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1 Introduction

1.1 De nition

Non-Intrusive Load Monitoring (NILM), also called energy disaggregation, is a method to estimate
the energy consumption of individual appliances within a building using a single point measurement,
the smart meter or digital meter. This method is called non-intrusive because it only requires one
measurement of the aggregated consumption at the base of the building. In comparison, Intrusive Load
Monitoring (ILM) requires a measurement device for each load to monitor, which can be expensive,
inconvenient, and laborious to maintain.

1.2 Motivations

Today, the electric power system must be adapted to integrate an increasing proportion of Renewable
Energy Sources (RES) into the energy mix and to handle the evolution of electricity consumption. Tra-
ditional electrical grids are evolving into smart grids, which are advanced electricity networks capable
of automatically monitoring and adjusting energy ows to optimize the production, transportation,
and consumption of electrical energy. Enhancements at the residential level are essential for optimizing
the power system as residential consumption represents 29.6 % of nal energy consumption in Europe
in 2021 [1]. In this context, deploying a successful NILM algorithm could have many bene ts. The
main ones are listed below.

One of the key bene ts frequently highlighted in the literature is NILM’s ability to provide residen-
tial consumers with detailed insights into their energy usage. Speci cally, NILM can inform residential
consumers about their energy consumption and the exact contribution of each appliance to it without
the need for a sub-metering device for each appliance. In general, energy consumption feedback has
been shown to positively in uence consumer behavior, leading to reductions in both overall energy use
and electricity bills. These reductions bene t not only consumers but also the environment. In [2], the
authors review studies that evaluated the impact of energy feedback on residential consumption. The
review shows that savings range typically between 5% and 20%. Unlike total consumption feedback,
NILM provides appliance-speci c¢ feedback, which can enable more personalized recommendations, as
suggested by [3], potentially leading to even greater reductions in energy use. However, there remains a
lack of studies that fairly compare the impact of aggregated versus disaggregated feedback, as discussed
in [4] and [5]. Additionally, more research is needed to clarify the long-term e ects of energy feedback
on the general population (not just energy enthusiasts) as discussed in [2]. With the recent rise in
energy prices across Europe, growing public awareness of climate change, and the ease of transmitting
energy data from smart meters to smartphones via apps, disaggregated feedback has the potential to
lead to great energy savings. Moreover, the medium and presentation format of energy feedback can
in uence its e ectiveness. For example, in [6], the authors propose feedback incorporating normative
comparisons, showing users their energy consumption in relation to similar households, to enhance
engagement. Following their systematic review, the authors in [5] recommend further studies on the
impact of energy feedback delivered through smartphones and tablets to better integrate these prac-
tices into consumers’ daily routines.

Energy disaggregation can also help develop residential exibility. Residential exibility is the
adjustment of residential consumer consumption in response to an external signal (electricity price,
operator request, etc.). This exibility is more and more needed with the increasing proportion of
renewable energy (RE) in the electricity mix. Indeed, as the production of RE assets cannot be con-
trolled, the consumption must be adjusted to satisfy the adequacy requirement of equality of produc-
tion and consumption. Residential exibility is also necessary at a local level; with the electri cation
(e.g., increase of Electric Vehicle (EV) and Heat-Pumps (HP) ) and the deployment of Distributed
Energy Resources (DER) (like PV panels), the local electric grid cannot support the new peak in



power consumption or injection. These peaks in power injection lead, for example, to the well-known
photovoltaic panel disconnections due to overvoltage. To avoid such consequences, these peaks must
be shaved until a reinforcement of the grid. In this context, energy disaggregation can be useful in
estimating the potential of the demand response. By decomposing the known total residential con-
sumption into appliance consumption, the proportion of exible loads such as EV charging, boiler,
washing machine, dishwasher, and less exible or non- exible loads such as TV, computer, and cook-
ing appliances can be estimated. Still, for the development of exibility, energy disaggregation can
be useful to analyse the impact of external signals like requests for consumption reduction or implicit
incentives like Time-of-Use (ToU) tari s *.

NILM can also be useful for improving the consumer load pro le, detecting faulty appliances, and
monitoring elderly people.

1.3 Objectives

The objectives of this document are threefold. The rst objective is to provide a clear and com-
prehensive overview of most of the existing NILM methods. By reading this document, one should
have a general understanding of the energy disaggregation problem and its associated challenges. It
is designed to be a helpful start for anyone interested in NILM, no matter the context. The second
objective is to present disaggregation algorithms that appear to be the most adapted for residential
energy disaggregation in Belgium. In particular, the algorithms must be adapted to the Belgian smart
meter in deployment by the Distributed System Operators (DSOs) over all three regions of Belgium.
The third objective is to identify the barriers to deploying NILM methods in Belgium and propose
actions and future research orientation to tackle these barriers.

The remainder of this document is structured as follows. Section 2 explores the core principles
and main categories of NILM methodologies, laying the foundation for understanding the various
approaches to energy disaggregation. This section provides the theoretical introduction necessary for
grasping the nuances of subsequent sections. Section 3 o ers a comprehensive review of NILM methods
found in the literature. This detailed review aims to give readers a thorough understanding of the
current state-of-the-art in NILM research. Section 4 describes popular metrics and datasets from the
literature. This section helps to understand how di erent NILM methods are assessed and compared,
providing the tools to evaluate NILM implementations critically. Section 5 outlines the characteristics
of the Belgian smart meter, explaining its specic features and limitations. Section 6 details our
personal implementation of NILM deep learning models tailored for residential energy disaggregation
in Belgium. It describes the technical approaches used and the results obtained. Finally, Section 7
presents the conclusions of this report. It includes our recommendations for overcoming the barriers
to the deployment of NILM in Belgium and suggestions for future research directions.

I\Time-of-use network taris (or tari time elements) mean charges for network service(s) that vary according to
when the service is used (e.g. by peak/o -peak, season, month, weekdays/weekends, hour). They could take di erent
forms depending on the basis used for charging: Energy-based: EUR/kWh in period t or Power-based: EUR/KW in
period t. Time-of-use charges give signals to network users to use the network less in some periods in the day, week,
or year and use it more in other periods. The charges should be higher in periods when network utilisation is closer
to the technical limits and lower otherwise." from ACER's report on Electricity Transmission and Distribution Tari
Methodologies in Europe and Distribution Tari Methodologies in Europe (2023) [7].



2 Core principles and methodologies

This section outlines the core principles and methodologies of NILM. It begins with a description of the
energy disaggregation problem, followed by a discussion on load categorization. A taxonomy of NILM
methods is then presented, covering event-based and event-less methods, supervised and unsupervised
methods, and regression and classi cation approaches. The section concludes with an overview of the
pre-processing steps necessary for preparing data for NILM algorithms.

2.1 Problem description

NILM can be described as the task of estimating the energy consumption of individual appliances
within a household by analyzing an aggregated energy signal measured by a single sensor, typically a
smart meter. The smart meter records the total active power consumption at regular intervals (time
steps). The total energy consumption over a period is the product of power consumption and tinte

At any given time t, the aggregate active powerPy, (t) recorded by the smart meter is the sum of
the power consumed by each applianc®; (t), plus an error term e(t), which accounts for measurement
noise and line losses. Mathematically, this relationship is expressed in equation (1), witim the total
number of appliances in the household.

xn
Potal ()= Pn(t)+ e(t) 1)
n=1
Thus, the NILM problem can be framed as recovering the individual appliance power consumption

Pn(t) from the aggregate powerPyy (t) measured at each time step. Despite the simplicity of this
formulation, energy disaggregation is a highly challenging problem. Even the most advanced algo-
rithms fail to perfectly estimate the power of each appliance. To better understand how an algorithm
estimates appliance consumption, it is crucial to rst comprehend how appliances consume power and
contribute to the aggregate signal. Figure 1 illustrates the decomposition of the aggregate power into
the individual appliance power components.

2The relationship between power and energy is given by E = P T, where E is the energy in joules, P is the power
in watts, and T is time in seconds. One watt-hour equals 3600 joules. For example, if a household has an average power
consumption of 5 kW over the course of one hour, the total energy consumption would be 5 kWh.



Figure 1: lllustration of the energy disaggregation concept.

2.2 Load categorization

In the literature, most authors split appliances into three categories according to their operating cycles.
The operating cycle of an appliance is the variation of the power drawn by the appliance during its
running time. Those categories consider the steady state power of the appliance, not the transient
(i.e., the short period following the switching of an appliance) or the instantaneous small variation of
power. The three categories are the following:

1. Two-state appliance or ON/OFF appliance. The two-state appliances are the appliances that
can only be in two states: ON or OFF. When these appliances are ON, they draw a xed amount
of power. An example of a two-state appliance is a kettle.

2. Multi-State (MS) appliance. The multi-state appliances are the appliances that can be in multiple
ON states. Each ON state draws a di erent amount of power. Examples of MS appliances are
ovens, dishwashers, and washing machines.

3. Continuously Variable (CV) appliance. The continuously variable appliances are the appliances
whose power consumption varies continuously when running. A Variable Speed Drive (VSD) is
an example of a CV appliance. VSD is a device that can control the speed and torque of an
electric motor. VSD can be used for elevators.

The three categories of appliances are illustrated in Figure 2.



Figure 2: Load categorization with operating cycle. (1) two-state appliance, (2) multi-state appliance,
(3) continuously variable appliance.

Figure 3 and Figure 4 display the actual measurement of two two-state appliances, a kettle and a
fridge. In Figure 4, the power spikes observed just before each ON state of the fridge are clear examples
of transients. As previously discussed, transients are typically not considered in load categorization.
The small power spikes (below 20 watts) are disregarded due to their minimal impact on total en-
ergy consumption. If these spikes were more signi cant, the fridge could be classi ed as a multi-state
appliance. Figure 5 displays the actual measurement of a multi-state appliance, an oven. Obviously,
appliances do not consume perfectly constant power due to various physical factors related to both the
grid and the appliance itself. For this reason, small instantaneous variations in power consumption are
typically not accounted for in appliance categorization.

Figure 3: Measurement of a kettle operating cycle from UK-DALE dataset.



Figure 4. Measurement of a fridge operating cycle from UK-DALE dataset.

Figure 5: Measurement of an oven operating cycle from UK-DALE dataset.

From these examples of operating cycles, it is already evident that di erent appliances exhibit dif-
ferent characteristics. The power of the states, the duration of the states, the succession of the states,
and the transient are all di erent. Thanks to these speci ¢ characteristics, NILM methods can detect
and disaggregate individual appliances from the aggregate energy consumption. In NILM, the distinc-
tive pattern and characteristics of consumption of an appliance are called the "load signature". These
load signatures are essential for NILM methods. They are often based on active power measurement,
but not exclusively. Load signatures can be based on di erent kinds of measurements. Some of them
are listed below.

" Power consumption. Signature can be based on the active, reactive, and apparent power signals.
The active power (P) measured in Watts (W) is the power consumed by an electrical device
to perform work. This power will be transformed into heat, light, or movement. The reactive
power (Q) measured in volt-amperes reactive (var) quanti es the energy alternately stored in
and released from magnetic elds (within inductors) or electric elds (within capacitors). This



storage and release of energy induces a phase lag between voltage and current. The apparent
power (S) measured in volt-amperes (VA) is the product of the current and voltage in an AC
circuit. It represents the total power owing through the circuit, including active and reactive
power. Figure 6 represents on a (P, Q) plane 5000 switching events from the REDD dataset
(see Section 4.1). As illustrated in Figure 6, certain appliances solely consume active power,
while others consume both active and reactive power. Appliances consuming only active power
are considered purely resistive. Resistive appliances include bread toasters, electric boilers, and
electric heaters. Conversely, appliances that consume reactive power are typically inductive and
characterized by internal windings. Common examples are microwaves and washing machines.
Capacitive appliances, which generate reactive power, are relatively rare. The mathematical for-
mulations of active, reactive, and apparent power (S) are given in equations (2), (3), (4). In these
equations, indicates the phase lag between voltage and current. Where is positive when the
current lags behind the voltage (as in inductive circuits) and negative when the current leads the
voltage (as in capacitive circuits). This phase lag is due to inductive or capacitive components
in the electric circuit. Vims and I ms are the rms voltage and current.

P = Vrms |rms Ccos (2)

Q = Vims Ims sin (3
P

5= P+ Q2 @

Current and voltage characteristics. The current and voltage waveform, magnitude, and phase
angle generated by an appliance when it is in use can be used as a signature.

Transient events. The transient is the short period following the switching of an appliance.
During this period, the quick changes in energy consumption are unique for every appliance and
depend on the physical characteristics of the appliance. Figure 4 shows an example of a transient.
Indeed, when the fridge is switched ON, a power spike occurs before the power reaches steady
state.

Harmonic components. Harmonics in an electrical signal are voltage or current waveforms whose
frequencies are integer multiples of the fundamental frequency (50 Hz in Europe and 60 Hz in
North America). The harmonics appear when the relationship between voltage and current in
the load is not linear. The harmonics are potentially unique for each appliance and can thus be
a way to distinguish appliances in the aggregated signal.

The accuracy of a NILM method depends heavily on the kind of signature and the algorithm used

to detect and disaggregate them. The selection of a specic load signature for NILM applications is

determined by the capabilities of the smart meter. For instance, signatures that rely on harmonics or

the current waveform require a smart meter capable of very high-frequency sampling. At 50 Hz (i.e., 50
cycles of current per second), the sampling frequency must be at the kHz level to capture the current
waveform. Conversely, signatures focusing on steady-state power consumption can be identi ed with
smart meters that sample at lower frequencies with a sampling period ranging from approximately one

second to fteen minutes. Additionally, using signatures based on speci c signals like reactive power
or current necessitates the availability of these signals in the digital meter. Today, modern smart

meters like the Belgian smart meterss211 (see Section 5) measure active power and other signals at
a frequency of 1 Hz [8].
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Figure 6: Switching event from REDD dataset represented on a (P, Q) plane from [9].

2.3 Taxonomy of NILM Methods

The literature presents a wide variety of algorithms and approaches to address the challenge of energy
disaggregation. These methods can be categorized in several ways, and no single taxonomy can fully
capture all the characteristics of NILM techniques. In this document, NILM methods are classi ed
according to three dimensions: whether they are event-based or non-event-based, whether they use
supervised or unsupervised learning, and whether they are designed for classi cation or regression
tasks. In theory, all combinations of these categories are possible, and a speci ¢ algorithm may fall
into di erent categories depending on its implementation. For instance, an algorithm could be used in
an event-based classi cation context in one study, and in an event-less regression context in another.
These categories are further detailed in the following sections, with representative examples discussed
in the algorithm review in Section 3.

2.3.1 Event-based and event-less methods

Event-based NILM methods focus on detecting and identifying events. An event is a signi cant change
in the aggregate power (or current) signal. A change (increase or decrease) above a certain threshold
in the power signal indicates that an appliance has been switched ON or OFF or has changed its
power state (for multi-state appliances). Once an event is detected, the signature linked to this event
is extracted. After that, an appliance identi cation algorithm uses the signature extracted to identify
the appliance responsible for the event. Finally, with knowledge of the appliance and its operational
state, the appliance's power (and thus consumption with operation time) can be estimated. The main
steps of an event-based NILM method are summarized below:

1. Data acquisition

11



. Data pre-processing

. Event detection

2
3
4. Event signature extraction
5. Appliance identi cation

6

. Energy disaggregation

On the other hand, eventless methods do not depend on the detection of events. Instead, they ana-
lyze the entire consumption signal. The overall aggregated data is usually divided into smaller sections
to reduce the computational requirement. These sequences of aggregated power are disaggregated one
by one by the algorithm. The steps of an event-less NILM method are summarized below:

1. Data acquisition
2. Data pre-processing

3. Energy disaggregation

The rst two steps, data acquisition and pre-processing, are common to event-based and eventless
methods and, thus, to every NILM method. In the data acquisition step, the digital meter measures
and records the aggregated consumption of the building. In the data pre-processing step, the data
is prepared in an optimal format for the next steps of the methods. Further details about the pre-
processing step are provided in Section 2.4.

2.3.2 Supervised and unsupervised methods

Supervised and unsupervised methods di er from each other in the kind of data needed for training
and selecting the model's parameters. In supervised methods, a labeled dataset is required for training.
In the context of NILM, a labeled dataset is a dataset that contains the aggregated consumption of the
building as well as the consumption of the appliances present in the building for the same period. A
labeled dataset contains, at the same time, the input of any disaggregation algorithm (the aggregated
data) and the target (the consumption of the appliances). These datasets are the main limitation of
the development and implementation of supervised methods, as they are complex to obtain. To obtain
a labeled dataset, the consumption of each appliance must be measured by a sensor while at the same
time, the total consumption of the building is also measured at the smart meter level. Open-access
labeled datasets exist for research purposes, but due to the complexity of the measurement campaign
necessary to obtain the labeled datasets, their number, size, and diversity are limited. Some of them
are detailed in section 4.1.

On the other hand, unsupervised methods do not require labeled datasets to adjust their param-
eters, which is their main advantage. Nevertheless, information about consumption is still needed to
tune the algorithms. The minimum information necessary is the number of states of each appliance
and the mean power level associated with each state. More advanced algorithms may need separate
measurements of each appliance's consumption. Those appliance consumptions can be measured sep-
arately, in contrast with labeled datasets where the appliance and the aggregated consumptions must
be measured during the same period at the same timestep. Data for unsupervised methods are easier
to obtain, but measurement campaigns are still necessary.

Semi-supervised methods use labeled and non-labeled datasets to train their parameters. Thus,

they can use all the available data for their training to increase their performance and generalization.
Semi-supervised methods are rare in the literature. An example of semi-supervised methods is detailed

12



in section 3.5.6.

Finally, supervised, unsupervised, or semi-supervised methods require labeled datasets for testing.
Indeed, the only way to assess an algorithm's performance is to test it on aggregated data from which
the actual consumption of individual appliances is known. This true consumption is often called the
ground truth. Thus, a labeled dataset is necessary no matter the method, and new measurement
campaigns to create a labeled dataset are necessary, as discussed in this document.

2.3.3 Classi cation and regression methods

In the introduction, we de ned NILM as a method to estimate the consumption of individual appli-
ances from a single-point measurement, the smart meter. However, in non-intrusive load monitoring,
the monitoring of appliances can be limited to determine whether an appliance is operating or not.
Identifying if an appliance is ON or OFF is a classi cation problem, while estimating the appliance's
energy consumption in kWh is a regression problem. The objectives, implementation strategies, and
performance metrics for these two approaches di er signi cantly. Some of these metrics are detailed in
section 4.2. Both event-based and eventless methods can do classi cation and regression. For event-
based methods, the appliance identi cation step is a classi cation problem. After classifying an event,
the consumption can be estimated by considering the power of the appliance to be constant and equal
to a known value during the time of use of the appliance. In the literature, most event-based methods
focus only on the classi cation problem, as the performance for regression tends to be lower. Choosing
a regression or classi cation method depends only on the goal behind the NILM implementation.

2.4 Pre-processing

As discussed in Section 2.4, the pre-processing step is a crucial component common to all NILM meth-
ods. The primary objective of this stage is to transform raw measurements obtained from smart meters
into a format that is optimal for the subsequent stages of the NILM process. The speci ¢ operations
performed during pre-processing depend on both the quality and characteristics of the data as well
as the requirements of the disaggregation algorithm. Consequently, the extent of pre-processing may
vary, ranging from basic data cleaning to more complex transformations. Below is a non-exhaustive
list of typical operations that may be performed during the pre-processing phase.

Handling of missing data and handling of outliers. Missing data and outliers (aberrant values of
consumption) can be lled in by interpolation methods, by a copy of the previous data, or can
be ignored.

Noise reduction. Filters and moving averages can be used to keep, for example, only the steady-
state features.

Re-sampling. The sampling frequency of the data measured by the smart meter can be reduced
to a frequency adapted to the method used.

Feature Scaling or Data Normalization. Machine learning and deep learning models are widely
used to address the NILM problem, as discussed in Sections 3.4 and 3.5. Feature scaling adjusts
the data values to ensure consistent input for these models. Common methods include z-score
normalization, min-max scaling, and robust scaling. For example, z-score normalization adjusts
the data to have a mean of zero and a standard deviation of one. These techniques help ensure
that di erent features contribute equally to the model training process [10], [11], [12].

Feature engineering. Feature engineering is the creation or extraction of new features from
existing ones. For instance, the aggregated current signal can be transformed from the time
domain to the frequency domain with the Fourier transform for harmonics analysis. Another
example can be calculating apparent power from the voltage and current.

13



Balancing. Machine learning models tend to perform poorly on unbalanced datasets [13]. In
the case of NILM, if an appliance is ON a tiny portion of the time in the training data, the
model will tend to predict this appliance as always OFF. The solution to this problem can be to
increase the proportion of the running appliance in the dataset. It can be done by oversampling
the operating period of the appliance or undersampling its OFF period.

Data segmentation. As explained before, event-less methods cannot process the entirety of the
sequence of aggregated consumption at one time. The long sequence can be reduced into shorter
sequences or windows of aggregated consumption. These sequences are then treated sequentially
by the algorithm.

14



3 Algorithms review

This section presents a comprehensive overview of most of the existing NILM algorithms. Compared
to other reviews like [14] and [15], this review expands on the functioning of these algorithms in greater
detail. A better comprehension of how the NILM methods work allows the reader to make better and
more justi ed choices of algorithms given a particular situation. This detailed review is also more
comprehensive for less advanced readers in NILM.

This section is structured as follows: Sections 3.1 to 3.7 each present a distinct class of NILM
algorithms. Section 3.1 introduces Hart's pioneering algorithm, which laid the foundation for NILM
research. Section 3.2 explores optimization-based algorithms, which frame NILM as a mathematical
optimization problem. Section 3.3 delves into Hidden Markov Models (HMMs) and their extensions,
which leverage probabilistic modeling to infer appliance states. Section 3.4 reviews traditional machine
learning approaches, followed by Section 3.5, which focuses on deep learning techniques, including
neural networks and advanced architectures. Section 3.6 discusses methods based on voltage-current
(V-1) trajectory analysis, which exploit the electrical characteristics of appliances for disaggregation.
Finally, Section 3.7 covers less common or emerging NILM approaches and tools that do not t into
the previous categories. For each class of algorithms, this review rst outlines the general methodology
and governing equations applied to NILM. Then, key implementations from the literature are brie y
described as illustrative examples. As will be demonstrated, each algorithm class allows for a variety
of implementations, exhibiting diverse levels of complexity and performance.

3.1 Hart algorithm

In 1992, George W Hart introduced the concept of NILM [16]. In his paper, Hart described most of
the NILM concepts like a signature (steady state, transient, harmonics), appliance type (ON-OFF,
MS, continuous), etc., that are still discussed today in state-of-the-art papers. In addition, Hart
proposed a simple NILM algorithm based on step-change detection in active and reactive power signals.
The algorithm detects power change between steady-state periods. If the change is below a certain
threshold, it is discarded. If not, the algorithm tries to match it to a known appliance model. If
there is no close match, the change is ignored. After a step-change is successfully associated with
an appliance, the appliance's energy consumption is calculated based on the running time and the
power level. This rst implementation has many limitations. For instance, it is limited to two-state
appliances and cannot e ciently detect di erent appliances with the same power step-change.

3.2 Optimization algorithms

The methodology behind optimization-based NILM is to represent the energy disaggregation problem
as an optimization problem, where the objective is to minimize the di erence between the aggregated
measured power and the sum of the estimated power consumptions of individual appliances. This
method does not need a labeled dataset. The only information needed is the number of appliances in
buildings, the di erent possible states of each appliance, and the power associated with these states.
This information can be extracted by taking measures on the appliances only, or it can be asked from
the manufacturer. It is easy to add new appliances to the algorithm. Often, the power states of
an appliance are extracted by applying clustering algorithms like K-means on appliance consumption
measurements (section 3.4.1).

The optimization problem can be represented as follows. Consider a building with a nite number
of appliances. These appliances are type 1 (two-state appliances) or type 2 (multistate appliances).
The multistate appliances are divided into multiple virtual two-state appliances, one virtual appliance
for each running state of the MS appliance. The building is now composed ah two-state appliances,

15



each with a power consumptionp; > 0. The aggregated power at the time stepn, P[n], can be
represented with the equation (5).

xo
PInl=  xi[n]pi + e[n] (®)
i=1
Where x;[n] is the status of the ith appliance at the time step n: x; = 0 if the ith appliance is OFF

and x; =1 if the ith appliance is ON. The objective function of the optimization problem can then be
formulated with equation (6): For each time step n, the disaggregation is done by nding the vector
of status x that minimizes the di erence between the aggregated power and the sum of the appliances'
power.

xn
argmin Pn] xi[n]pi [n] (6)

x[nl= xa[n]xz[n];:sx m[n] i=1

Most of the time, the objective function is formulated as the least-squares error, which penalizes

larger errors: |
2

0 !
argmin Pn] xi [n]pi [n] )

x[n]=xe[n]x2[n];nx m [n] i=1

This optimization problem is a combinatorial optimization problem because it consists of nding
the best solution from a nite set of possible solutions. Of course, it is supposed that one appliance
cannot be in two di erent states simultaneously. If the number m of appliances is very small, the
optimization problem can be solved by testing all possible solutions and selecting the one that mini-
mizes equation (6) or (7). As the number of appliances increases, the search space becomes too large,
and this method becomes intractable. Optimization algorithms are then used to try to nd the best
combination of appliances. The methods to nd the solution of the optimization are, for instance,
Linear Programming (LP), Integer Linear Programming (ILP), Dynamic Programming (DP), Genetic
Algorithms (GAs), or Evolutionary Algorithms. This basic implementation has two main weaknesses.
First, the non-uniqueness of solutions: multiple appliance combinations can produce the same aggre-
gated power, making it di cult to uniquely disaggregate the contributions of individual appliances.
Second, unrealistic switching behavior: the optimization objectives in equations (6) and (7) do not
inherently enforce realistic appliance operation constraints. As a result, the solution may exhibit high-
frequency switching, where an appliance turns ON and OFF at every time step, which contradicts
real-world behavior. In practice, most appliances have a minimum operating duration once switched
ON, a constraint that is not captured in this formulation. This initial simple implementation can
be improved by modifying the objective function, adding other objectives (Multi-Objective optimiza-
tion), or adding constraints to the optimization (constrained optimization). These implementations
can be classed generally as unsupervised and eventless implementations (see section 2.3). In this kind
of implementation, the output can be the energy consumption or the operational state of each appli-
ance. Thus, regression and classi cation metrics (section 4.2) can be used to estimate the algorithm's
performance.

Implementations from literature

This box summarizes key studies from the literature on the application of optimization
methods for NILM.

In [17], the authors compared two multi-objective NILM optimization methods. In the rst
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method, the two objectives are the minimization of the active power di erence (6) and the
minimization of the soft clustering distance (SCD) based on the Hamming distance. The
Hamming distance gives the number of elements in which two vectors di er. The minimization

of the SCD helps avoid an unrealistic number of appliance switchings. In the second multi-
objective optimization method, the two objectives are the minimization of the active power

di erence (equation 6) and the minimization of the reactive power di erence. To solve these
optimization problems, the authors used the Non-dominated Sorting Genetic Algorithm Il
(NSGA-II). In multi-objective optimization, the acceptable solutions form a Pareto front, and

a decision-making function is necessary to select one of these solutions. In the paper, adding 4
second objective improved the performance of the algorithms.

In [18], the authors proposed a multi-objective NILM optimization method with ve objective
functions using active power, reactive power, apparent power, currents, and harmonics. The
Moth Flame optimization algorithm (MFO) is used to solve the optimization problem. The
MFO is categorized as swarm intelligence or nature-inspired algorithms. In addition, the
Factorial Hidden Markov Model (see section 3.3) is used to determine the next possible state
of the appliances and reduce the complexity of the optimization. Indeed, some of the states
can follow a speci c order for multi-state appliances. For a washing machine, the spin-drying
never precedes the washing step.

In [19], the authors proposed a NILM optimization method that uses the amplitude and
phase of the fundamental current. The amplitude and phase are obtained by applying a fast
Fourier transform on the current signal (see section 3.7.6. The objective function is created
knowing that the sum of the real part of the appliance's current must be equal (with respect
to error) to the real part of the aggregated current and that the sum of the imaginary part of
the appliance's current must be equal to the imaginary part of the aggregated current. The
optimization problem is solved with an Arti cial Bee Colony algorithm.

In [20], the authors compared dierent state-of-the-art optimization-based algorithms on
the same dataset and with the same metrics. In this comparison, none of the algorithms
outperformed the others on all appliances.

In [21], the authors proposed an optimization-based algorithm for the industrial context. In the
industrial context, Variable Frequency Drives (VFD) are often used. VFDs are continuously
variable loads and are especially challenging for classical optimization-based algorithms, which
are more adapted to steady-state appliances. To tackle this challenge, the authors propose a
mixed-integer program that separately models CV load (type 3) and steady-state loads (type
1 and 2). In addition, temporal dependencies between the appliance and the state duration of
the appliance are used as constraints to improve the algorithm's performance.

In [22], the authors formulated the disaggregation problem as a Constrained Multi-Objective
Problem (CMOP). The two objectives are the sparsity and the disaggregation error. The con-
straints are appliance-speci c, like the number of state switches per operation. The optimization
problem is solved with a Constrained Multi-Objective Evolutionary Algorithm (CMOEA). As

it is a multi-objective problem, the authors select the solution with the lowest disaggregation
error from the set of solutions.

3.3 Hidden Markov Models

Hidden Markov models are widely used in the literature for energy disaggregation. To understand how
they work, it is rst essential to understand what a Markov chain is. A Markov chain can be de ned as
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a probabilistic model that represents a series of events, where the likelihood of each event is determined
solely by the state reached in the event before it. This memoryless property of the sequence is called
the Markov property. Most of the mathematical development in this section comes from [23].

Figure 7 represents an example of a Markov process or Markov chain with three statex{, x,, and
X3). In this process, the probability of each event depends only on the state of the previous event. The
Markov process can be represented by the transition matrix A in equation (8). A possible sequence of
events for this sequence can b&j] x3 xid x3d xgd X, etc. With this Markov process, it is
possible to have a sequence with two consecutive stateg because the probability ofx; to x; is 0.4.
However, having two consecutive statex, or X3 is impossible.

Figure 7: Representation of a three-state Markov process.

2 3
04 02 04
A=409 0 Q15 (8)
05 05 O

For the example presented in Figure 7, the probability of having the statex, at the time t +1
knowing the state is x; at the state t, is 0.2. Mathematically:

P(st+1 = Xzjst = X1) =0:2 9)

For a Markov process with an ensemble of possible states notedX = fxq;Xp;::;Xng, and a
sequence ofl states notedS = fs;;sy;:::;stg. The Markov property can be expressed by the equation
(10).

P(st+1 = XijS1;S2;:5St) = P(St+1 = XijSt) (10)

In long sequences, some states can be more present than others. Indeed, each state has a dif-
ferent probability distribution. The probability distribution of each state is given by the stationary
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distribution , also called the initial probability vector. This vector  can be estimated with very long
sequences ( the probability of each state is calculated by the number of occurrences of the state divided
by the total number of elements in the sequence). Mathematically, the vector is the left eigenvector
of the transition matrix A (equation 11).

A = (11)

A Hidden Markov model (HMM) is a Markov model where the sequence of statesS is non-
observable. The states of the Markov process are hidden. For a sequence of non-observable states
S (called the hidden sequence), there is always a sequence of observationsof the same size. In an
HMM, the observation at time t only depends on the hidden state at timet.

P(y: = 0ijs1;S2;:8t) = P(yr = Gijst) (12)

The probabilities of the observations given a hidden state are called emission probabilities. The
possible observations can be either discrete or continuous. If the observations are discrete, their
emission probabilities form the emission matrixB. An example of a Hidden Markov Model with three
possible hidden states X1, X2, and x3) and two possible observations ¢; and o,) is given in Figure 8.
The emission matrix for this HMM is given in equation (13).

Figure 8: Representation of a three-state HMM with two possible observations.

B = bl;l l:}1;2 bl;3
1 b bps

An example of a sequence of hidden states and observations in an HMM is given in Figure 9.

(13)
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Figure 9: Sequence of observations and hidden states in an HMM.

When modeling a process with an HMM, the idea is to be able to solve the following problem:
From a sequence of observable variable¥, nd the hidden sequenceS for which the probability of S
knowing Y is maximal. Mathematically:

argmax P(S = s1;8;::87)Y = y1;Y2;:0y71) (14)

S=s1:;82;S T
Thanks to Bayes's theorem, equation 14 can be rewritten in equation 15.

o P(YjS)P(S) _ P(S;Y)
s PEIM= 2o ey S, PO
Where P (SjY) is the conditional probability of S knowing Y and P(S;Y) is the joint probability
of Sand Y (the probability of both events S and Y occurring simultaneously). For a given sequence of
observationsY , the sequenceS that maximizes equation (15) is the same regardless of the denominator.
The denominator can thus be neglected. Given the particularity of the HMM, equations (10) and (12),
the expression can be rewritten again in equation (16).

(15)

.
argmax P(S;Y)= argmax P(s1)P(yijs1)  P(yis)P(sist 1) (16)
S=51;82;58 T S=51:;S2;S T t=2

In this equation (16), the term P (s;) is given by the initial probability vector , the terms P (s¢js; 1)
are given by the transition probabilities and the terms P (y;js;) are given by the emission probabili-
ties. Suppose the parameters of the HMM are known (i.e., the transition probabilities, the emission
probabilities, and the stationary probabilities). In that case, it is possible to calculate for a sequence
of observationsY the probability of each possible sequence of stateS. Then, the sequences with the
highest probability can be selected as the estimated true sequence. The probability of each possitse
sequence can be calculated e ciently with the forward-backward algorithm [24]. This way of estimat-
ing the sequenceS with Y is known as "brute force." The Viterbi algorithm [25] can be used to nd
the hidden sequences with the highest probability more e ciently without calculating the probability
of every sequence.

To determine the most probable sequencé§ of hidden states, the transition, emission, and stationary
probabilities must be known. If a labeled dataset is available, containing both the observationsy and
the corresponding hidden statesX, these probabilities can be estimated straightforwardly. However,
one of the most essential advantages of HMM is that it can be an unsupervised method. The parameters
of the HMM can be learned with only observations thanks to an Expectation-Maximization (EM)
algorithm. The expectation-maximization algorithm is an iterative optimization algorithm that can
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be used to estimate unknown parameters in a statistical model. It comprises two steps that will be done
iteratively until the convergence of the unknown parameters. The rst step is the expectation step (E-
step). Before the rst E-step, the model's parameters must be set with initial values. These values can
be set randomly or to an initial guess close to the actual value, thanks to previous knowledge. Setting
the parameters with previous knowledge increases the probability of converging to a global maximum.
During the E-step, the expected value of the log-likelihood function given the current parameters is
calculated. During the M-step, the model's parameters are updated to maximize the log-likelihood
calculated in the E-step. The likelihood function represents the probability of the observed data
given a set of parameters in a statistical model. Maximizing the log-likelihood (the logarithm of the
likelihood function) is equivalent to maximizing the likelihood function, but simpli es the calculation
and avoids numerical imprecision. The M-step adjusts the parameters to increase the likelihood of the
observed data under all possible hidden state sequenc& These two steps are done iteratively until
the convergence of the model's parameters. The expected log-likelihood of the observed and hidden
data is given by equation (17), where represents the model's parameters. In the case of the Hidden
Markov Model, the Expectation-Maximization algorithm used to estimate the unknown parameters is
called the Baum-Welch algorithm.

Q( new]) )= E[logP(Y;X]j new)jY; ] (17)

For energy disaggregation, the observed sequende of the HMM model is the aggregated consump-
tion measured at the smart meter. Each hidden state represents one possible combination of all the
appliance consumption states. Considering a building withM appliances, each withK power states,
the HMM model used to represent this building will have KM possible hidden states. The model will
already have 27 possible hidden states for only three appliances, with three states each. The transition
matrix will have KM KM elements (729 elements for three appliances with three states each). As
illustrated with this simple example, the complexity of the problem increases rapidly with the number
of appliances, and the problem quickly becomes intractable.

Factorial Hidden Markov Models (FHMM) are introduced to reduce the computational complexity
of HMM. In FHMM, there is not one sequence of hidden statesS but M sequences of hidden stateS .
S = fS;S82%;::;;SMg. In the context of energy disaggregation, each hidden sequence will represent
the evolution of the consumption of one of the appliances. An example of an FHMM process is given
in Figure 10.
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Figure 10: FHMM process with three hidden sequences.

With no additional constraint, an FHMM with M Markov chains, each with K possible hidden
states, is equivalent to an HMM with one Markov chain with KM hidden states. The complexity
of the model is reduced by considering an FHMM where the consumption state of one appliance is
independent of the consumption state of the other appliances. This means that the hidden state of
one Markov chain is independent of the hidden state of the other Markov chains. Mathematically:

W
P(siist 1) = P(si"ist" 1) (18)
m=1

Then, for an FHMM with M appliances, equation (16) can be rewritten in equation (19).
!

W Y Y
argmaxP (S ;Y)=argmax P(yijs;)  P(s1) P(yis))  P(s{"ist" 1) (19)
S S m=1 t=2 m=1
Where S = fS1;S2;::;;SMg, St = fsl;sl;istgand s, = fsl;s?;:sMg. For FHMM, the
exact E-step is computationally intractable, as noted in [23]. To approximate the inference, various

techniques have been proposed, including Gibbs sampling [26], structured variational inference, and
completely factorized variational inference [23].

The parameters that de ne an FHMM are the following:
" The number of Markov chains.

" The transition probability matrix A.

" The emission probability matrix B.

" The stationary state probability vector or initial state probability vector
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In the literature about the use of FHMM for energy disaggregation, the emission probabilities are
often considered continuous and modeled by Gaussian distributions [26],[27], [28], [29]. Supposiky
appliances andK pQuer states per appliance, the emission probability of the mth appliance is given
by BM N ( (M;" (M) Wwhere (M s of length K and contains the mean powers of the states
of the mth appliance, and (M js the precision (the reciprocal of variance) associated with these
consumption states. One of the principal advantages of NILM based on FHMM is that there is no
need for a labeled dataset to train the model. Authors use sequences of consumption of appliances to
learn the parameters of FHMM [28] or consider periods during only one appliance is operating [27],
[30]. The parameters of the FHMM are estimated using the following procedure: First, an HMM model
is created for each appliance, and the parameters of these HMMs are learned by EM or clustering [30]
from the measure of consumption of the appliances. Then, the parameters of the FHMM are calculated
by combining the parameters of the HMMs of each appliance. When the parameters are learned, the
FHMM can then be used to nd the consumption of each appliance from the aggregated consumption
data. A lot of variations of the FHMM to solve the energy disaggregation problem are proposed in the
literature; some of them are mentioned in the next paragraphs. Generally, FHMM for NILM can be
categorized as unsupervised and eventless, even though it can theoretically be supervised.

Implementations from literature

This box summarizes key studies from the literature on the application of Hidden Markov
Model methods for NILM.

In [26], the authors compared four Hidden Markov Models for energy disaggregation. The rst
one is a classical FHMM. The second one is a Conditional Factorial Hidden Markov Model
(CFHMM). CFHMM extends FHMM by allowing the use of additional features such as time
of day, time of the week, sensor measures, etc. In CFHMM, the transition probabilities are not
constant. They are conditioned by the additional features. The third algorithm is a Factorial
Semi-Hidden Markov Model (FSHMM), which allows the consideration of the state duration
of the appliances in the model. The fourth algorithm is a Conditional Factorial Hidden
Semi-Markov Model (CFHSMM) that combines the advantages of CFHMM and FHSMM. The
authors state that CFHSMM outperforms the three other models.

In [29], the authors proposed a Time-E cient FHSMM. This TE-FHSMM improved the
computational e ciency of classical FHSMM.

In [31], in order to reduce the di culties of inference with a large number of appliances, the
authors propose an approximate inference procedure that exploits the additive structure of
the disaggregation problem. Indeed, the observations (the aggregated data) are the sum of the
hidden appliance states. Their inference algorithm is called AFAMAP for Additive Factorial
Approximate MAP. In this algorithm, the authors constrain the posterior probability to have
only one appliance (or HMM) change state at a time.

In [30], the authors proposed to improve the performance of the FHMM disaggregation
algorithm by using both the active and reactive power as observations. The inference is made
by an alternative version of the AFAMAP algorithm proposed in [31].

In [28], the authors proposed a factorial hidden Markov model based on Adaptive Density Peak
Clustering (ADPC). ADPC is used to nd the consumption states of each appliance thanks to
measures of the appliance's consumption. With this information, an HMM is created for each
appliance and then combined in an FHMM. In the context of NILM, the principal advantage
of ADPC over other clustering methods like K-means is that the knowledge of the number of

23



clusters (i.e., the number of power states per appliance) is not needed.

In [32], the authors used Particle Filtering (PF) to infer the appliance states in an FHMM.
Particle Itering is used to overcome the shortcomings of the Bayesian approach, such as
Gibbs sampling, concerning nonlinear problems and non-Gaussian noise. This improved the
performance of the algorithm with nonlinear appliances like a dimmer or a drill.

In [33], the authors presented a super-state HMM for energy disaggregation. The super-state
HMM is a classical HMM, where each hidden state or super-state represents a possible combi-
nation of appliance states. In this con guration, the number of hidden states increases expo-
nentially with the number of appliances. The number of states is equal to ¥ for M two-state
(ON-OFF) appliances. This makes the problem intractable, and this is why authors usually turn
to factorial Hidden Markov Models (FHMM). Here, the authors presented a new sparse Viterbi
algorithm that took advantage of the sparsity of the matrix in the HMM. This new algorithm
can e ciently process sparse matrices. The appliance models are learned with prior appliance
consumption information and then combined into the super-state HMM. The main advantage
of this "super-state HMM" implementation is that it preserves load-dependence information,
where this information is lost in disaggregation with classical FHMM.

. J

3.4 Machine Learning

In the following sections, Machine Learning (ML) algorithms applied to the NILM problem will be
presented. There is often confusion between the terms Arti cial Intelligence (Al), machine learning,
and Deep Learning (DL). Thus, a de nition of these terms is given as an introduction to this section.

~ Arti cial intelligence is a broad area of computer science that focuses on creating programs that
can perform tasks that normally require human intelligence. An example of an Al program is a
rule-based system, also called an expert system. This program used a pre-de ned set of rules to
make a decision or solve a problem.

Machine learning is a subset of Al; it regroups the algorithms that can learn from data to perform
a task instead of being explicitly programmed to perform this task.

Deep Learning is a specialized subset of ML that relies on arti cial neural networks (ANNS)
with multiple layers to automatically extract and learn hierarchical representations of data.
While traditional ML models require manual feature engineering, deep learning can learn relevant
features directly from raw data. Neural networks with a small number of hidden layers are
considered shallow networks and are classi ed as ML, whereas those with many layers (deep
neural networks, DNNSs) fall under deep learning.

In section 3.4, machine learning algorithms that are not considered deep learning algorithms are
presented. In [34], the authors propose a comparative overview of di erent ML algorithms for load
classi cation in an event-based NILM method.

3.4.1 K-means clustering

The K-means algorithm is an unsupervised machine learning clustering algorithm. A clustering algo-
rithm is an algorithm that groups similar data into clusters. For K-means, the number of clusters is
set a priori and is equal tok. The algorithm's functioning is as follows: First, k cluster centers (called
centroids) are chosen randomly, and then the distance between those centroids and the points of the
training dataset is calculated. Euclidean distance is often used by default, but other distance metrics
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can also be used. Once all the distances are calculated, each point of the dataset is associated with
the nearest centroid to form clusters. Once the clusters are formed, new centroids are calculated as
the mean of the clusters' data points. The algorithm iterates through the two steps of calculating
distances and updating centroids until convergence.

In NILM, clustering algorithms are often used to obtain the di erent steady-state power consump-
tion of ON/OFF and Multi-State appliances, like in [30], [35]. Clustering algorithms can also be used
to group similar appliance signatures together in a classi cation algorithm.

Implementations from literature

This box illustrates key instances from the literature on the application of clustering methods
for NILM.

In [36], the authors presented a comparative analysis of eight unsupervised clustering algo-
rithms, including K-means, in the context of NILM. The NILM method used for the compar-
ison is event-based. After the detection of an event, transient features are extracted, like the
standard deviation and the variation of P, Q, and | during the transient. These features are
then used by the clustering algorithms to identify the appliance responsible for the event.

\ J

3.4.2 k-nearest neighbors

The k-nearest neighbors algorithm, or KNN, is a supervised machine learning clustering algorithm.
As it is a supervised algorithm, a labeled dataset is needed for training. In this case, the labels in the
dataset are the clusters assigned to each data point. The algorithm's functioning is the following: For
each new point, the algorithm calculates the distance (the Euclidean distance, for instance) between
the new point and the points of the dataset (called the neighbors). The neighbors of the new point
are then sorted by their distance. The new point belongs to the cluster that is in the majority among
the k nearest neighbors. The value ok has to be chosen carefully; a smalk leads to over tting, and

a big k leads to under tting. KNN can also be a regression algorithm. The regression output is then
the mean value of the k nearest neighbors.

Implementations from literature

This box illustrates key instances from the literature on the application of KNN methods for
NILM.

In [37], the authors used the nearest-neighbor algorithm for load classi cation on features based
on the wavelet transform (see section 3.7.6).

3.4.3 Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm primarily used for classi-
cation, but it can also be applied to regression. Given a labeled dataset, SVM identi es the optimal
hyperplane that best separates the classes. In a two-dimensional feature space, this hyperplane is a
straight line. The optimal hyperplane is the one that maximizes the margin, which is the distance
between the hyperplane and the closest data points from each class. In cases where perfect separation
is not feasible, some points may be allowed to fall within or on the wrong side of the margin|this

is known as a soft margin. When the data is not linearly separable, SVM can map it to a higher-
dimensional space where a hyperplane can e ectively separate the classes. In this transformed space,
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the hyperplane corresponds to a nonlinear decision boundary in the original space. This transforma-
tion is achieved by introducing additional features that are nonlinear functions of the existing ones.
The process of e ciently computing this transformation without explicitly increasing dimensionality

is known as the kernel trick. The concept of SVM is illustrated in Figure 11 from [38].

Figure 11: SVM concept for classi cation with two dimensional features from [38].

Implementations from literature

This box illustrates key instances from the literature on the application of SVM for NILM.

In [39], the authors used SVM to classify load based on features extracted from the V-I
trajectory of the appliance, like area under the curve, loop direction, self-intersection, current
span, etc.

In [40], the authors used SVM to classify load based on active power, reactive power, and
fundamental and harmonics of voltage and current.

\.

3.4.4 Decision Tree

Decision Tree (DT) is a supervised ML algorithm. It can be used for classi cation and regression.

A decision tree is composed of nodes. There are two types of nodes: the decision node and the leaf
node. The rst decision node is called the root node. At each decision node, the data is split into
two nodes by a condition. The condition is chosen during the training phase. The algorithm chooses
the condition with the most signi cant information gain. The information gain is calculated with the
formula 21. When all the elements of a node are of the same class, the node is called a leaf, and there is
no condition. When the training is complete, each new point will travel through the tree by following

the conditions. The new node is classi ed according to the class label of the leaf it falls into, typically
the majority class within that leaf. For regression, the output is the mean value of the mean node.
Figure 12 illustrates the decision tree concept. The mathematics developments and the Figure in this
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section were inspired by Sujan Dutta's work.

X
Entropy = pilogz(pi) (20)

X
IG = Entropy (parent) Entropy (child; )w; (22)

Figure 12: Decision tree concept for classi cation with two features (x and y)

Entropy is a measure of information in a state; a high entropy indicates that a state contains little
information. In equation (20) p; is the probability of class i. At the root node, in Figure 12, the
probabilities of class 0 and 1 are both 0.5. Still, in Figure 12, at the root node, the entropy is 1
because the probability of belonging to class 0 or 1 is the same. During training, the condition that
gives the highest information gain is chosen. The information gain in equation (21) is the di erence
between the entropy of the parent node and the weighted sum of the entropies of the children nodes.

Implementations from literature

This box presents notable cases from the literature on the use of DT methods for NILM.

In [41], the authors use a decision tree in an event-based disaggregation algorithm for load
classi cation using the change in active power as a feature.

In [42], the authors use DT for load classi cation with the active, reactive, and apparent power
change as features.

\.

3.4.5 Random Forest

Random Forest (RF) is a supervised machine learning algorithm used for both classi cation and re-
gression tasks. It enhances the decision tree algorithm by creating an ensemble of trees. The process

3https://github.com/Suji04?tab=repositories
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begins by generating multiple datasets from the original dataset through random sampling with re-
placement. For each of these new datasets, a decision tree is built. During the construction of each
tree, a random subset of features is selected to split the nodes, which adds another layer of random-
ness. Once all the decision trees are trained, each new data point is passed through every tree in the
forest. For classi cation tasks, the nal class of the new data point is determined by the majority vote

of the trees' outputs. The predicted value for regression tasks is the average of all the tree outputs.
This ensemble method signi cantly reduces the risk of over tting compared to a single decision tree,
providing more robust and accurate predictions.

Implementations from literature

This box presents notable cases from the literature on the use of the RF methods for NILM.

In [43], the authors employed Elliptical Fourier Descriptors (EFD) to analyze the contour of
a VI trajectory derived from an event in the aggregated data. They then utilized a random
forest algorithm to classify the event as a speci ¢ appliance, using the EFD as input features.

In [44], the authors used current, active power, reactive power, and power factor as features
in a random forest based multi-target regression algorithm. Each target is the disaggregated
power of one appliance. In this implementation, a separate random forest model was trained
for each appliance.

\.

3.4.6 Naive Bayesian Classier

A naive Bayesian classier is a supervised classi cation machine learning algorithm. The concept of
a naive Bayesian classi er is the following: given a set of featureX = (X1;Xz;:::Xpn), the objective is
to nd the true label Y associated with these features. For every labeY, the following conditional
probability can be calculated:

P(Y = yiX = (X1;X2;::Xn)) (22)

Then, the class or labelY can be estimated with the label having the highest probability. The
problem is that the probabilities of equation (22) are hard to nd. Using Bayes' theorem, the equation
can be rewritten as follows:

P(XjY) P(Y)
P(X)

The rst term on the left side of the equation is called the posterior, the rst factor on the right
side of the equation is called the likelihood, the last factor on the right side of the equation is called
the prior, and the term at the denominator is called the evidence. As the idea is to compare the
probability of every possible label Y for the same set of featuresX, the term at the denominator is
constant and can be ignored. P(Y) and P(XjY) can be directly estimated from a labeled dataset
with features and labels. P(Y = y;) is equal to the number of timesY = y; is present in the dataset
divided by the total number of elements in the dataset. The problem is that to nd a good estimate
of P(X = (X1;X2;:::Xp)jY = y), a very large dataset is needed, and the more featureg there are,
the larger the dataset needs to be. If the dataset is not su ciently large, P(XjY = y) will be equal
to zero or close to zero, and the label will be estimated with poor accuracy. This is why the naive
assumption is used. The naive assumption is that every featurex{; X»;:::; X, is independent of each
other. Mathematically :

P(YiX) = (23)

P(X =(x1;X2;::Xp)jY = y) = P(X1 = x1jy)  P(X2=xz2)y) =i P(Xn = Xnjy) (24)
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In real-world scenarios, the features are rarely independent of each other. Nevertheless, a naive
classi er can still be e ective in many of these scenarios. Naive classi ers need a small dataset and
are very simple to implement. Naive Bayesian classi ers are used in NILM event-based methods.

Implementations from literature

This box illustrates key instances from the literature on the application of the Nawe Bayes
classi er for NILM.

In [45], the authors employed a Nasve Bayes classi er to classify appliances using a single feature:
active power. The same approach could be extended to incorporate additional features such as
apparent power, reactive power, and others, potentially improving classi cation performance.

3.4.7 Ensemble model

In machine learning, an ensemble model combines the predictions of multiple algorithms to enhance
accuracy and robustness. The key idea is to aggregate several 'weak' models into a more powerful
'strong' model, where each weak model captures di erent aspects of the data. Ensemble methods can
be broadly categorized into three types:

~ Bagging: Multiple instances of the same algorithm are trained on di erent subsets of the data to
reduce variance and mitigate over tting. A classic example of this approach is Random Forest,
as explained in Section 3.4.5.

Boosting: Models are trained sequentially, with each model learning from the errors of its pre-
decessors. This iterative re nement process improves prediction accuracy by giving more weight
to misclassi ed instances.

Stacking: Di erent models are trained independently, and their predictions are combined|often
using a meta-model|to generate a nal, more accurate prediction.

Implementations from literature

This box highlights key examples from the literature on the application of ensemble models to
NILM.

In [46], the authors combine di erent regression ML algorithms such as decision tree, random
forest, KNN, and others to create an ensemble model. The parameters of the di erent base
models are tuned by Bayesian optimization during training.

3.5 Deep learning

Arti cial Neural Networks (ANNSs) are computational models inspired by the structure and function of
biological neural networks in animal brains. The term ANN refers to any neural network with one or
more layers and encompasses various architectures, including Multilayer Perceptrons (MLP) (Section
3.5.1), Recurrent Neural Networks (RNN) (Section 3.5.2), and Convolutional Neural Networks (CNN)
(Section 3.5.3). Generally, an ANN with more than two hidden layers is considered a Deep Neural
Network (DNN). The increased depth allows DNNs to capture complex patterns and hierarchical rep-
resentations in data, though at a higher computational cost. Neural networks can be applied to both
classi cation and regression tasks. Their parameters are learned during training, typically in a super-
vised manner. Training is usually performed using backpropagation, a gradient-based optimization
method that adjusts the network’'s weights by propagating errors backward from the output layer to
the input layer, enabling the model to learn from its mistakes and improve its predictions iteratively.
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3.5.1 Multilayer Perceptron

Multilayer Perceptrons (MLPs) consist of multiple layers of interconnected neurons. The structure of a
single neuron is illustrated in Figure 13. Given an input vector X = ( X1;Xz;:::X), @ neuron generates
an output through three sequential operations. First, it computes a weighted sum of the inputs. Next,
a bias term is added to this sum. Finally, the result is passed through a nonlinear activation function.
The output of a neuron is given by equation (25) and is then transmitted to other neurons in the
network.

Figure 13: Structure of a neuron in an ANN from [47].

|
" !
y=f Xijwi + b (25)
i=1
MLPs consist of three types of layers: an input layer, one or more hidden layers, and an output
layer. The number of neurons in the input layer corresponds to the number of input variables, while
the number of neurons in the output layer matches the number of output variables. For instance, in
a classi cation task with ve input features and three classes, the MLP will have ve input neurons
and three output neurons. Figure 14 illustrates an MLP with one hidden layer, three input neurons,
and two output neurons. During supervised training using backpropagation, the network iteratively
adjusts its weights and biases to minimize prediction errors and improve accuracy.
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Figure 14: Structure of an MLP with three layers from [48]

In the literature, the term "ANN" is often used interchangeably with "MLP", which can cause
confusion. In this document, "ANN" and "DNN" refer to all types of neural networks, including
MLPs, CNNs, and RNNs. Typically, the term "MLP" is associated with networks with a few layers,
also known as shallow networks. For networks with structures similar to Figure 15, which have more
layers, the term "deep fully connected neural network" is more appropriate.

Figure 15: Deep fully connected neural network (created with [48]).

In the context of NILM, features such as steady-state active and reactive power, as well as the fun-
damental and harmonic components of current, can be used as inputs to an arti cial neural network.
Using these features, the ANN can then classify whether an appliance is ON or OFF during an event,
or estimate its power consumption. The inputs to the ANN can also be a sequence of measured power
values, while the output may indicate either the state of an appliance (ON/OFF) or its estimated
power consumption over that sequence. MPLs are ine cient when dealing with time series as input.
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Di erent types of neural networks, such as recurrent neural networks (Section 3.5.2) or convolutional
neural networks (Section 3.5.3), are better suited to this kind of input. It is also important to note
that either a separate single-target neural network can be trained for each appliance, or a multi-target
network can be trained to handle multiple appliances simultaneously

In [49], the authors proposed a deep neural network with fully connected layers, consisting of three
hidden layers, each containing ve hundred nodes, to classify appliance proles. These appliance
pro les were generated using an edge detection algorithm. In this event-based, supervised NILM
method, a separate mono-target neural network was trained for each appliance.

3.5.2 Recurrent neural network

Recurrent Neural Networks (RNN) are neural networks designed to process sequential data. Thanks
to an internal hidden state, RNNs can have a memory of previous input, in uencing the processing
of future inputs. This capability is absent in standard arti cial neural networks. However, traditional
RNNs encounter challenges capturing long-term dependencies within data sequences, primarily due to
the vanishing or exploding gradient problem, which complicates the learning process for events that
occur at signi cantly di erent time steps. To overcome these limitations, Long Short-Term Memory
(LSTM) and Gated Recurrent Units (GRU) have been developed as advanced variants of RNN. These
models introduce mechanisms to selectively retain or discard information over long periods, signi -
cantly enhancing the network's ability to learn from long-term dependencies. As a result, LSTMs and
GRUs have largely surpassed traditional RNNs in popularity and performance, o ering more robust
solutions for complex sequence modeling tasks. A representation of a cell of an RNN is given in Figure
16, the elements of a time series are treated sequentially, and the memory of previous input is kept in
the hidden state h.

Figure 16: An unrolled Recurrent Neural Network from [50].

The representation of a cell of RNN is given in Figure 17. The hidden state at timet h(t) of an
RNN is calculated thanks to equation (26). WhereU is a weight matrix for the input, W is a weight
matrix for the hidden states attime t 1, and b is the bias.
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Figure 17: Representation of a RNN cell from [50].

h(t) = tanh (Ux(t) + Wh(t 1)+ b) (26)

The architecture of an LSTM cell is illustrated in Figure 18. LSTMs are capable of learning long-
term dependencies by maintaining a cell stateC;, which serves as long-term memory. This memory
is regulated by three gates: the input gatei, forget gate f;, and output gate o;. The output of the
LSTM at time step t, denoted ashy, is governed by the set of equations in (27) (from [50]). In these
equations, C; represents the candidate cell state, which contributes to updatingC; based on the input
gate's activation. The functions and tanh denote the sigmoid and hyperbolic tangent activation
functions, respectively. The weight matricesW;, Wi, W,, and W¢ correspond to the forget gate,
input gate, output gate, and candidate cell state, while bx, by, b,, and bc are their associated bias
terms. Similar formulations can be derived for GRU and other LSTM variants.

Figure 18: Representation of a LSTM cell from [50].
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Implementations from literature

This box summarizes key studies from the literature on the application of recurrent neural
networks for NILM

In [35], the authors compared two NILM methods: a method based on combinatorial optimiza-
tion with a genetic algorithm and a method based on an RNN. According to the authors, the
RNN performed better than the optimization method.

In [51], the authors developed a multilabel classi cation LSTM autoencoder. In multilabel
classi cation, the algorithm can assign one input to multiple classes. The labels are non-
exclusive. Here, the input is a sequence of aggregated power, and the output is a vector of
labels the same size as the number of appliances. If an appliance is ON, the corresponding
element in the vector will be equal to 1; if the appliance is OFF, it will be equal to 0. The
authors argue that this technique is truly non-intrusive because only the aggregated power and
the state of the appliances (ON or OFF) are needed for the training of the algorithm. There
is no need for a dataset with individual appliance consumption.

In [52], the authors developed a hybrid deep learning model with LSTM and CNN in parallel
for load classi cation. The authors state that this hybrid architecture allows the use of the
temporal and spatial characteristics of the consumption data.

In [28], the authors proposed an event-based load transient classi cation method. The study
revealed that multivariate LSTM, with a sequence of active and reactive power as input,
outperforms a similar model with only active power as input.

In [53], the authors presented a NILM classi cation method based on LSTM with a novel
signature that emphasizes power variation to improve the classi cation of multistate appliances.
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3.5.3 Convolutional neural network

Convolutional Neural Networks (CNNs) are a specialized type of deep neural network originally de-
signed for computer vision tasks. Computer vision is a eld of arti cial intelligence that enables
computers to interpret and analyze visual data, such as images and videos, by mimicking human vi-
sion. CNNs have achieved remarkable success in this domain and have also been e ectively applied to
other elds, such as time series analysis [54].To understand CNNs and their advantages over classical
neural network architectures, the following paragraphs explain how a CNN processes an image.

An image can be represented as a matrix of numbers, with color images requiring three matrices,
one for each primary color channel. A naive approach would be to atten these matrices into a vector
and input it into a traditional neural network architecture composed only of fully connected (dense)
layers. However, this method performs poorly because it disregards the spatial relationships between
pixels, which are crucial for capturing patterns and structures within an image. CNNs address this
limitation by leveraging convolutional layers that preserve spatial hierarchies. A typical CNN consists
of multiple convolutional layers, followed by fully connected layers, before producing the nal output.

A convolutional layer applies small matrices called kernels to the input image, scanning it spatially
to detect patterns such as edges, textures, or more complex structures. Each kernel extracts specic
features by performing element-wise multiplications and summing the results, producing a feature
map that highlights relevant information while reducing the number of parameters compared to a fully
connected layer. The architecture of a CNN is illustrated in Figure 19.

34



Figure 19: General architecture of a CNN from [52].

Figure 20 demonstrates the convolution operation. In this example, the input consists of three ma-
trices, known as channels. The convolution operation involves sliding kernels over the input, computing
element-wise multiplications, and summing the results. The output is the sum of the convolutions be-
tween each channel and its corresponding kernel, plus a bias term. The kernels and biases, collectively

known as lters, are learned during training. Multiple lters can be applied in each layer, enabling the
network to extract di erent features and increase the model's representation capacity.

Figure 20: Convolution in a CNN from [55].

After a convolution layer, it is very usual to have a pooling layer. The goal of the pooling layer
is to reduce the dimension of the convolutional layer output. The reduction of the output reduces
the number of parameters in the network, improving the training of these parameters and helping the
network to focus on important features. In Figure 21, max-pooling and average pooling are explained
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Figure 21: Max pooling and average pooling.

In the context of NILM, CNNs can be utilized for processing time series data, such as active power
measurements over time, or for image recognition in VI-trajectory-based methods (see Section 3.6).

Implementations from literature

This box summarizes key studies from the literature on the use of convolutional neural
networks in NILM applications.

In [56], the authors introduced a sequence-to-point (S2P) CNN architecture for energy disaggre-
gation and compared it to a sequence-to-sequence (S2S) architecture. In the S2S approach, the
input is a sequence of aggregated power readings, and the output is a corresponding sequenc
of predicted appliance power. These input sequences are generated using a sliding window
which causes each output point to be predicted multiple times. The nal power estimate for
an appliance is obtained by averaging these overlapping predictions, which results in smoothed
edges and may reduce sharp transitions in power consumption. In contrast, the proposed
S2P architecture predicts only a single appliance power value, the one corresponding to the
midpoint of the input sequence. This approach leverages both past and future aggregated
consumption data, allowing for a more accurate estimation at the central time step and leading
to improved disaggregation performance.

11°)

In [57], the authors investigated two architectures, a single-target and a multi-target point-to-
point convolutional neural network for NILM. The models are called point-to-point because
they estimate the appliance powers at one time step with aggregated features (P, Q, S, PF,
etc.) at one time step. In this study, the general performances of the multi-target model are
lower than those of the single-target model.

In [58], the authors proposed an event-based, supervised disaggregation method based on
active power transients. The method operates as follows: rst, an event is detected when a
change in active power exceeds a speci ed threshold. Then, a 6-second window of the active
power transient is extracted at 100 Hz. This window is used as input for a sequence-to-point
CNN classi er. A di erent CNN is employed for each targeted appliance to classify whether the

appliance is running or not. Finally, the consumption of the detected appliance is calculated
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using a heuristic algorithm, assuming the appliance's power consumption remains constant
during its operation. This power is estimated as the di erence in power before and after the
switching event.

In [59], the authors proposed enhancements to the original sequence-to-point method using a
"temporal" CNN. The method was improved with three key elements: First, causal convolution
ensures that the output at time t does not depend on the input at timet + 1 or later. Second,
dilated convolution expands the kernel by adding "holes" between elements, allowing the
model to capture information over longer time series, thus enlarging the receptive eld. Third,
the addition of residual connections helps mitigate the gradient vanishing or exploding problem.

In [60], the authors also proposed to improve the original sequence-to-point method with
dilated convolution and residual connection as in [59] but this time with noncausal convolution.

In [61], the authors proposed a sequence-to-point CNN for HVAC load disaggregation. The
main particularity of this proposed algorithm is the two-dimensional input composed of the
sequence of normalized temperature and the sequence of aggregated active power.

In [62], the authors developed a lightweight sequence-to-sequence CNN for NILM. The model
is computationally e cient, consisting of only two CNN layers and one dense layer. This
lightweight design allows deployment on edge devices (small, low-power computing units that
process data locally rather than relying on cloud computing). By running directly on edge
devices, the model enhances privacy by keeping user data on-site rather than transmitting it
to external servers.

In [63], the authors compared two sequence-to-point models for energy disaggregation|one us-
ing a convolutional neural network (CNN) and the other based on gated recurrent units (GRUS).

Unlike traditional sequence-to-point architectures, where the predicted output corresponds to
the midpoint of the input sequence, the proposed models predict the appliance power at the
endpoint of the sequence. This design enables real-time processing, as the model can generate
predictions immediately after receiving the full input sequence, without waiting for future data.

\. J

3.5.4 Autoencoder

An AutoEncoder (AE) is a type of neural network architecture where the input layer and the output
layer have the same number of neurons, i.e., the same dimension. Autoencoders are trained to recreate
a copy of the input at the output. A representation of this kind of network is shown in Figure 22.
The layers can be fully connected or convolutional. The number of neurons per layer decreases to a
bottleneck and then increases again so that the output matches the input dimension. An autoencoder
consists of two parts: the encoder, which compresses the input data into a lower-dimensional space,
and the decoder, which takes the compressed data and attempts to reconstruct the input. Because
the network aims to reproduce a copy of the input at the output, it can be trained using unsupervised
learning. The goal of an AE is to transform the input data into a compressed or latent representation
that contains the most useful information. A denoising AutoEncoder (dAE) is a variant of an AE
trained to receive a corrupted data version as input and output the original version.
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Figure 22: Representation of an autoencoder (created with [48]).

A Variational Autoencoder (VAE) is an extension of the classic Autoencoder (AE) that introduces
probabilistic modeling into the latent space. In a standard AE, the input is encoded into a xed vector
at the bottleneck layer, which is then decoded back to reconstruct the original input. However, in a
VAE, instead of encoding the input into a single deterministic vector, it is mapped into a probability
distribution characterized by a mean vector and a standard deviation vector . This allows the
model to learn a more structured and continuous latent space, which is bene cial for generating diverse
and realistic reconstructions. Unlike traditional AEs, where the latent representation is a single point,
VAEs introduce stochasticity by sampling a latent vector z from the learned distribution before passing
it to the decoder. This sampling operation is de ned by the reparameterization trick, given in equation
(28):

z= + ; where N (0;1) (28)

A representation of the VAE architecture is illustrated in Figure 23. The authors in [64] state
that the probabilistic nature of VAE and its regularized latent space improve the encoding of relevant
information, which helps generate more accurate complex load pro les like the pro le of a multi-state
appliance, and improve the generalization capabilities of the model.
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Figure 23: Representation of a variational autoencoder.

Implementations from literature

This box presents representative studies from the literature on the use of autoencoders for
NILM.

In [65], the authors compared three deep learning architectures for the estimation of appliance
power: an LSTM, a denoising autoencoder, and a deep fully connected neural network that
regresses the start time, the end time, and the appliance average power. In the paper, the dAE
and DNN seem to perform better than the LSTM.

In [66], the authors proposed a denoising autoencoder that inputs active and reactive power
sequences and outputs the disaggregated power of the appliances. In this model, the encode
and decoder are composed of convolutional layers.

In [67], the authors introduced a variational autoencoder (VAE) with convolutional layers for
energy disaggregation. The model takes a sequence of aggregated power as input and predict
a sequence of the target appliance's power as output. Their model demonstrated superior
performance compared to other disaggregation methods, including the classic Denoising Au-
toencoder (DAE), Additive Factorial Hidden Markov Model (AFHMM), Sequence-to-Sequence
(S2S), and Sequence-to-Point (S2P) architectures.

v

Building on this work, [64] proposed an enhanced VAE for NILM (see Section 6 and Figure
40 for details). Their improvements led to a signi cant performance boost, outperforming the
VAE proposed in [67].

\.

3.5.5 Generative adversarial network

A Generative Adversarial Network (GAN) is a type of machine learning framework that consists of
two competing neural networks: the generator and the discriminator. The generator's goal is to create
arti cial data that resembles the training data, taking random noise as input. The discriminator's goal
is to distinguish between real data from the training set and arti cial data created by the generator. It
acts as a classi er, taking both real and arti cial data as input. The two networks are in competition:
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the generator tries to increase the discriminator's error rate, while the discriminator tries to reduce
its own error rate. The core concept of GANs is the indirect training (or ne-tuning) of the generator
through the feedback from the discriminator. A representation of the GAN concept is shown in Figure
24,

Figure 24: Representation of the GAN concept.

In [68], the authors proposed a simple GAN-based energy disaggregation algorithm called EnerGAN
to evaluate the e ectiveness of GANs in NILM. The GAN architecture consists of three components: a
seeder, a generator, and a discriminator, as shown in Figure 25. The seeder and generator are composed
of convolutional layers and together form an autoencoder. The seeder takes the aggregated power as
input, and the generator outputs the estimated power of a single appliance. The discriminator takes a
pair of sequences as input: the aggregated power and the disaggregated power of one appliance. The
disaggregated power can be either the ground truth or the power generated by the generator. The
discriminator's task is to determine whether the pair is real or generated, producing a binary output.
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Figure 25: Architecture of EnerGAN from [68].

Implementations from literature

This box illustrates key instances from the literature on the application of generative adver-
sarial networks for NILM.

In [69], the same authors as in [68] proposed an improved implementation of EnerGAN with
a novel discriminator. The discriminator is a combination of convolutional layers and GRU

layers. The GRU layers are supposed to add recurrent capabilities to the discriminator. Their
experimental results indicate superior performance of this novel implementation over the
state-of-the-art algorithms.

In [70], the authors discussed the uses of transfer learning to improve the generalization of
GAN for energy disaggregation.

In [71], the authors used adversarial loss to improve the training and consequently the
performance of their deep learning model.

3.5.6 Domain Adversarial Neural Networks

Domain Adversarial Neural Networks (DANN) is a semi-supervised deep learning method. It uses la-
beled as well as unlabeled datasets. Its main interest is the generalization of deep learning algorithms
to new environments. Indeed, for instance, a NILM deep learning algorithm trained on a USA dataset
will probably perform poorly on European data. DANN can be used to generalize the algorithm to
European data using only unlabeled European data that is easily available.

In [72], the authors introduced a Domain Adversarial Neural Network (DANN) to enhance the
generalization capability of NILM algorithms. Their approach leverages both labeled and unlabeled
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data to improve performance across di erent datasets. Speci cally, they trained their model using
labeled data from the USA (REDD dataset) and unlabeled data from Europe (UKDALE dataset?).
The results demonstrated that their approach outperformed a model trained solely on labeled data
from the USA when tested on a European dataset, highlighting the e ectiveness of domain adaptation
in NILM. The proposed DANN is composed of three di erent neural networks: a Feature Extractor
(FE) that processes the input aggregated power sequence and extracts meaningful patterns, a Classi er
(C) that takes the extracted features from the FE and predicts the appliance state (e.g., ON, OFF, or
other states), and a Discriminator (D) designed to distinguish whether a given feature representation
originates from the source domain or the target domain. The DANN training process consists of three
main steps:

1. Training the Feature Extractor and Classi er: Initially, the FE and C are trained using labeled
data from the source domain. The input is a sequence of aggregated power, and the classi er
predicts the appliance state.

2. Training the Discriminator: Next, the discriminator is trained while keeping the FE weights xed.
The discriminator is fed both source and target domain data and learns to classify whether a
given feature vector comes from the source or target domain. This step does not require appliance
labels; only domain labels (source or target) are used.

3. Adapting the Feature Extractor: Finally, the FE is updated while keeping the discriminator xed.
The source and target domain labels are inverted, forcing the FE to extract features that make it
di cult for the discriminator to distinguish between domains. This encourages the FE to learn
domain-invariant features that focus only on appliance classi cation rather than dataset-speci c
di erences.

These three steps are repeated iteratively until convergence, as illustrated in Figure 26. By aligning
feature distributions across domains, the DANN framework enhances generalization, enabling NILM
models to e ectively utilize both labeled and unlabeled data. This approach not only improves disag-
gregation accuracy but also makes better use of available real-world datasets, overcoming the challenge
of limited labeled data.

Figure 26: DANN training process from [72].

4REDD and UKDALE datasets are described in section 4.1
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3.5.7 Transformers and attention mechanism

Transformers are a deep learning architecture introduced in 2017 in the seminal paper "Attention is
All You Need" by Vaswani et al. [73]. Their key advantage over traditional recurrent architectures is
their ability to process data in parallel rather than sequentially, leading to signi cantly faster training
and inference. Transformers can e ciently handle larger datasets and capture long-term dependencies
more e ectively than classical RNNs, including LSTMs and GRUs. These advantages make them
particularly promising for NILM, where identifying appliance patterns over long time spans is crucial.
The superior performance of transformers stems from four core components: word embedding, self-
attention, positional encoding, and residual connections. These concepts are detailed below in the
context of NILM.

Word embedding: Word embedding maps categorical data (such as words in natural language
processing) into a high-dimensional numerical space. In NILM, a similar approach can be used to
map power sequences into a feature space, enabling the model to learn meaningful representations
of appliance consumption patterns (as in [74]).

Self-Attention: Self-attention computes attention scores for each pair of elements in a sequence,
allowing the model to capture complex, long-range dependencies. This is particularly useful in
NILM, where appliance usage may exhibit temporal dependencies over minutes or even hours.
By weighting the importance of di erent time steps, self-attention enables the model to focus on
relevant consumption patterns while ignoring irrelevant uctuations.

Positional Encoding: Since transformers do not inherently capture the order of elements in a
sequence, positional encoding is used to inject information about the relative position of each
timestep in the input power sequence. This ensures that the model correctly interprets time-
dependent patterns, which are critical for accurately disaggregating energy consumption.

Residual Connections: Unlike traditional neural networks, where each layer only receives in-
put from the previous layer, residual connections allow information to bypass multiple layers,
facilitating better gradient ow. This prevents vanishing or exploding gradients, allowing the
construction of deeper and more expressive models. In NILM, this helps preserve ne-grained
appliance features across multiple layers, improving model accuracy.

By leveraging these components, transformers can o er state-of-the-art performance in NILM by
e ectively modeling long-term dependencies, handling large datasets, and capturing complex appliance
interactions.

Implementations from literature

This box summarizes key studies from the literature on the application of transformers for NILM

In [71], the authors proposed a deep learning model based on CNN with an attention module
to consider global context and improve performance.

In [75], the authors developed a sequence-to-sequence CNN with an attention layer after the
convolutional layers and before the fully connected layers. The authors claim that introducing
the attention layer improves the model's performance.

In [76], the authors used positional encoding (in particular, cosine positional encoding) on the
aggregated active power input sequence to use the timing information in the neural network
architecture.

In [74], the authors developed a sequence-to-point deep learning energy disaggregation mode
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based on a transformer architecture with word embedding, positional encoding, residual
connection, and attention mechanism.

In [77], the authors proposed a Bi-directional Temporal Convolutional Network (BiTCN)
improved with an attention mechanism. The TCN allows the network to capture long-term
dependencies thanks to dilated convolution. The bi-directional aspect allows the processing of
data forward and backward to e ciently use past and future contexts.

In [78], the authors proposed a Switch Transformer model for NILM (STNILM). The perfor-
mance of this variant of a classic transformer is assessed in the paper.
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3.5.8 Transfer Learning

Transfer learning is a powerful technique in machine learning, particularly in deep learning, that aims
to reduce the computational cost of training or to achieve high performance with limited training data.
The core idea is to leverage a model that has already been trained on a similar task and retrain only
a subset of its parameters (such as the nal layers) for the target task.

For instance, in [79], the authors utilized the pre-trained AlexNet convolutional neural network to
classify VI trajectory (see section 3.6) colored images into appliance categories. AlexNet, an e cient
CNN trained on millions of images across thousands of categories, had its last few fully connected
layers replaced with new ones. The network was then retrained for VI trajectory classi cation, using
a high learning rate for the new layers and a slower rate for the transferred layers. This approach
allowed the model to e ciently adapt to the new task with high performance.

3.6 VI-trajectory

The voltage-current (VI) trajectory is a feature extracted from aggregated measurements of instanta-
neous voltage and current in event-based NILM methods. It is a plot or 2D image representing the
voltage versus current during an appliance's steady-state operation, used for appliance classi cation.
The basic steps of a VI trajectory method are as follows:

First, an event (such as the switching of an appliance) is detected in the aggregated signal. Then,
voltage and current data are collected for multiple cycles before and after the transient state, cov-
ering the appliance's OFF state and steady-state ON operation. The VI trajectory method requires
high-frequency measurements, typically above 1 kHz, to accurately capture the current and voltage
waveforms. Afterward, the voltage and current data are pre-processed to isolate the speci ¢ waveforms
of the appliance switched ON. The current and voltage are often pre-processed with equation (29) and
(30) like in [39], [79] or [43]. In the equations,ipefore aNd Vpeiore are the current and voltage before
the event. iaer and varer  are the current and voltage after the transient state when the appliance is
in steady state. In these equations, the signals must have the same initial phase angle.

i = iafter ibefore (29)
_ _ Vatter t Vpefore
V = Vgfter OFV = - (30)

Once pre-processed, the VI curve is plotted and often transformed into a matrix form. This matrix can

be composed of binary elements or be more complex to include additional information about the appli-
ance. The VI trajectory can then be used in various algorithms to classify the appliance responsible for
the event. Classi cation of VI trajectories can be approached as an image recognition problem using
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convolutional neural networks, or di erent features can be extracted from the VI trajectory and used
for classi cation with other algorithms. Figure 27 shows examples of VI trajectories for six di erent
appliances from the REDD dataset from [9].

Figure 27: VI trajectories from six di erent appliances from the REDD dataset from [9].

Implementations from literature

This box presents representative VI-trajectory-based NILM methods from the literature.

In [9], the authors compared four classi cation algorithms using wave-shape features extracted
from the VI trajectory of an event, such as looping direction, enclosed area, and the number
of self-intersections, as input. These algorithms included an arti cial neural network, an ANN
coupled with an evolutionary algorithm, a support vector machine, and the AdaBoost algorithm.

In [39], the authors proposed a method where ten features are extracted from a VI trajectory
plot, such as the area enclosed by the trajectory, direction of trajectory, current span,
self-intersection, etc. An SVM classi cation algorithm is then used to identify the load thanks
to the features extracted.

In [79], the authors proposed transforming the VI trajectories into color images using the HSV
color space (The HSV color space represents colors using three components: Hue, Saturation
and Value). This transformation aims to add information about trajectory direction, repeata-
bility, and active and reactive power ratio to the VI trajectory. After the HSV transformation,

a CNN is used to classify the colored images into appliances. In this paper, the authors also
used transfer learning; the CNN was pre-trained on ImageNet, a dataset with millions of
images. Then, it was trained again with VI trajectory images.
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Figure 28: VI trajectory (a) Hue, (b) Saturation, (c) Value, (d) RGB representation. From
[79].

In [43], the authors compared two algorithms to classify VI trajectories into appliances. A
CNN is used on VI trajectory images, and a Random forest is used on elliptical Fourier
descriptors that characterize the contour of the trajectory.

In [80], the authors proposed representing VI trajectories as weighted, pixelated images and
using a convolutional neural network to classify them.

In [81], the authors proposed a color encoding for VI trajectories where information about
the motion, momentum, and power is added to the image. The VI trajectory image is then
transformed into a feature vector and input to the gcforest algorithm. gcforest algorithm is an
ensemble learning method used for classi cation.

3.7 Others

In the following, we present some lesser-known methods and tools for NILM. While not as popular,
they are included to illustrate the diversity of approaches available to tackle the NILM problem.

3.7.1 Dynamic Time warping

Dynamic Time Warping (DTW) is a technique used to align and compare two time series of poten-
tially di erent lengths. DTW works by nding the optimal alignment between two time series and
determining which points of the rst time series correspond to which points of the second time series.
This alignment minimizes the overall distance between the time series, allowing for a meaningful com-
parison. DTW also provides a measure of similarity between the two time series based on the cost of
this optimal alignment. The mathematical developments of this section are inspired by [82]. Figure
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29 gives the alignment of two time series with DTW; the aligned points are indicated by the arrows.
With DTW, one point from one series can be aligned with multiple consecutive points of the other
time series.

Figure 29: Alignment of two sequences with DTW from [82].

Figure 30 from [82] gives the cost matrix of two sequences{ and Y. The cost between two points
is the absolute value of their di erence. A high dierence is indicated by a light color, and a low
di erence by a dark color.

Figure 30: Cost matrix of sequencesX and Y with the absolute di erence from [82].

To nd the optimal alignment between two series, it is necessary to create the accumulated cost
matrix D. The accumulated cost matrix D 2 < (MM ) of time seriesX with N elements and time
seriesY with M elements is calculated as follows: First elements of the matriXD are initialized with
equation (31).

Dio=1
Doj =1 (31)
Do;o =0

Then the matrix can be lled for i=1to N and for j=1 to M with equation (32).
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2D 1; 1 (match)

Dij = d(Ai;Bj)+ min _ D; 15 (insertion ) (32)
" Djj 1 (deletion)

where d(A;; B;j) is a measure of distance betweer\; and B;j. This distance can be equal to the
absolute di erence given in equation (33).

d(Ai;Bj) = jAi  Bjj (33)

The best alignment betweenX and Y, i.e., the alignment with the lowest overall cost, can be found
thanks to the matrix D with the following algorithm. Starting from Dy.y , the adjacent element of the
matrix (Dj 1; 1 Di 15 ; Dij 1) with lowest cost is selected each time until reachingD ;1. This
method always gives the best correspondence betweef and Y and the lowest overall alignment cost.
The alignment cost is given by the value ofDy.m . Figure 31 illustrates the best alignment between
two time seriesX and Y.

Figure 31: Optimal alignment path ( i.e, white line) on the cost matrix (left) and the accumulated
cost matrix D (right) from [82].

In the context of NILM, dynamic time warping provides a similarity metric between time series
that may dier in length or temporal alignment. This distance measure can be e ectively used in
classi cation algorithms to compare, for example, the power signature of an observed event with a set
of known appliance signatures. Unlike traditional distance metrics such as Euclidean distance, DTW
aligns sequences by matching their overall shape rather than relying on exact time-aligned points.
DTW can lead to improved classi cation accuracy, particularly when appliance cycles exhibit variabil-
ity in duration or timing.

Implementations from literature

This box illustrates key instances of NILM methods using DTW from the literature.

In [41], the authors developed an unsupervised, event-based NILM algorithm using Dynamic
Time Warping (DTW) based on active power at a low sampling rate (less than 1 Hz). After
detecting and extracting an event, its signature (the aggregated active power) is compared
with known signatures from a library using DTW. The event is then associated with the closest
signature in the library, i.e., the one with the lowest distance cost.

In [83], the authors compared dierent distance metrics, including DTW, for clustering
appliances with K-nearest neighbors classi ers.
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In [28], the authors used the dynamic time warping distance to cluster transient signal
appliances thanks to a DBSCAN algorithm (clustering algorithm).

In [84], the authors used DTW for detecting the introduction of a novel appliance in a building
without prior information about the novel appliance.

In [85], the authors proposed an event-based NILM method where the transient power wave-
forms of loads are identi ed with the nearest neighbors clustering algorithm using dynamic time
warping as distance metrics.

3.7.2 Principal Component Analysis

Principal Component Analysis (PCA) is a dimensionality reduction technique. The goal of PCA is to
reduce the number of variables or parameters characterizing a set of data by creating new variables.
They are mutually orthogonal, hence statistically independent, and are designed to capture as much
information (i.e., variance) from the original variables as possible. The components are ranked accord-
ing to the amount of variance they explain. A di erence of the same magnitude in the rst principal
component re ects a greater distinction between two data points than an equal di erence in the second
component. The principal components form a set of vectors. The ith vector is the vector that best
ts the Data (captures the most variance) while being orthogonal to the i-1 vector. The concept of
PCA is illustrated in Figure 32. The steps for calculating the principal component from a dataset are
brie y explained below. The mathematical developments are from [86]. Considering a dataset with
n points. Each point is described byp variables. The data can be represented as a set of vectors
X1,...Xn €ach havingp elements.

1. The mean of each variable is calculated with equation (34).
1 X

N i=1

X = Xi (34)

2. The covariance matrix is calculated with equation 35.

1 X

N i=1

S= i X x)7 (35)

3. The eigenvalues and eigenvectors of the covariance matri® are calculated.

4. The eigenvalues and eigenvectors are sorted in order of decreasing eigenvalues. The Irgigen-
vectors are the rst | principal components and can be used to project the data points into a
space with| < p dimensions.
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Figure 32: Representation of the principal component analysis concept.

Implementations from literature

This box illustrates key instances of NILM methods using PCA from the literature.

In [87], the authors propose an event-based appliance classication method that utilizes
Principal Component Analysis (PCA) on active, reactive, and distortion power signals to
extract distinguishing features.

In [88], the authors proposed to use PCA to reduce the dimension of the power features of clas-
si cation algorithms in order to improve computational e ciency. In the paper, the authors
demonstrated that with the rst principal components calculated from features like active, reac-
tive, and apparent power, current, and harmonics, the e ciency of the classi cation algorithms
can be improved while the accuracy is preserved. The classi cation algorithms used in the
experiments were combinatorial optimization and modi ed cross-entropy.

\.

3.7.3 Sparse Dictionary Learning or sparse coding

Sparse Dictionary Learning (SDL), also known as sparse coding, is an unsupervised signal process-
ing technique that seeks to represent signals as sparse linear combinations of basis functions (atoms)
drawn from a dictionary. In this framework, a signal y is approximated asy = Dy, where D is the
dictionary matrix and x is a sparse coe cient vector in which most entries are zero. The dictionaryD
can either be prede ned or learned from training data, while the sparse representatiorx is typically
found by solving an optimization problem with sparsity-inducing regularization, such asl; penalty.
This sparsity ensures that only a few dictionary atoms contribute signi cantly to the reconstruction

of the signal. More details about the mathematical background can be found in [89].
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Implementations from literature

This box illustrates key instances of NILM methods using SDL from the literature.

In the context of energy disaggregation, [90] proposes a novel discriminative extension of sparse
coding to address the challenge of separating whole-home energy usage into its constituent
appliance-level signals using low-frequency smart meter data. Their approach rst learns in-
dividual dictionaries for each appliance type using plug-level measurements. These appliance-
speci ¢ dictionaries are then combined and used to disaggregate aggregate consumption signals
from unseen homes. The authors introduce a discriminative training procedure called Dis-
criminative Disaggregation Sparse Coding (DDSC), signi cantly improving performance over
traditional sparse coding approaches.

\. J

3.7.4 Graph signal processing

Graph Signal Processing (GSP) is a eld of study that analyzes signals by associating them with a
graph composed of nodes and edges. Each node in the graph represents an element of the dataset,
and the edge weight between two nodes represents the similarity between these two elements. In the
context of NILM, GSP treats the power consumption data of a household as a signal over a graph,
where each node corresponds to a power measurement at a speci ¢ time, and the edges represent the
relationship (similarity) between these measurements. One main advantage of GSP is its lower com-
putational complexity compared to classical state-based approaches like hidden Markov models. An
example of the mathematical development for energy disaggregation with supervised GSP is briey
presented below from [91].

Considering a household withM appliances and the following notation. p(i) the aggregated active
power at time i, pm, (i) the active power of appliancem at time i. The change in the active power signals
p(i)= p(i+1) p@)and pm(i)= pm(i+1) pn(i). Moreover, supposing that forl n<N , the
appliance's powerpn (i) is known. The task is to nd pm (i) for n<i<N . The graph signals™ is a

vector de ned by 36 with Thr,, a threshold.

8
2+l forj pm(i)j Thrpandi n

sm:> 1for j pm(i)j<Thr,andi n (36)
" Ofori>n

This graph signal is indexed by a graphGy, = (Vm;Am) with Vy, the set of vertices (nodes) and
An the adjacency matrix. Where the node ofV, are de ned with v, (i) = pm(i). The weight of the
edge between two nodes; and v; re ect their similarity and can be de ned thanks to the Gaussian
kernel weighting function (equation (37)) like in [91], [92], [93], [94], [95]. Where is a scaling factor.

n 20
ViV
Ai;j = exp % (37)
Then with D, a diagonal matrix de ned by equation (38) for k=1,...,N.
XA .
Dm(kik)  Am(j;ik) (38)

j=1
And the Laplacian matrix L, = D, An. The optimization problem can be de ned with equation
(39) fori=1;::;N.

pd P
argmin = k p(i) Pm (1)K3 + ks' L mSmk3 (39)
pm (i) m=1 m=1
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The rst term in equation (39) minimizes the di erence between the aggregated power and the sum
of the appliance power, and the second term maximizes the smoothness of the graph signal. The
parameter is the trade-o between the smoothness and the disaggregation error. The smoothness of
the graph signal is maximized because the power of an appliance tends to change smoothly.

Implementations from literature

This box illustrates key instances of NILM methods using GSP from the literature.

In [91], [93], and [94], the authors proposed to use supervised GSP for solving the NILM
problem.

Conversely, in [92] and [95], the authors proposed using unsupervised GSP for solving the NILM
problem.

\ J

3.7.5 Recurrence Graph

A Recurrence Plot (RP) or Recurrence Graph (RG) is a tool used to analyze dynamical systems to
visualize the times at which a state of the system recurs. In the context of NILM, this method is
similar to VI trajectory (see section 3.6) because it transforms electrical measurements such as current
or power into a visual 2D representation that can be used for appliance classi cation. As VI trajectory
methods, RG methods are event-based methods. The basic step of a NILM recurrence graph method
is explained in the following paragraph. These steps are inspired from [96], [97], [98]. After the event
detection, the current and voltage waveform of the event are extracted with equations (29), 30. They
are pre-processed with the Piecewise Aggregate Approximation (PAA) in order to reduce their di-
mensions tow. Then the binary recurrence matrix Ry. is created with the following equation (40).
Where" is a threshold andd;; is the Euclidean distance between two points of the pre-processed signal.

Oifdi >"

= 40
T tifdyy <t (40)

This binary representation can lead to a loss of information. In order to avoid this loss of infor-
mation, Weighted Recurrence Graphs (WRG) were introduced. In WRG, the recurrence matrix is not
limited to binary elements. Once the WRG of an event is created, this 2D representation can be used
to classify the event with, for instance, a convolutional neural network.

Implementations from literature

This box illustrates key instances of NILM methods using WRG from the literature.

In [97], the authors propose using weighted recurrence graphs and convolutional neural
networks for appliance classication. Their results show that WRG-based representations
outperform V-I trajectory images in classi cation performance.

In [96], the same authors as in [97] developed an Adaptive Weighted Recurrence Graph
(AWRG) where the parameters of the WRG are learnable and adjusted by computing the
gradient in a similar way the parameters of a neural network are adjusted. The AWRGs

SPiecewise Aggregate Approximation (PAA) is a dimensionality reduction technique for time series that divides the
series into equal-sized segments and represents each segment by its average value. This results in a lower-dimensional,
smoothed version of the original time series.
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calculated with the current signal are then classi ed with a CNN.

In [98], the authors proposed to use the power signal instead of the current signal in weighted
recurrence graphs. A CNN is then used to classify dierent models of EV thanks to the
weighted power recurrence graph.

3.7.6 Fourier and Wavelet Transform

The Fourier transform is a mathematical tool that converts a time-domain signal into its frequency-
domain representation, making it highly useful for analyzing the frequency content of a signal. In the
context of NILM, new features for appliance recognition or appliance power estimation can be devel-
oped from the Fourier transform of measured signals like active power, current, or voltage. The Fourier
transform of a signal x(t) is expressed in equation (41). Most of the mathematical developments in
this section are from [99].

z +1
FTfx(t)g= X (f) = x(t)e 12ft dt (41)
1

As a signal from a data acquisition system like the smart meter is not continuous but sampled with a
speci c time interval T, the Discrete Fourier Transform (DFT) of a signal x[n] with N measurements
is de ned with equation (42).

1 X1 2
DFTfx[nlg= X[K] = N x[n]e™ (42)
n=0
Most of the time, as discussed in this document, the Fourier transform is applied to high-frequency
measurements of aggregated current to extract current harmonics, which are then used as features for
appliance recognition. However, Fourier transforms are not well-suited for signals with time-varying
frequency characteristics, such as electrical signals during an appliance's transient state. To address
this, the Short-Time Fourier Transform (STFT) is introduced. STFT divides the signal into multiple
segments and applies the Fourier transform to each segment, allowing analysis in both the time and
frequency domains. The STFT can be expressed by equation (43), where g(t) is a window function
(e.g., Gaussian window, Hamming window, Kaiser-Bessel window) and is the time shift.
z +1
STFTfx(t)g= X (;f )= x()g(t )e 2 dt (43)
1

STFT uses a xed-size window for all frequencies. This results in a trade-o between time and fre-
guency resolution that is the same across all frequencies. Wavelet Transform (WT) is introduced to
overcome this limitation. WT uses variable-sized windows to analyze di erent frequency components.
High-frequency components are analyzed with short windows, providing good time resolution, while
low-frequency components are analyzed with long windows, providing good frequency resolution. The
WT provides a way to perform multiresolution analysis. The Continuous Wavelet Transform (CWT)

of a signal x(t) is expressed in equation (44). Where (t) denotes the complex conjugate of the
base wavelet (t), is the time shift, and s is the scaling parameter that controls frequency and time
resolution.

CWTfx(t)g= WT(s; )= 195§ () o dt (44)
1

The Discrete Wavelet Transform (DWT) can be obtained using discrete values for the scaling pa-
rameter s and the shifting parameter , like in equation (45). (With sp> 1, ¢ 60;j 2 Z,k2 Z))
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5= 5% 45
ok (45)

By substituting equation (45) into equation (44), using Sp =2 and o = 18, equation (46) is obtained.
Z .,

j
DWTfx(t)g= WT(j;k) = p? x(t) t k2
1

2
The DWT decomposes a signal into a set of wavelet coe cients, which represent the signal at
di erent scales. The DWT can be implemented by calculating the approximate coe cients a;x , which
represent the low-frequency component of the signal, and the detailed coe cientsl; , which represent
the high-frequency component of the signal. In a multilevel decomposition, the approximate and de-
tailed coe cients of level j can be calculated by convolving the approximate coe cients of the previous
level (j-1) with a low pass lter and a high pass lter as illustrated in equation (47) with the low pass
Iter h and the high pass lIter g. For the rst level, the approximate and detailed coe cients are
calculated from the discrete signal. These equations are from [99], where more detailed mathematical
developments are available. The decomposition of a signal with DWT is illustrated in Figure 33.

dt (46)

ik = h(m 2k)aj 1:m
(47)
dik = gm  2k)a 1:m

m

Figure 33: lllustration of a DWT with four-level decomposition from [99]. H: Low pass Iter; G: High
pass lter; A: Approximate information; D:Detailed information

Implementations from literature

This box illustrates key instances of NILM methods using the Fourier and wavelet transforms
from the literature.

In [101], the authors compared the use of STFT and DWT to analyze the turn-on transient
current of loads. The results indicated that the DWT performs better.

6The values sp =2 and ¢ = 1 correspond to dyadic discretization. A common, simple, and e cient choice (see [100])
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In [102], the authors (one is the same as in [101]) used DWT to detect and localize turn-on
transient events. Then, an ANN, which takes active power and reactive power and turns on
transient energy as input, is used to identify the load.

In [103], the authors proposed to use CWT instead of STFT to compute feature vectors from
switching voltage transient. A support vector machine algorithm is then used to identify

appliances with these feature vectors. The paper's results indicated that CWT improved the
classi cation accuracy and reduced the computational requirement.

In [104] and [105], the authors proposed to use the Fast Fourier Transform (FFT) of the
current waveform sampled at high frequencies (10.24 kHz and 50kHz) to create distinct load
signatures. The FFT is an algorithm that computes the DFT e ciently.

In [37], the authors proposed a semi-supervised NILM method that uses both labeled and unla-
beled data. First, new wavelets are created with wavelet design and procrustes analysis. Then,
these wavelets are used to calculate the approximation and detailed coe cients of the current
signal. The energy of wavelet coe cients is computed from these coe cients and used as a sig-
nature. A decision tree and nearest-neighbor classi er are combined to form a semi-supervised
method. The training is done with the following process: a labeled dataset is split into two;
the rst part is used to train the DT, and the second part is used to train the NN. Then, if
both algorithms agree on the label of an unlabelled data point, this data point is labeled and
used to re-train the two algorithms. This process is done until there is no more unlabelled data.

In [106], the authors proposed an enhanced sequence-to-point method. The S2P architecture
is enhanced by adding a bi-directional LSTM layer, an auto-encoder, and pruning after train-
ing. DWT pre-processes the main active power signal before sending it to the S2P algorithm.
The authors stated that using DWT highlights each appliance's characteristics while reducing
interference from device interactions and noise.

3.8 Review conclusion

In Section 3, a comprehensive review of most of the algorithms used for non-intrusive load monitor-
ing was presented. These algorithms include optimization-based algorithms, hidden Markov models,
classical machine learning techniques, deep learning architectures, methods utilizing voltage-current
trajectories, and several other approaches. For each class of algorithms, their operational method-
ologies were explained in the context of energy disaggregation, and representative studies from the
literature were highlighted to illustrate practical implementations.

These examples covered a wide range of NILM paradigms: supervised and unsupervised methods,
event-based and eventless approaches, and both classi cation and regression tasks. In many implemen-
tations, multiple algorithms are combined. For instance, VI trajectories can be used with convolutional
neural networks, dynamic time warping can be combined with k-nearest neighbors, and wavelet trans-
forms can be paired with support vector machines, among others. It is also noteworthy that a specic
algorithm may be applied within di erent taxonomic frameworks. For example, convolutional neural
networks can be used in an event-based methodology when combined with VI trajectories, or indepen-
dently in an eventless framework.

Overall, this literature review reveals that the NILM landscape is both methodologically diverse and

extensively studied. No single approach can be universally identi ed as superior, given the trade-o s
between accuracy, generalizability, computational complexity, and data requirements. The suitability
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of a given method often depends on speci c objectives (e.g., load classi cation vs. ne-grained energy
estimation), data availability (e.g., sampling frequency, labeled vs. unlabeled data), and deployment
constraints (e.g., smart meter capabilities). Even with well-de ned objectives and constraints, a wide
range of viable methods and algorithms remains available.

Nonetheless, if the primary objective is to maximize disaggregation performance in terms of stan-
dard error metrics (see Section 4.2), the current consensus in the literature suggests that supervised
deep learning methods tend to outperform traditional techniques [15, 14, 107, 65]. However, these
methods typically require substantial computational resources and access to large labeled datasets,
which remain a signi cant barrier to their widespread deployment in real-world applications.

56



4 Data source and metrics

4.1 Public datasets

Datasets are essential for training and testing NILM methods. They can be labeled or unlabeled. A
labeled dataset contains simultaneous measurements of aggregated consumption and individual ap-
pliance consumption. In contrast, an unlabeled dataset may include only aggregated data or only
individual appliance consumption data. For testing NILM methods, supervised or unsupervised, hav-
ing a labeled dataset is mandatory. Currently, there are several open-access datasets available online.
Each public dataset has unique characteristics, such as the number of appliances, measurement fre-
guency, measurement duration, country of origin, number of houses, year of measurement, and features
(e.g., active power, reactive power, current, voltage, temperature, date, occupation). Typically, these
datasets include measurements from one to several houses, with durations ranging from a few hours
to several months and sampling rates from 15-minute intervals to dozens of kHz. The most common
feature is active power, but voltage and current measurements are also frequently included. Below is
a summary of the most popular and pertinent labeled datasets in the context of NILM in Belgium.

REDD. The Reference Energy Disaggregation Data Set [108] is the most popular dataset in the
literature [109]. It was released by MIT in 2011. This dataset has a sampling frequency of 15
kHz for the main voltage and current and 0.5 Hz for the power at the lower circuit level. From six
houses over a month in Massachusetts, USA. At the time of this report, it is no longer accessible
online.

UKDALE. The United Kingdom's Domestic Appliance-Level Electricity recording [110] is also
one of the most popular datasets in the literature. The rst version of the dataset was released
in 2015. This dataset has a maximal sampling frequency of 16 kHz for the whole house and 1/6
Hz for the individual appliances. The dataset contains measurements of voltage, current, active
power, and apparent power at the whole-house level from ve houses for 3 to 17 months in the
UK. The dataset is freely available onlin€'.

ECO. The Electricity Consumption and Occupancy dataset [111] was released in 2014. This
dataset has a sampling frequency of 1 Hz for the whole house and for individual appliances. The
data originate from four houses over eight months in Switzerland, with measurements of voltage,
current, and phase shift at the whole-house level. The dataset is freely available onlifie

REFIT. The REFIT dataset [112] was released in 2017. This dataset contains measurements
with a sampling frequency of 1/8 Hz of the active power for the whole house and for individual
appliances. The data were collected from twenty houses in the UK for two years. The dataset is
freely available onlin€.

More examples of open-access datasets are provided in the paper \A Critical Review of State-of-
the-Art Non-Intrusive Load Monitoring Datasets" [109], a comprehensive review of the most widely
used public datasets as of 2021. This review analyzes datasets from around the world, including sev-
eral from Europe. Notable examples include the Tracebase dataset, which contains measurements
from fteen residential buildings in Germany; the IHEPCDS dataset, which contains measurements
from one residential building in France; the ACS-Fx dataset, which includes measurements from one
hundred home appliances in Switzerland; and the DRED dataset, which contains measurements from
one residential building in the Netherlands.

7 https://jack-kelly.com/data/
8https://vs.inf.ethz.ch/res/show.html?what=eco-data
9https://www.kaggle.com/datasets/kyleahmurphy/uk-electrical-load
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To avoid the potentially time-consuming and costly measurement campaigns required to create
new NILM datasets, some researchers advocate for the creation of synthetic datasets. In addition to
eliminating the need for measurement campaigns, synthetic datasets o er the advantage of being free
from measurement errors and data gaps, which are common in real datasets. Below are two notable
examples of synthetic datasets:

" The Synthetic energy dataset (SynD) [113]. This synthetic dataset was released in 2020. It
has a sampling frequency of 5 Hz for aggregated and appliance consumption. It is composed of
data from 2 imaginary houses for 180 days. The dataset was generated with real representative
consumption patterns of 21 appliances. The consumption patterns are the power consumption
of appliances for a single operation measured in two Austrian households. The SynD dataset is
available onlinet®.

SmartSim [114] is a tool to generate synthetic datasets for NILM. It was released in 2016. A user
can generate a synthetic dataset of aggregated and appliance consumption in three steps. First,
the user selects appliance consumption patterns based on actual measurements from a library of
devices. Second, the user selects a potential background noise. Third, the user selects the usage
pattern for each appliance previously selected. The authors released a dataset generated with the
tool. This dataset has a sampling frequency of 1 Hz for aggregated and appliance consumption.
It is composed of data for one imaginary house for seven days. The SmartSim dataset is available
online!!.

From this review [109], and an analysis of the available datasets, it can be noted that, today, the
open-access datasets are insu cient to develop a fully operational NILM method for Belgium (or any
other country). These open-access datasets are not su cient for multiple reasons. First, the datasets
are too small. Indeed, most of the time, they contain only comparable measurements from a limited
number of household$?. This is not su cient to generalize or capture the diversity of an appliance's
operation. One kind of appliance (e.g., a fridge) can have multiple manufacturers, multiple models,
and multiple operating modes. In order to have a signature that generalizes all the possible instances
of one kind of appliance, the dataset must include enough instances of this kind of appliance. Sec-
ond, there is a lack of datasets with high-frequency sampling. In Belgium, the smart meter currently
in deployment has a sampling frequency of 1 Hz. The number of datasets with a similar frequency
is limited. Third, there is a lack of European and Belgian datasets. The same kind of appliance
can be very dierent in dierent regions of the world regarding size or e ciency. The habits and
lifestyles are also di erent, which can impact the time of use and the kind of appliance used. The
use of air-conditioners is very rare in residential buildings in northern Europe but very common in
the USA or China [115]. The grid frequency is also di erent in di erent regions of the world (e.g.,
50 Hz in Europe and 60 Hz in North America), which can impact the signature of the appliances.
Fourth, modern appliances like chargers for electric vehicles, heat pumps, electric boilers, and others
that are fundamental in the energy transition at the residential level are often missing in these datasets.

In view of these observations, the authors of this document believe that to deploy NILM, new
datasets should be created, in particular, European and Belgian datasets. The creation of new datasets
can be easier than in the past. In Belgium, the aggregated data can be collected by connecting a don-
glet® on the P1 port of the smart meter (see section 5, and the appliance data can be collected with
a simple and cheap smart plug. Access to such datasets would be extremely valuable to researchers
seeking to develop and evaluate improved NILM algorithms. However, given the current level of algo-
rithmic maturity in the NILM eld, it is the authors' view that the responsibility for dataset collection

10https://springernature.figshare.com/collections/SynD_A_Synthetic_Energy_Dataset_for_Non-Intrusive_
Load_Monitoring_in_Households/4716179

11 https://github.com/sustainablecomputinglab/smartsim/

12 comparable measurements refer to data with similar characteristics, such as features, sampling frequency, appliance
types, geographic region, etc.

13 https://maconsosouslaloupe.be/ems
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and software deployment should increasingly shift to private companies. In particular, stakeholders
already active in the energy sector, such as energy providers, transmission system operators (TSOSs),
distribution system operators (DSOs), and aggregators, possess the necessary customer base, nancial
resources, and domain expertise to implement and scale NILM technologies e ectively. Nonetheless,
one challenge remains: these actors may currently lack strong nancial incentives to adopt NILM, as
the direct economic bene ts for them appear limited under existing market structures.

4.2 Metrics

To e ectively compare di erent implementations of NILM algorithms, it is essential to use common
metrics. Since regression and classi cation algorithms have distinct goals and outputs, they require
di erent sets of metrics for accurate evaluation.

4.2.1 Regression metrics

Regression metrics will measure if the predicted power of an appliance is close to its actual power and
if the predicted energy consumption during the operation of an appliance is close to its actual energy
consumption. Some of the regression metrics are de ned below. Witlp,, the ground-truth appliance
power at time t, and p;, the estimated appliance power at timet, for a sequence ofl predictions.

X
Mean Square Error (MSE) = ?1 (e p)? (48)

t=1

1 X
Mean Absolute Error (MAE ) = T Pt B (49)

t=1

il oy

Signal Aggregated Error (SAE) = = X = (50)

In the literature, there are a lot of other metrics for energy disaggregation. Some of them are
detailed in [14]. The reason for this abundance of metrics is that no metric can alone measure the
quality of a disaggregation. An example is given in the Figure 34; it is obvious that the algorithm
performs poorly and does not capture the cyclic consumption patterns of the fridge. Nevertheless,
the SAE is very low, around 0.03, indicating that the estimated energy consumption is close to the
actual energy consumption (With a 3% di erence). The MAE, around 40 watts, indicates, however,
the poor disaggregation performance. This example does not mean that MAE is a better metric than
SAE; examples with low MAE for poor algorithms could also be found. Most authors, therefore, use
multiple metrics to assess the quality of their disaggregation.

Figure 34: Example of incorrect disaggregation of a fridge with low SAE.
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4.2.2 Classi cation metrics

The metrics used for the NILM classi cation algorithm are the same as for any binary classi cation
problem. First, True Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN)
are de ned thanks to the confusion matrix in table 1.

Table 1: Confusion matrix.

Confusion matrix Ground-truth Positive (ON) | Ground-truth Negative (OFF)
Predicted Positive (ON) True Positive (TP) False Positive (FP)
Predicted Negative (OFF) | False Negative (FN) True Negative (TN)

The classi cation metrics are then de ned below.

- #TP
Precision = FTP+# FP (51)
#TP
Recall = m (52)
#TP+# TN

Accuracy = (53)

#TP+# TN +# FP +# FN

Precision Recall
F1 score=2 — 54
Precision + Recall (54)

The F1l-score is commonly used to compare NILM classi cation algorithms. It is the harmonic
mean of precision and recall, e ectively combining these two metrics into a single representative value.
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5 Belgium case

In Belgium, traditional electromechanical electricity meters are progressively being replaced by digital
(or smart) meters, with distinct deployment objectives de ned by each region. The deployment is
managed by the regional Distribution System Operators (DSOs). In Flanders,Fluvius has already
installed over 4.4 million digital meters for electricity and gas and aims to achieve 100% coverage by
20294 15, In the Brussels-Capital Region, Sibelgainitiated a large-scale rollout in October 2023 and
plans to equip nearly all households with smart meters by 203t. In Wallonia, the Walloon Parliament
has mandated that by 2030, 80% of customers with an annual standardized consumption of at least 6
MWh, or those generating electricity, must be equipped with digital meters'’. These regional rollouts
align with the requirements of the European Union Directive 2012/27/EU [1186].

The digital meters currently being deployed are standardized across the major Belgian Distribution
System Operators (DSOs), includingFluvius, Sibelga Ores, and Resa (Ores and Resa being Walloon
DSOs). The single-phase meters in use are thBagemcom-Siconia S21,1XS212, or the Landis+Gyr
E360 1P models. For three-phase installations, the meters are th&agemcom-Siconia T211XT211, or
the Landis+Gyr E360 3P . The remaining Walloon DSOs, AIEG, AIESH, and REW, deploy smart
meters manufactured by Iskra®®.

All of these smart meters are capable of transmitting consumption data to the respective DSOs at
15-minute intervals. Additionally, each device is equipped with a P1 port, a user-accessible interface
that provides real-time data at a sampling rate of 1 Hz. The data available via the P1 port includes
active power, root mean square (RMS) voltage, and RMS current measurements. The physical inter-
face and communication protocol of the P1 port comply with the DSMR 5.0.2 P1 speci catior?®.

This standardized metering infrastructure enables the deployment of uni ed hardware and soft-
ware solutions across all regions of Belgium. To maximize the performance of energy disaggregation
algorithms, it is essential to fully exploit the available data from the P1 port. Therefore, the most
e ective algorithms should operate at a sampling frequency close to 1 Hz and leverage features derived
from active power, voltage, and current signals.

Figures 35, 36, and 37 respectively show the digital meterSagemcom-Siconia S211Landis+Gyr
E360 1P, and Iskra.

14 Fluvius, https://pers.fluvius.be/rollout- of-digital-meters-among-prosumers-is-on-track , accessed
29/05/2025

15Flemish region, https://www.vlaanderen.be/bouwen-wonen-en-energie/elektriciteit-en-aardgas/
digitale-meter , accessed 29/05/2025

16Sibelga, https://www.sibelga.be/en/connections-meters/smart-meters/when-will-i-get-a-smart-meter , ac-

cessed 28/05/2025

17Decree of 5 May 2022 of the Walloon parliament, https://www.ejustice.just.fgov.be/cgi/article_body.pl?
language=fr&caller=summary&pub_date=2022-10-05&numac=2022033591

18gjbelga, https://www.sibelga.be/en/connections-meters/smart-meters/the-different-types-of-smart-meters
consulted 28/05/2025

19 AREWAL, https://www.arewal.be/presentation-du-compteur/ consulted 28/05/2025

20 Ma conso sous la loupe, https://maconsosouslaloupe.be/developpeurs consulted 28/05/2025

61



Figure 35: Sagecom-Siconia S211 one phase digital meter [117].

Figure 36: Landys+Gyr E360 1P one phase digital meter [118].
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Figure 37: Iskra digital meter [119].
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6 Algorithms implementation

In this section, the concrete implementation and performance of two algorithms suitable for NILM

in Belgium are investigated. Deep learning methods were selected for implementation and further
investigation due to their high performance, as explained in section 6.1. It is indeed the opinion of the
authors that high-performing algorithms are necessary for a successful deployment of NILM. And that
the complex labelled data collection necessary for those algorithms is justi ed by their performance.
As explained in section 5, voltage, current, and aggregated active power are features available at a
frequency of 1 Hz with the Belgian smart meter. We decided to investigate the potential bene t of
such measurements on DL methods. In particular, our work will investigate and demonstrate that
state-of-the-art Deep Learning (DL) disaggregation methods can be improved by considering reactive
power. The following sections concerning our personal NILM implementation are structured as follows:
Section 6.1 presents the relevance of our contribution. Sections 6.2 and 6.3 present the algorithms and
the experiments implemented to test our proposal. Finally, sections 6.4 and 6.5 present the results and
conclusions of our work. A summary of the work presented here has been published in the conference
proceedings of IEEE ISGT 2024 [120].

6.1 Motivations

Deep learning methods have been very popular these last few years as they tend to achieve higher
disaggregation performance [15], [14] [107], [65]. DL techniques have the potential to extract the rele-
vant information in the aggregated signals and adapt well to unseen houses. Their main disadvantage
is the need for a labeled dataset. In particular, DL methods composed of Convolutional Neural Net-
works (CNN) have been particularly successful. In [56], the authors proposed a Sequence-to-Point
(S2P) CNN architecture; the input is a sequence of aggregated power, and the output is the estimated
power of one appliance at the midpoint of the sequence. In [65], the authors analyzed a Sequence-
to-Sequence (S2S) denoising Autoencoder (dAE). In [67] and [64], two S2S Variational Autoencoder
(VAE) models based on convolutional layers were proposed. In [74], the authors proposed an S2P
deep neural network based on residual connections and the attention mechanism. In these DL mod-
els and in the vast majority of publications, only aggregated sequences of the active power are used.
To the best of the author's knowledge, active and reactive power sequences are only used in [66] to
improve the performance of a dAE. Energy disaggregation is an ill-posed problem, and all the easily
available information must be used to obtain methods with high performance. Today, modern smart
meters like the Belgian smart meter do not only measure active power but also voltage, current, and
apparent power. This information could be used to improve the performance of the existing algorithms.

This work proposes the use of active and reactive power sequences for the estimation of appliance
power consumption with deep-learning regression methods. It is supposed that the additional use of
reactive power will improve not only the detection of the appliance in use but also the estimation
of its power consumption. In particular, the impact of a two-dimensional (2D) input with active
and reactive power is evaluated in two state-of-the-art methods: (i) an updated version of the S2P
algorithm introduced in [56], and (ii) a high-performing VAE from literature (VAE-NILM) [64].

6.2 Proposed method

Sequence-to-point (S2P) learning for Non-Intrusive Load Monitoring (NILM) was rst introduced in

[56]. The core idea of S2P is to use a sequence of aggregated power measurements as input to a neural
network, which then predicts the power consumption of a target appliance at the midpoint of that
sequence. Input sequences are generated using a sliding window approach, enabling disaggregation
at multiple time steps. By focusing on the midpoint, the S2P architecture leverages contextual in-
formation from both the past and future aggregated consumption to improve prediction accuracy. In
contrast, sequence-to-sequence (S2S) approaches predict an entire sequence of appliance-level power
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outputs from the input sequence. In S2S, a single point in the output sequence is often predicted
multiple times, once for each overlapping window, and the nal value is typically obtained by aver-
aging these predictions. However, this leads to degraded performance because the elements near the
edges of the input windows are poorly predicted. Experimental results in [56] demonstrate that S2P
outperforms S2S on two datasets and for two disaggregation metrics, MAE and SAE (see Section 4.2.

Figure 38 illustrates the concept of a sliding window in the context of two-dimensional sequence-
to-point prediction (2D S2P). On the left, two-dimensional input sequences are generated using a
sliding window (highlighted in red) applied to the aggregated active and reactive power measurements
recorded by the household's smart meter. On the right, the goal is to predict the appliance-level power
consumption at the midpoint of each input window. In this example, the sliding window covers one
hour.

Figure 38: Sliding window concept for a 2D S2P.

In this work, we propose an improved version of the S2P architecture introduced in [56]. Compared
to the original design, we introduce two key enhancements to the algorithm. First, active and reactive
aggregated power sequences are used at the input instead of only the active power sequences. This
changes the input from 1D to 2D. The addition of reactive power should improve the detection of
appliances in use and the estimation of their power consumption, thus improving the overall disag-
gregation results. Active (P) and reactive (Q) power are indeed strongly linked together and to the
appliance impedance (Z) through the apparent power (S) in 55:

2
S= b P2+ Q? = Vims lyms = Vréns

The use of reactive power can improve the signature of each appliance by making them more unique
and containing more information. Second, the architecture of the original CNN is modi ed with the
following elements: the addition of Batch Normalization (BN) layers, the addition of Max Pooling
(MP) layers, and the addition of a Drop-out (Dr) layer. This updated architecture is presented in
Figure 39. It comprises ve convolutional layers followed by two fully connected (dense) layers. In
the rst three convolutional layers, each is immediately followed by a Max Pooling layer and a Batch
Normalization layer. In the remaining two convolutional layers, only Batch Normalization is applied
after each layer. The network receives as input a two-dimensional time series representing one hour
of aggregated active and reactive power, sampled every six seconds (resulting in 599 time steps). The
model predicts the active power consumption of a specic appliance at the midpoint of the input
window. One model has to be trained for every appliance.

(55)
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Figure 39: Architecture of the proposed updated S2P algorithm. Filter (F), Kernel size (Ks), Stride
(S), Activation (A).

Batch normalization was rst introduced in 2015 in [121]. BN standardizes the input (z) of each
layer in a neural network. This process has many advantages; it helps prevent the gradient vanishing
or exploding problem, accelerates training, improves performance, and reduces the impact of initial-
ization. The equation (56) gives the normalized output 2 of a BN layer. During training, and are
the mean and standard deviation of the current batch. During the inference, and are xed and
equal to a moving average of the mean and standard deviation seen during the training. and are
parameters learned during the training. BN was used to improve the performance of DL NILM models
in [64], [122], [61], and [60].

P =

2 ), . (56)

Dropout is a popular regularization technique in deep neural networks introduced in 2012 [123]. It
helps to avoid over- tting by randomly dropping a xed percentage of the nodes during training.

Max pooling is a technique used to reduce the dimension of the input feature map. A reduced
number of parameters reduces the risk of over tting and helps generalize the model to unseen data. It
also lowers the computational cost of the model. With MP, the updated S2P (presented in Figure 39)
has three million parameters instead of thirty million in the original architecture from [56].

The model architecture and hyperparameters are inspired by the literature and have been adapted
either heuristically or by grid-search. An analysis of the optimal nhumber of layers with a similar archi-
tecture is done in [61]. Like in [66] and [61], although the input has a two-dimensional shape (window
size, 2), the model is composed of 1D convolutional layers, meaning that the kernels are only moving
along the temporal axis. The input data are pre-processed before training and inference. The 2D in-
put and the target are standardized by subtracting the mean and standard deviation of the appliance
active power with the same values as in [56].

The S2S VAE is exactly the same as in the original paper [64], except for the input layer, which
has been modi ed to accept 2D input sequences. Figure 40 illustrates the VAE-NILM architecture.
The variational autoencoder (VAE) consists of two main components: an encoder and a decoder (see
Section 3.5.4). The encoder is composed of seven IBN-Net sub-networks [124], followed by two fully
connected layers. Its objective is to map the relevant information from the aggregated power signal
into a regularized latent space. The decoder mirrors the encoder architecture and aims to reconstruct
the power signal of the target appliance from this latent representation. To improve reconstruction
accuracy, skip connections are introduced between corresponding IBN-Net blocks in the encoder and
decoder. These connections enhance performance by allowing the decoder to reuse informative details
from the aggregated signal during the reconstruction of the appliance-speci c load. The implementa-
tion is explained in detail in the original paper. The original python code is available in the VAE-NILM
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