partition
into clusters. An increase of standard deviation with average
d.Cor results from the non-linearity of d.Cor [10]. The standard deviation is mostly used to discriminate between houses
with the same average participation but different variability
over the heating season.
The analysis of repartition of the groups in each cluster
(Figure 3 on the left) reveals that besides cluster 5, which is
mostly composed of group 6 households, the manufacturer or
the type of heating does not influence the average response.
Indeed cluster 5 which is the farthest from the RTP, is mostly
composed of households from the group 6 and 4 which are
both equipped with EH but it could be the result of another
factor as group 4 and 6 are also present in other clusters (e.g.
cluster 3). With the exception of cluster 5, these results appear
to support the hypothesis that the group and subsequently the
technology is not the main driver of the average response of
the load as the groups are distributed in the different clusters.
The repartition of the dwelling types in each cluster is
presented in Figure 3 on the right. The three clusters with
the highest response to RTP on average present also the
largest shares of holiday houses. On the one hand the fact
that inhabitants are not present in the dwelling is a problem to
d.Cor as the base load is then not following the base pattern of
the price and it increases the value of the distance correlation.
On the other hand the absence of interaction with inhabitants
may also be an asset in the planning of the heating which

count
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0
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Fig. 3: Split of the groups (left) and the type of dwelling (right)
into the K-means clusters
gives the controller the full control on planning the heating
over a whole day.
B. Response Quantification Results
The quantification of the response has been done based on
the clusters generated in Section IV-A. Figure 4 presents the
FIR of each cluster, which is a traditional time-series analysis
tool that represents the average response over the entire test
period (not just a daily metric). The results are given in
percentage of the maximum load.
With this traditional time-series analysis approach, cluster 4
exhibits the smallest response, peaking at 10% of the load 35
minutes after the price change, followed by a stiff and large
rebound (21%) where the energy to be recovered is actually
larger than the initially delivery of energy. Cluster 4 shows a
small increase in consumption when the change in price first
arrives, which may be a time-delay caused by minimum runtimes, since this coincides with the slow DR delivery. Cluster
1 and 2 exhibit the next smallest DR volume, at 13%, with a
25
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Fig. 4: FIR for the clusters obtained based on their average
response and variability in the response.

TABLE II:

95%
5% QUANTILE OF THE DENSITY

DISTRIBUTION OF THE GROUPS ABOVE THE

QUANTILE AND UNDER THE
OF WEIGHTS FOR EACH

IC

TABLE III: DISTRIBUTION OF THE CLUSTERS ABOVE
95% QUANTILE AND UNDER THE 5% QUANTILE OF
DENSITY OF WEIGHTS FOR EACH IC
(a) under the 5% quantile

(a) under the 5% quantile
IC #
Group
Group
Group
Group

3
4
5
6

1

2

3

4

5

6

7

8
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10

IC #

33
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2
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5
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1
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4
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3
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5
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4
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Cluster
Cluster
Cluster
Cluster
Cluster
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4
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2

9
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3
5
0

1
8
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14

8
30
3
6
3

7
19
15
4
5

23
20
6
0
1

1
11
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13
7
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17
2
4
0
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12
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1

(b) above the 95% quantile
IC #
Group
Group
Group
Group

3
4
5
6

THE
THE

1

2

3

4

5

6

7

8

9

10

12
20
4
14

9
27
1
13

10
10
0
30

7
26
0
17

19
15
7
9

6
17
6
21

15
17
7
11

11
20
6
13

8
27
1
14

31
9
3
7

long-lasting response (85 min. for cluster 2 and 175 min. for
cluster 1) followed by no significant rebound.
Cluster 3 delivers 24% DR, with maximum delivery after 15
minutes. It exhibits a slow but larger rebound after 85 minutes.
The most homogeneous cluster, composed mostly of group
6 houses, is cluster 5, which delivers by far the most DR.
Its DR amplitude reaches 72% of its maximum load, with a
delay of just 10 minutes, signifying that this small cluster is
composed of high performing houses. It does not present any
rebound effect after the DR event. This result tentatively confirms the order of response from not much responsive (cluster
1) to large response (cluster 5) observed in Section IV-A.
C. Response Characterization Results
The ICA has been implemented on a single day; Tuesday the
6th of January 2015. After whitening the consumption timeseries using PCA, the I=10 first principal components are
kept to perform the ICA. The ten first components of the PCA
collect 72% of the total variance of the data. The decomposition of the signals into ICs separates the independent observed
behaviors of the loads. In other words, any load generated by
a household (i.e. real or fictive) with the characteristics of the
pool of households used to generate the ICs can be represented
as a linear combination of the ICs as presented in (4). ICA
projects each load pattern into a space with the ICs as a base
of dimension I.
It is important to note that the ICA does not prioritize an
IC over another when generation the base, which means that
the ICs cannot be ranked according to a specific metric (e.g.
% of explain variance in the case of PCA). The IC, when
represented, corresponds to one possible direction (positive
weights) of the base vector, which makes the interpretation
non-direct. The extreme 5% quantiles (above 95% and under
5%) of the density distribution of weights, which correspond to
the most contributive points, are analyzed for each IC (Table II
& III) to evaluate which groups and which clusters contribute
highly (positively or negatively) to each IC.
From Table II, Figure 5 and the knowledge gathered about
the possible settings of the different equipment, an interpretation of the IC numbers 3, 4 and 9 is given.
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1

2

3

4

5

6

7

8

9

10

16
17
4
13
0

13
24
3
8
2

0
10
14
8
18

23
16
7
3
1

9
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7
12
1

10
19
11
3
7

1
24
13
7
5

26
22
2
0
0

13
28
3
5
1

6
19
6
19
0

A close look at IC 3 reveals that the load described by
the component responds for every RTP variation, inversely if
the weights is positive (above 95% quantile) or following if
the weight is negative (under 5% quantile). From Table IIa,
groups 3 and 4 are the one following the variation of the price.
From Table IIb group 6 is the one reacting inversely to every
variation of the price.
IC 4 has a pattern which is totally independent from the
price. When the weight is positive, it displays an increase of
the consumption from 08:00 to 12:00. When the weight is
negative, it is the opposite, the consumption drops from 08:00
to 12:00. This pattern seems to depend on the presence of
somebody during the day (positive) or an ‘economy setting’
(negative).
IC 9 displays a rebound, it anticipates the peak in price
(at 07:00) by heating up and using the thermal inertia of the
dwelling and cuts heating for the next two hours and half
(positive weight) or inversely (negative weight). This is a sign
that the controller makes its decision based on information
obtained from the day-ahead price or hour-ahead price. The
results from Table II clearly shows that groups 6 and 4 are
both divided almost into the same proportion between large
positive and large negative weights. It is also interesting to
note that both groups are equipped with electric heating.
The results shown in Table III are not as clear as the one
in Table II but some tendencies can be observed. On IC 3,
the most negative weights are mostly from clusters 1 and 2
and the highest positive are from clusters 3, 4 and 5 which
confirm their active response (on this date). On IC 4, the largest
positive weights are from clusters 1 and 2 which have the
largest share of standard houses. On the negative side, the
clusters 3 and 5 which have the largest shares of summer
houses. Clusters 1 and 2 combined are approximately in the
same numbers under 5% and above 95%; it is a consequence
of the composition of these clusters which have a majority
of households from groups 4 and 6 which presents the same
cleavage into half rebound before and half rebound after.
The analysis was also run on the type of housing and only
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Fig. 5: Representation of the IC number 3, 4 and 9 with the
RTP in the same period (06-01-2015)
IC 4 splits clearly between summer houses (negative) and
standard houses (positive), which confirms that IC 4 pattern is
an ‘economy setting’. It also rejects the idea that the type of
housing is a factor facilitating the response to a small variation
of price, which corresponds to IC 3.
It appears that ICA provides meaningful results when studied in details.The IC 3, 4 and 9 illustrate three different types
of observed behaviors, response to RTP (IC 3), setting of
the controller by the user (IC 4),and anticipation of a price
variation due to controller scheduling (IC 9). The other ICs
expose other various behaviors.
V. C ONCLUSION AND F UTURE W ORK
The results from the clustering (Section IV-A) combined
with the results from the FIR analysis (Section IV-B) and the
ones from the ICA (Section IV-C) investigate the problem from
2 different angles. The first one intends to give an overall
estimation of the average response of the households along
the heating season as well as the variability by categorizing
them and quantifying the response of each cluster. The second
aims at characterizing the response as a linear combination
of independent signals (i.e. IC). This way the details of the
response of each household can be comprehended as the sum
of different load behaviors resulting from interactions with the
inhabitants, heating scheduling or response to price incentives.
Combining this information provides valuable insights for a
system operator who might want to activate different clusters
at different times to deliver a more finely-tuned response than
activating a single cluster would achieve.

The ICA has shown promising results for this specific
application and it could theoretically be used to create specific
aggregated responses by sampling households with specific
weights. The FIR analysis can actually be used as a validation
tool after sampling process, as it uses historical data and
models the response of a pool of households. Subsequently,
different prices could be sent to households to obtain a
predefined aggregated load. This approach assumes a certain
stationarity of the time-series which is known to not be true
when looking at single consumption time-series, but which
can be an acceptable assumption when looking at aggregated
consumption time-series. In the continuity of this idea, a
unit commitment model with different prices per subgroup of
households could be implemented to evaluate the benefit of
broadcasting different prices.
The drawback of ICA is that is does not produce good
results on long time-series. An extensions of this work could
be to implement an online ICA or a similar method which
would provide results on the entire period instead of only one
day.
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