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Abstract

Research on Smart Grids has recently focused on the energy monitoring issue,
with the objective to maximize the user consumption awareness in building
contexts on one hand, and to provide a detailed description of customer habits
to the utilities on the other. One of the hottest topic in this field is represented
by Non-Intrusive Load Monitoring (NILM): it refers to those techniques aimed
at decomposing the consumption aggregated data acquired at a single point of
measurement into the diverse consumption profiles of appliances operating in
the electrical system under study.

This work reports an up-to-date state of the art of most promising NILM
methods, with an overview of the public available dataset used on purpose and
the list of all the evaluation metrics used in this research field. Within all
the proposed methods, the Hidden Markov Model (HMM) based and the Deep
Neural Network (DNN) based ones have been detected as the most perform-
ing and most interesting from the future improvement point of view. In this
work, one method for each category has been selected and the performance
improvement achieved are described.

In the HMM based approaches, the Additive Factorial Approximate MAP
(AFAMAP) algorithm has shown outstanding capabilities and, therefore, it is
nowadays regarded as a reference model. In this work, the AFAMAP algorithm
has been extended, by means of a differential forward model, thus complement-
ing the existing differential backward model. Furthermore, an aggregated data
examination method has been employed, aimed to the detection of inadmissi-
ble working state combinations of appliances, as well as the constraints setting
based on the reactive power disaggregation feedback. In a second step, an
alternative formulation of the same algorithm is presented, in order to deal
with Additive Factorial Hidden Markov Models (FHMM) framework based on
bivariate HMM, whose emitted symbols are the joint active-reactive power sig-
nals. The experiments are conducted on the AMPds dataset, in noised and
denoised conditions. Additionally, a user-aided footprint extraction procedure
is presented as a facilitated procedure, in order to obtain a clean footprint from
the aggregated power signal in real scenario.

In the DNN based approaches, the Denoising Autoencoder (dAE) represents
one of the most performing approaches. In this work, this method is extended
and improved by conducting a detailed study on the topology of the network,

ix
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and by intelligently recombining the disaggregated output with a median fil-
ter. An exhaustive comparative evaluation is conducted with respect to the
AFAMAP algorithm. The experiments have been conducted on the AMPds,
UK-DALE, and REDD datasets in seen and unseen scenarios both in presence
and in absence of noise. Furthermore, the same method is explored when the
input size is increased, including the reactive power component near the active
power consumption.

Finally, similar computational intelligence techniques are applied in other
field, i.e. the smart water and gas grid, and audio application.
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Chapter 1

Introduction

In the recent years, the public awareness on energy saving themes has been
constantly increasing. Indeed, the consequences of global warming are now
tangible and studies have demonstrated that they are directly related to hu-
mans activities and their inefficient use of energy and natural resources [2, 3, 4].
The response of governments and public institutions to counteract this trend
is to promote policies for reducing energy waste and intelligently use natural
resources. The electricity grid is a key component in this scenario: the origi-
nal electromechanical grid, where the information flow was one-directional, is
transforming into the new digital smart grid [5] where the information flows
from the energy provider to distributed sensors and generator stations and vice-
versa. Part of this change involves the integration of smart meters in the grid
in order to provide detailed consumption information both to the consumers
and to the energy provider.

Indeed, recent studies demonstrated that this fine-grained information is
able to provide significant energy savings [6]. On the consumers side, the
knowledge of the energy consumption of individual appliances establishes a
virtuous behaviour towards a wiser use of electric energy [7, 8]. Studies showed
that this can lead to savings greater than 12% with specific appliance feedback
and personalised recommendations [6, 9, 10, 11, 12]. On the energy provider
side, fine-grained information enables the prediction of the power demand,
the application of management policies and the prevention of overloading or
blackouts over the energy network [13].

Providing detailed consumption information without installing several dedi-
cated meters requires intelligent methods able to infer the energy consumed by
individual appliances with minimal metering points. Non-intrusive load moni-
toring (NILM) denotes the class of methods and algorithms able to perform this
task by using the electrical parameters measured in a single-point [6, 14, 15].
Originally developed in the seminal work by Hart [16], NILM has been an ac-
tive area of research in the last years. The most promising approaches recently
presented in the literature are based on machine learning algorithms, and their
general scheme consists in extracting significant features from the measured
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electrical parameters and then estimating the appliance specific active power
signal by using a supervised or unsupervised algorithm [14, 17].

As aforementioned, machine learning techniques have become a popular
choice for NILM, since they showed significant disaggregation performance:
in particular Hidden Markov models (HMMSs) [18, 19, 20, 21, 22, 23, 24, 25,
26, 27, 28, 29, 30] and Neural Networks (NN) [31, 32, 33, 34, 35], despite
other approaches as graph-based signal processing [36], Support Vector Ma-
chines (SVM) [37], k-Nearest Neighbours [37], and Decision Trees [38] have
been successfully employed for NILM. This dissertation is focused on the first
two categories.

The majority of the approaches employ the active power (P,) consumption,
but other signals can be also effectively used, in order to have a better repre-
sentation of the electric load, such as reactive power (P,). This dissertation is
focused on the exploitation and the integration of the reactive component of
the power consumption within the approaches under study, in order to improve
their performance.

Additionally, similar techniques based on computational intelligence approaches
are exploited in other fields, as smart water and gas grid, and audio application.

The outline of the dissertation is the following. In Chapter 2, the NILM
is introduced, with an update state of the art of the approaches in literature
and the dataset publicly available for the experiments. Chapter 3 describes the
fundamental notion on the Hidden Markov Model e Neural Network paradigm,
entering in details for the models parameters meaning and the training algo-
rithm for their estimation. The details of the proposed disaggregation algo-
rithm are presented in Chapter 4 and Chapter 5, respectively, AFAMAP [22]
and the denoising Auto Encoder [32]. In both chapters, the improvement of
the method and the experimental setup are described, with a discussion on the
related results. For both the approaches, the integration of the reactive power
component has been proposed. Furthermore, advancement in the fields of smart
water and gas grid, and audio application are presented in Chapter 6. Finally,
Chapter 7 concludes this dissertation and presents future developments.
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Chapter 2

Non-Intrusive Load Monitoring

The issues relating to the energy conservation and efficiency have gained a role
of great importance, both from the point of view of the consumer and the
energy provider. Furthermore, over the years, the infrastructures for energy
distribution have undergone an ageing process, which have led to the study of
the possibility in smart grids implementation, in which a set of information from
detection and network management systems can be transmitted in addition to
energy [39, 40].

Useful information, about the characteristics and operating behaviour of an
electrical system, can be obtained by means of the power consumption analysis,
in order to predict the power demand (load forecasting), to apply management
policies and to avoid overloading or blackouts over the energy network. Sim-
ilarly, from the user perspective, the lifestyle of the people in a house can be
predicted by the energy consumption analysis, allowing to implement policies
for advantageous time tariffs [41].

Over the years, several studies have demonstrated that the energy consump-
tion awareness (i.e., which appliances are operating at a certain time instant
and how much electrical power they are consuming) influences the user be-
haviour [7]. Specifically, the awareness conducts to moderate energy consump-
tion, resulting in monetary savings and reduction of the energy required to the
provider. Furthermore, applying this consideration to commercial or industrial
environments, it may provide larger energy saving [42].

In the struggle to improve the energy efficiency of residential environments,
the availability of information about the appliances in use can support auto-
mated optimization approaches [43, 44].

Load monitoring has become a challenging problem, and several techniques
have been studied to solve it. This work is focused on Non-Intrusive Load
Monitoring (NILM) algorithms, introduced by [16], which aim to separate the
aggregated energy consumption signal, measured in a single centralized point,
in the individual signals from each appliance, using a simple hardware but
smart software algorithms. This solution replaces a distributed smart socket

grid inside the house, resulting in lower implementation costs and less invasive
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solutions for the end user.

2.1 Problem statement

The NILM problem can be formulated as follows: let y(¢) be the aggregated
signal measured at the time index t. Without lack of generality, here it is
supposed that y(t) represents the active power. y(t) can be expressed as the
sum of the active power contributions of each appliance:

N
y(t) =D yilt) +e(t), (2.1)
i=1

where N is the number of appliances, y;(t) is the individual contribution of
appliance i, and e(t) is a noise term. The NILM problem is, thus, the task of
finding the individual appliance contributions y;(¢) given only the aggregated
measurement y(t). In a denoised scenario [28], the term e(t) is zero, while
in a noised scenario e(t) can comprise both measurement noise and the con-
tributions of other appliances (e.g., unknown or always-on appliances). The
noise term can be treated as a single additional appliance or as an actual noise
contribution.

The NILM is classified as a Blind Source Separation (BSS) problem. Specif-
ically, it is categorized as a single-channel overcomplete BSS, since the signals,
i.e. the power consumptions, flows through the electric line from the multiple
loads to the unique sensor, i.e. the smart meter. In the case of analysing the
active power consumption, the meter samples the aggregate current flowing in
the electric line, and multiplying it with the voltage values, which is approxi-
mately a fixed value, it allows to calculate the aggregate power consumption.
In order to exploit the reactive power data, both current and voltage have to be
sampled in the electric line, in order to recover the phase between them, which
is the crucial information for the reactive power calculation. The introduction
of the second meter allows to reach an higher level of representation of the
problem, which reverse in a more accurate disaggregation results.

2.2 State of the Art

This section presents an overview of the recent literature on NILM.

Several approaches are proposed in the literature, which could be gathered
in two main categories, as discussed in [45] (Figure 2.1): load classification and
source separation. In the former, the disaggregation is achieved by a first step
of signature detection, which corresponds to the activation of a specific appli-
ance, and a second step of event classification by means of appliance model,



“PhDthesis” — 2018/2/14 — 12:59 — page 5 — #23

2.2 State of the Art

Aggregate signal

Load S T 1 dR T /] ,
Classification

e B EEE

: | | BTN T

Separation

Figure 2.1: NILM paradigm: the overall power load, given as input, is dis-
aggregated in output signals, each one representing an appliance
contribution (i.e., dishwasher, microwave and washing machine).

previously trained over some training data. In the latter approach, the dis-
aggregation is achieved by recovering the source signals, which in this case
correspond to the electrical consumption of each appliance in the network.

For the load disaggregation purpose, defining how the specific appliance in
the circuit can be identified within the aggregated signal is fundamental: for
this reason a signature is defined as a particular trait over the aggregated signal
that can be associated to a specific appliance, which can be exploited to permit
the disaggregation goal.

For different application, signature is defined in different ways. Two main
signature categories can be found in the literature: steady-state and transient
signature. The former [16, 18, 22, 25, 26, 19, 32, 33, 34, 23, 36, 27| relates
to changing operation state of the appliance (i.e., when an appliance is turned
on/off), which is reflected on the power characteristics: the value of power mea-
surement is stable in time until the appliance changes operation state, thus this
kind of signature can be captured with low frequency sampling (respectively in
the order of Hz). Nevertheless, low resolution may results unsuitable if rapid
state changes occur. The latter [46, 14, 17, 47, 48, 49, 35, 50, 51] is based on
the transient phenomena between steady-states: high frequency noise in elec-
trical current or voltage, as a result of an appliance changing operation state,
can be exploited to recognize the different appliances. For this purpose, an
high sampling rate is required (respectively in the order of kHz), with a more
complex and costly hardware equipment [17]. This explains why the scientific
community devoted particular attention to steady state approaches.

The necessity of the user intervention for creating appliance models distin-
guishes supervised from unsupervised approaches [52]. The first implies the
availability of the individual signals of each appliance. In a real operating
scenario, this translates into requiring support by the user, that should sequen-
tially switch on the appliance of interest and switch off the remaining [16].
In this dissertation, this requirement has been partially reduced by allowing
selected appliances (e.g., the fridge) to remain operational while signatures of
the other appliances are being created, as described in Section 4.4. The lat-
ter have been the preferred choice in the literature, since they represent the
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Training sets

Appliance 1

Source NILM
modelling algorithm

Appliance K

(]
» Appliance K

(a) Supervised method.

» Appliance 1
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[ J
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(b) Unsupervised method.

Source NILM
modelling algorithm

Figure 2.2: Comparison of supervised (a) and unsupervised (b) method.

most convenient approach for end-users. Unsupervised techniques provide the
means to automate the learning process, thus being completely transparent to
the user. Furthermore, they are capable of dynamically adapting to the power
system changes over time (i.e., addition, removal, or substitution of appliance)
[563]. However, their major shortcoming is represented by the inability to ap-
ply an appropriate label to the disaggregated signals. Different approaches
try to overcome these limitations by exploiting the information contained on a
generic labelled dataset and generalising to unseen household data by using an
unsupervised algorithm [19].

A comparison between the steps required for a supervised and an unsuper-
vised approach is depicted in Figure 2.2: in order to achieve the load dis-
aggregation purpose, for the former approach individual appliance data are
necessary to create models used by the NILM algorithm, while for the latter
approach no information other than the aggregate data is required. Although
various techniques have been already presented in the literature, which ob-
tain reasonable performance, most of them are based on supervised algorithms
(i.e., require individual appliance data for model training, prior to the system
deployment), thus their functioning depend on the user intervention and the
a-priori knowledge of the power system parameters in which they are working.
In order to prevent these inconveniences, unsupervised NILM techniques have
been developed: these approaches do not require individual appliance data and
the models information is captured only using the aggregated load, without the
user intervention. Furthermore, the unsupervised approaches are independent
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from the number of the appliances forming the aggregated load and capable
of dynamically adapt to the power system changes over time (i.e., addition,
removal or substitution of appliance).

For a recent review and a taxonomy, please refer to [54, 55, 14, 17]. In
[56] different approaches are described, also with an overview over metering
equipment for data logging.

Some techniques are publicly available implemented within the NILMTK
toolkit [1] and the NILM Eval framework [57].

Among unsupervised approaches, the ones based on FHMMs have been de-
voted particular attention in the last years. One of the earliest work on the
topic has been presented in [18] by Kim and colleagues. The key idea is to
model each appliance with independent parallel HMM each contributing to the
aggregate power. The framework is assessed by using the steady-state real
power signal, but it allows multidimensional features as input. In [19], the
authors employ HMMSs in a Bayesian framework in order to combine multiple
models and form a general model of an appliance. Labelled data are required in
the training phase and then appliance specific models are tuned on aggregate
data without requiring user intervention. In the literature, particular attention
has been devoted to the algorithm proposed by Kolter and Jaakkola [22], since
it showed noteworthy performance with a reasonable computational complex-
ity. The Additive Factorial Approximate Maximum a Posteriori (AFAMAP)
algorithm is an efficient method, based on an optimization problem, for the
inference of the working states combination in the Factorial Hidden Markov
Model framework. The authors introduced the AFAMAP algorithm, where
they constrain the posterior probability to require only one HMM change state
at any given time. Semi-Markov models are combined with Hierarchical Dirich-
let Process in [29] for inferring both the state complexity of the models and
the duration of the distributions. The authors use the active power as input
feature and evaluate the performance on the five most consuming appliances
of the REDD dataset [30]. Makonin and colleagues in [28] proposed the sparse
Viterbi algorithm for disaggregating the active power online and in real-time.
Sparse Viterbi exploits the matrix sparsity in HMMs and it was evaluated
on the AMPds [58] and REDD [30] datasets. Aiad and Lee [52] augmented
FHMMs with additional chains for modelling possible interactions among the
appliances. The algorithm operates on the active power input feature and it
was evaluated on the REDD dataset. The work in [23] introduces an FHMM
model with unbounded number of chains, and states for each chain as well.
In [24] the authors introduce Hierarchical FHMM with the aim of overcom-
ing the device independence assumption and the one-at-time condition. The
algorithm operates on the steady-state active power signal by clustering the sig-
nals of correlated devices and then by training HMM models on the identified
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clusters (denoted as “super devices”). In the disaggregation phase, inference
is performed with AFAMAP on the super devices, and the result is mapped
back to the original device by using the state relation table learned during the
training phase. Compared to the original AFAMAP algorithm on the REDD
and Pecan datasets, the method proposed by the authors provides significant
performance improvements. Zhong et al., [25] incorporate domain knowledge
in the FHMM in the form of signal aggregate constraint. In the NILM scenario,
this translates into constraining the total energy consumed in a day by an ap-
pliance to be close to a predefined value. The algorithm was assessed on the
Household Electricity Survey dataset and compared to the Additive Factorial
HMM and the AFAMAP algorithms. The results showed that the method in-
deed achieves better performance in terms of disaggregation error. In a different
work [26], the same authors introduce interleaved factorial non-homogeneous
hidden Markov model (IFNHMM), where the transition probabilities of the
models are supposed time variant in order to represent the different pattern of
usage of an appliance during the day. In addition, at each time step only one
chain is allowed to change. The algorithm presented in [27] combine FHMM
and Subsequence Dynamic Time Warping (SDTW). The FHMM is employed
in the first stage to identify only the ON and OFF state of each appliance.
SDTW, then, is applied iteratively to extract the final output. The authors
propose both a supervised and semi-supervised version of the algorithm, with
the latter employing the aggregate signal and consumption diaries to extract
the appliance signatures.

The works presented above perform load disaggregation by using the active
power as the only input feature. Differently, in [21], the authors propose a
structural variational approximation method and they evaluated the combina-
tion of five features: active and reactive power, power factor, and the active and
reactive power standard deviation calculated in a window of five samples. The
algorithm is evaluated in a “denoised scenario”, for different combinations of
low-power appliances (e.g., laptop, desk lamp, LCD monitor). Instead of using
only electrical parameters, in [59] the authors proposed the inclusion of con-
textual information represented by the timing-usage statistics and the presence
of the user in the house. The disaggregation algorithm is based on AFAMAP
and Conditional FHMMs, and the experiments are conducted on the Tracebase
dataset augmented with synthetic contextual information.

Among the techniques appeared in the literature, Deep Neural Networks
(DNN) have been devoting particular attention in the last years, since they
exhibited noteworthy performance for load disaggregation [32, 33, 34]. In [33],
the authors proposed an approach based on Long Short-Term Memory (LSTM)
neural networks [60]. The algorithm consists in training a neural network for
each appliance in order to predict a sample of the disaggregated active power
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from a segment of aggregated data. Neural networks have been combined
with HMMs in [34]: the emission probabilities of the HMM are modelled by
a Gaussian distribution for state representing the single load, and by a DNN
for state representing the aggregated signal. Similarly to [33], LSTMs have
been also employed in [32], this time combined with convolutional layers at
the input of the network to extract the features of the signal directly from raw
data. In the same paper, NILM is treated also as a noise reduction problem,
where the clean signal is represented by the disaggregated appliance profile, and
the noise signal by the remaining profiles and the measurement noise. Noise
reduction is performed by using a denoising autoencoder (dAE) composed of
convolutional and fully connected layers that estimates the appliance profile
from the aggregated noisy signal. An additional approach proposed in [32] uses
a neural network that estimates the start time, the end time, and the mean
power demand of each appliance. In the experiments conducted by the authors
on the UK recording Domestic Appliance-Level Electricity dataset (UK-DALE)
[61], they demonstrated that the most performing approach is represented by
the dAE network, that outperformed both the other DNN architectures, and
the FHMM method proposed in [30].

A different approach has been proposed in [62], where the algorithm employs
motif mining to identify recurring events. In particular, based on the a-priori
knowledge of the number of devices, it operates by firstly removing the appli-
ances that are always on. Then, it identifies the steady-states power levels with
a Dirichlet process Gaussian Mixture Model, and it detects repetitive sequences
of power level changes. The probabilistic sequential mining stage discovers de-
vices with several sequential power levels. The algorithm operates by firstly
clustering power levels according to time of day and day of the week. Finally,
the motif mining stage finds repetitive episodes in the time series. On average,
the results obtained on the REDD dataset showed a superior performance with
respect to the AFAMAP algorithm [22]. In [36], the authors propose a graph
signal processing (GSP) approach that do not require training data. The GSP
paradigm is employed for event detection, clustering and feature matching.

Although in the majority of the approaches the active power (P,) consump-
tion is employed, other signals can be also effectively used, in order to have
a better representation of the electric load, such as reactive power (P,) con-
sumption, current (I) and voltage (V') signal. Beside using the raw signal,
better performance can be achieved introducing a feature extraction stage, in
order to represent information at an higher level: different kind of ensemble
averages (i.e., mean, variance) or the application of transform operator (i.e.,
Fourier, Wavelet, ST, Hilbert) are the main features employed. In addition,
other quantities can be extracted to represent specific information about the
appliance usage, such as cycling frequency and temporal duration usage, or in-
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Table 2.1: Comparison of household energy data sets.

Contribution Dataset Location Duration Number of Appliance sample Aggregate sample

per house houses resolution resolution

[30] REDD USA 3-19 days 6 3 sec 1 sec & 15 kHz

[63] BLUED USA 8 days 1 transition label 12 kHz

[64] UMass Smart USA 3 months 3 1 sec 1 sec

[65] Tracebase DE N/A 15 1-10 sec N/A

[66] Pecan Street USA 7 days 10 1 min 1 min

[67] HES UK 1 or 12 months 251 2 or 10 min 2 or 10 min

[58] AMPds CDN 1 year 1 1 min 1 min

[68] iAWE IND 73 days 1 1 or 6 sec 1 sec

[61] UK-DALE UK 3-17 months 4 6 sec 1-6 sec & 16 kHz

[69] GreenD AT/IT 1 year 9 1 sec 1 sec

[70] COMBED IND 18 months 8 30 sec 30 sec

[57] ECO CH 8 months 6 1 sec 1 sec

[71] BERDS USA 1 year N/A 20 sec 20 sec

[72] SustData PT 5 years 50 50 Hz 50 Hz

dicator representative of the appliance electric circuit, such as current/voltage

harmonic distortion.

2.3 Datasets

Every problem to be solved with machine learning and data mining techniques
requires the availability of data for algorithm parametrization: the ability to
access public dataset, representative of a real scenario, allows to test the ap-
proaches, in order to evaluate the effective benefit in real applications, and
to compare the performance of existing approaches on a common comparison
basis. In order to evaluate the effectiveness of the algorithms and the perfor-
mance about the disaggregation task, both aggregate and appliance specific
data, which represent the ground truth, are required.

Comparison between the datasets, highlighting their main characteristics,
such as duration, number of houses and signal sampling frequency is shown in
Table 2.1. This comparative table is an extension of the proposed one in [1],
with an update considering the recent datasets published in the last year.

From a geographic point of view, in most cases the datasets are recorded
in USA, with some examples for European countries (i.e., Germany, United
Kingdom, Austria, Italy, Switzerland and Portugal), besides Canada and In-
dia. The recording coming from different country could lead to mismatching
between electric quantity (i.e., the RMS voltage value is 220V in Europe and
110V in USA), thus attention needs to be paid when different datasets are
used in the same system development. It can be noticed that the consumption
recordings last several days or few months for many contributions. Neverthe-
less, several datasets contain recordings one or more years long: in these cases
is possible to study the human behaviour over a long time, comprising the effect
of seasonal changes on consumption. In addition, only in [67, 72] an high num-
ber of houses is present, which lead to studies about power circuit behaviour

10
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Figure 2.3: The processing pipeline of NILMTK. Courtesy of Batra et al. [1].

in different households. Regarding the sampling frequency of the aggregate
data and specific appliance signals, there is a common trend about using a
sampling interval between 1 sec and 1 min. Only in [30, 63, 73] an higher
sampling frequency, in order of kHz, is used, which allows the development of
more sophisticated algorithm: the availability of an higher data resolution al-
lows to examine transient phenomena, which can be used for a more complete
description of the problem.

In [1] an open source toolkit is presented, called NILMTK, useful to evaluate
NILM algorithms in a simple way over different datasets. The toolkit contains
a data importer for each dataset, a set of preprocessing and statistics functions,
a list of some disaggregation algorithms and a set of metrics to evaluate the
performance of such algorithms. The complete processing pipeline is reported
in Figure 2.3.

2.4 Evaluation metrics

The metrics chosen for the performance evaluation have to represent both the
aspects of the disaggregation problem: the classification of the switching activ-
ity of the appliances and the accuracy of the disaggregated profiles compared
to the ground truth appliance consumption [73].

In order to evaluate both aspects of the NILM problem, algorithms have
been evaluated by using the following metrics:

e Energy-based Precision (P(#)), Recall (R(F)), and F;-Measure (Fl(E))
[22];

e Normalized Disaggregation Error (NDE) [22];
e Normalised Error in Assigned Power (NEP) [73];
e State-based Precision (P(%)), Recall (R()), F;-Measure (Fl(s));

e Matthews Correlation Coefficient (MCC) [73, 74].

11
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Energy-based Recall measures the part of the power consumption that has
been correctly classified, whereas the Precision measures the amount of power
assigned to an appliance that actually belongs to it. Considering the i-th
appliance, Pi(E) and RZ(E) are calculated as follows:

pE) _ Lo min G0 3i1) o) _ Xy min (5:(1). 5i(1)
Z et 9i(1) ’ i vi(t)

where ;(t) is the disaggregated power consumption signal, y;(¢) is the ground

.22

truth appliance power consumption signal, and 7" is the total number of sam-
ples. In order to evaluate the total performance of the disaggregation algorithm,
the metric average across the appliances is computed as follows:

1 & 1 o
PE = =% PP RE = T2 R, (2.3)
i=1 i=1

The Fi-Measure is calculated as the geometric mean between Precision and

Recall:
PE) P(E) R(E)

The Normalized Disaggregation Error (NDE) [22] provides a direct measure
of the ability of the algorithm of reconstructing the active power profiles, and
it is defined as:

SN (i) — 9a(t)”
w)

NDFE =
Y Yo (@)

(2.5)

The Normalised Error in Assigned Power (NEP) measures the deviation of
the estimated power §;(t) from the true power y;(t) normalised by the total en-
ergy consumption of the appliance. Considering appliance ¢, NEP is calculated
as follows:

NEp. — e it = 3:(t)] 26)
’ Zle yz(t)

State-based metrics are defined based on the actual and predicted state of an
appliance. More in details, considering appliance i, true positives (TP), false
positives (FP), false negatives (FN), and true negatives (TN) are defined as

12
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follows:

T

TP; = AND(x;(t) = on,#(t) = on), (2.7)
t=1
T

FP; = AND(z;(t) = off, #;(t) = on), (2.8)
t=1
T

FN; = AND(z;(t) = on, #;(t) = off), (2.9)
t=1
T

TN; =Y  AND(z;(t) = off, &;(t) = off), (2.10)
t=1

where x;(t) and &;(t) are respectively the actual and the predicted state of
appliance i at the time index ¢. Appliance i is considered in the “on” state if
yi(t) exceeds a predefined threshold. Generally, the threshold varies with the
appliance and it assumes the same value used for extracting the activations
within the ground truth power consumption [32]. State-based Precision and
Recall are defined as:

P TP (S) TF;

="' g A 2.11
‘ TP, + FP;’ B; TP, + FN;’ ( )

In the case of multi-state models, e.g. HMM or FSM, the state based metric,
considers the ability of the system to infer the exact state of evolution of each
HMM in the model: for the i-th appliance, the multiclass confusion matrix is
built by comparing, for each time instant ¢ = 1,2,...,T, the disaggregation
variables é’t(i) value assumed in the problem solution, with the exact evolu-
tion state mgi), defined as the ground truth. Each class corresponds to a state
j = 1,...,m; of the i-th HMM. Since that the values in £§i) are not-integral,
the computed confusion matrix is soft weighted, similar to the fuzzy-logic [75].

)

For each class, the Precision Pi(j and Recall Rl(»j ) are computed, then the av-

erage between the classes evaluates the medium performance for each HMM:

1 mg s

. 1 i
P = » S P9, RS - — RY. (2.12)
(] j=1 v Jj=1

Finally, state-based Fi-Measure is given by:
N

() R(S) N
(5) — & i (S) _ i (S) (S) _ i (S)
Fy7 = PO T RO with P/ = N ;Pi , R\ = N ;Rz . (2.13)

13
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The Matthews Correlation Coefficient is defined as:
TP, TN; — FP,FN;

MCC,; = . (2.14)
V(TP + FP)(TP; + FN;)(TN; + FP,)(TN; + FN;)
and
1 N
MCC = ; MCC;. (2.15)

MCC assumes values in the range [—1, 1], with +1 representing perfect pre-
diction, 0 random prediction, and —1 total disagreement between the ground
truth and the prediction.

In the case of the metrics are evaluated for a signal window wy with f = 1,2,...

the metrics are averaged over the windows, since the performance are evaluated
over the entire dataset:

F F

1 1

Pi{S’E} == E Pi{sf’Ef}, RjS’E} =% E Rz{sfvEf}' (2.16)
f=1 =1

2.5 Remarks

Regarding the datasets, the difference among the many appeared in the litera-
ture is highlighted, in terms of amount of recorded data, number of houses and
sampling frequency. All these parameters, together with the characteristics of
the available smart meter providing the aggregate consumption data in the
operating scenario, strongly influence the choice of the NILM technique and
therefore the dataset for algorithm design and optimization must be carefully
selected.

14
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Background

The Computers are able to perform complex calculus operations in a short
amount of time. However computers cannot compete with humans in dealing
with: common sense, ability to recognize people, objects, sounds, comprehen-
sion of natural language, ability to learn, categorize, generalize.

Therefore, why does the human brain show to be superior w.r.t common
computers for these kind of problems? Is there any chance to mimic the mech-
anisms characterizing the way of working of our brain in order to produce more
efficient machines?

In the field of signal analysis, the aim is the characterization of such real-
world signals in terms of signal models, which can provide the basis for a theo-
retical description of a signal processing system. They are potentially capable
of letting us learn a great deal about the signal source, without having to have
the source available.

Therefore, in this chapter two family of modelling technique are described,
i.e., the Hidden Markov Models (HMM) and the Deep Neural Network (DNN).
After a theoretical description, the algorithms used for their parameter esti-
mation are described, with a focus on the most widely model structure used in
the field of the NILM.

3.1 Hidden Markov Model (HMM)

Within the multiple technique available, there are several possible choices for
what type of signal model is used for characterizing the properties of a given
signal. The most widely used categorization gather the methods in determin-
istic models and statistical models. In this chapter, it is interesting to explore
the statistical models, which try to characterize only the statistical properties
of the signal.

The underlying assumption of the statistical model is that the signal can be
well characterized as a parametric random process, and that the parameters of
the stochastic process can be determined (estimated) in a precise, well-defined
manner. One type of stochastic signal model is the Hidden Markov model

15
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(HMM). This model is based on some theoretical fundamentals. The treatise
followed in this chapter is inspired by [76].

Firstly, a discrete Markov process need to be introduced. It is a system
which may be described at any time as being in one of a set of N distinct
states, S1,5%,...,S9n. The time instants associated with state changes are
defined as t = 1,2, ..., while the actual state at time t as ¢;.

In a discrete, first order, Markov chain, this probabilistic description is trun-
cated to just the current and the predecessor state:

Plg: = Sjlgi—1 = Sis qt—2 = Sk, ...] = Plgs = Sj|q—1 = Si]. (3.1)

In those processes, the right-hand side of the equation is independent of time.
Additionally, a set of state transition probabilities a;; is defined in the form:

a;j = Plgy = Sj|lqu—1 = S;] for 1 <i4,j < N. (3.2)

The state transition coefficients follow the properties:

N
Zaij =1 with Qi Z 0 (33)
j=1

since they obey to standard stochastic constraints.

The notation to denote the initial state probabilities is the following:

The model defined above is classified ad an observable Markov chain, since
the output of the process is the set of states at each instant of time. The
extension to Hidden Markov models (HMM) introduces the fundamental that
the observation is a probabilistic function of the state, i.e., the resulting model
(which is called a hidden Markov model) is a doubly embedded stochastic pro-
cess with an underlying stochastic process that is not observable (it is hidden),
but can only be observed through another set of stochastic processes that pro-
duce the sequence of observations.

Therefore, the elements which constitute an HMM are the following:

e N, the number of states in the model. Generally the states are intercon-
nected in such a way that any state can be reached from any other state
(e.g., an ergodic model) individual states as S = {S1,S2,...,Sn}, and
the state at time t as ¢;.

e M, the number of distinct observation symbols per state, i.e., the discrete
alphabet size. The individual symbols is denoted as V' = {vy, va, ..., vp}.

16
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e The state transition probability distribution A = {a;;}, where:
aij = P[QtJrl = Sj|qt = Sl] for 1 S i,j § N (35)

For the special case where any state can reach any other state in a single
step, we have a;; > 0 for all 4,j. For other types of HMMs, we would
have a;; = 0 for one or more (4, j) pairs.

e The observation symbol probability distribution in state j, B = {b;(k)},
where:

bj(k) = Plug at tlgs = Sj] for 1 <j< N, 1<k<M (3.6)

e The initial state distribution 7 = {m;}, where:

The HMM can be used as a generator to give an observation sequence:
O =01,0,,...,0r (3.8)

where each observation O, is one of the symbols from V', and T is the number
of observations in the sequence.

A complete specification of an HMM requires the definition of two model
parameters (N and M), specification of observation symbols, and of the three
probability measures A, B, and w

A= (A,B,x). (3.9)

The probability of the observation sequence, O = O1,0s, ..., Or, given the
model A, i.e., P(O|\) for the state sequence Q = ¢1, ¢, ..., qr is defined as:

T
P(0|Q, ) :H (Otlqe, ) (3.10)
= g, (01)bg; (O2) -+ - by, (Or) (3.11)

in which it is assumed the statistical independence of observations.

The probability of such a state sequence @ is defined as:
P(Q|/\) = Tqy Qq1q2 Ag2q3 """ Agr_1qr- (3'12)

17
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Therefore, the joint probability of O and @ is:
P(O,Q[N) = P(O|Q,A) P(Q[A) (3.13)

The probability of O (given the model) is obtained by summing this joint
probability over all possible state sequences ¢:

P(OIY) =) P(OIQ.)) P(QIN) = (3.14)
allQ
= Z Tq1bg1(01)4,4,04,(02) - Agr 11 b7 (O1) (3.15)

and an efficient procedure to solve the problem is the Forward-Backward pro-
cedure.

The forward variable ;(7) is defined as:
ay (i) = P(O102--- O, ¢t = Si|A) (3.16)

and the probability of the partial observation sequence, 0103 - - - O; (until time
t) and state S; at time ¢, given the model ), is solved exploiting (i) induc-
tively, following the procedure:

1. Initialization:

Oél(i) = Wlbl(Ol) for 1 S ) S N. (317)
2. Induction:
N
Oét+1(j) = lz at(i)aij bj(Ot—i-l) for 1 S t S T— 1, 1 S ] S N. (318)
i=1
3. Termination:
N
P(O|N) =) ar(i). (3.19)
i=1

On the other hand, a backward variable 5;(7) is defined as:
5t(l) = P(Ot+10t+2 T OT|(]t =S, >\) (3'20)

and the probability of the partial observation sequence from ¢ + 1 to the end,
given state S; at time ¢ and the model ), is solved exploiting the 3;() induc-
tively, following the procedure:

1. Initialization:
Br(i) =1for 1 <i<N. (3.21)

18
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2. Induction:

Zau (O141)Be41(j) for t =T —-1,T—2,..., 1,1 <i <N

(3.22)

Solution to Problem 2: how do we choose a corresponding state sequence

Additionally, finding the optimal state sequence Q = ¢1,q2,...,qr associ-
ated with the given observation sequence is defined exploiting several possible
optimality criteria.

The variable -, (7) defines the probability of being in state S; at time ¢, given
the observation sequence O, and the model A:

Ye(i) = P(q: = Si|O,\) = (3.23)
_a@Be() _ au(i)Bi(i)
PO T au()Bi) 20

where oy (i) accounts for the partial observation sequence 0103 - - - O and state
S; at t, while (i) accounts for the remainder of the observation sequence
Ot+10f+2 -Or given state S; at t. The normalization factor P(O|)\) =
S0iLy o (i)Be(i) makes ST (i) = 1.

The most widely used criterion is to find the single best state sequence (path)
Q = {q1q2- - qr} for the given observation sequence O = {010 ---Or}, i.e.,
to maximize P(Q|O, \) which is equivalent to maximizing P(Q,O|\). This
criterion is satisfied by the Viterbi algorithm. The quantity 0,(¢) is defined
as the best score (highest probability) along a single path, at time ¢, which
accounts for the first ¢t observations and ends in state S;:

5:(i) =  max  Plgrqa-q =1,0105--- O], (3.25)
q1,q2,- ,qt—1

and, by induction:
Oe+1(7) = [max 8, (i)aij]bj(Ort1) (3.26)

To actually retrieve the state sequence, we need to keep track of the argument
which maximized d¢41(j), for each ¢ and j, via the array 1:(j). The procedure
follows the steps:

1. Initialization:

51(1) = 7'('1()1,(01) for 1 S ) S N (327)
P1(i)=0for 1 <i< N (3.28)
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2. Recursion:

5,5(]) = 1<ia<>§v[5t,1(i)aij]bj(0t) for 2 S t S T, 1 §] S N (329)

Ye(j) = arg max [0;—1(i)a;;] for 2<t<T,1<j< N (3.30)
1<i<N

3. Termination:

P = lrgn%%[(iqﬂ(i)] (3.31)
gr = arg max [or(i)] (3.32)

4. Path (state sequence) backtracking:

4 = Vip1(qiyy) fort =T —-1,T—2,...,1 (3.33)

3.1.1 Baum-Welch algorithm

Finally, a method to adjust the model parameters (A, B, 7) to maximize the
probability of the observation sequence given the model P(OJ|)\) is defined.
Given any finite observation sequence as training data, there is no optimal way
of estimating the model parameters. One solution is to choose A = (A, B, )
such that P(O|)\) is locally maximized using an iterative procedure such as the
Baum-Welch method.

The variable & (i, j) is defined as the probability of being in state S; at time
t, and state S;, at time ¢ 4+ 1, given the model and the observation sequence:

&(4,5) = P(g = Si, i1 = S50, N) = (3.34)
(1) aijbi(Op1) B ()
= P(O|J/r\) = (3.35)

B Ozt(i)ai]'bj(Ot-i-l)Bt—i-l(j) (336)

IS E;'V:1 at(1)a;ijbj(Ot11)Be+1(4)

where the numerator term is just P(¢ = S;,¢41 = Sj, O|\) and the division
by P(O|\) gives the desired probability measure.

Since Zz:ll ~:(7) represents the expected number of transitions from S;, and
23:11 &:(4, j) the expected number of transitions from S; to S;, the two variable
(i) and & (7, j) are related by summing over j:

N
w(i) = &li,5). (3.37)
j=1

Using the concept of counting event occurrences, the estimated parameters
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are defined as follow:

=71(i) (3:38)
. Zt ) €t(1 7) (3.39)
! Zt:l rYt( )
T .
B](k) _ Zt:l,s.t.Ot:’l}k ’Vt(]) (3-40)

23:1 VMt (J)

The model X is more likely than the model X in the sense that P(O|X) > P(O|\),
i.e., we have found a new model X from which the observation sequence is more
likely to have been produced. If X is iteratively used in the place of A and
repeat the reestimation calculation, the probability of O being observed from
the model can improved, until some limiting point is reached. The final result
of this reestimation procedure is called a maximum likelihood estimate of the
HMM. It has to be highlighted that the forward-backward algorithm leads to
local maxima only.

The Baum-Welch reestimation equations are essentially identical to the EM
steps for this particular problem, and the stochastic constraints of the HMM
parameters are automatically satisfied at each iteration:

N
domi=1 (3.41)
=1
N
Za-]- =1for1<i<N (3.42)
M
Z ky=1for1<j<N (3.43)

3.1.2 Factorial HMM

In an HMM, information about the past is conveyed through a single discrete
variable, e.g., the hidden state. A generalization of HMMs in which this state
is factored into multiple state variables and is therefore represented in a dis-
tributed manner.

An HMM encodes information about the history of a time series in the value
of a single multinomial variable, e.g., the hidden state, which can take on
one of K discrete values. This multinomial assumption supports an efficient
parameter estimation algorithm, the Baum-Welch algorithm, which considers
each of the K settings of the hidden state at each time step.

An HMM with a distributed state representation let the model automatically
decompose the state space into features that decouple the dynamics of the
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process that generated the data, therefore the task of modelling time series
that are known a priori to be generated from an interaction of multiple, loosely-
coupled processes.

The treatise followed in this chapter is inspired by [77].

The generalization of the HMM state representation let the state be repre-
sented by a collection of state variables:

Sy =8M, .. 8 8D (3.44)

where M is the number of underlying distributed variables, each of which can
take on K (™) values.

This model is defined as Factorial Hidden Markov model (FHMM), as the
state space consists of the cross product of these state variables. The number
of state combination is equal to Hi\r/{:l K0,

A natural structure to consider is one in which each state variable evolves
according to its own dynamics, and is a priori uncoupled from the other state
variables:

M
P(Si18i1) = [T Pesi™1si™) (3.45)
m=1

The observation at time step ¢ can depend on all the state variables at that
time step. For continuous observations, as a linear Gaussian, the observation
Y; is a random vector whose mean is a linear function of the state variables.
Representing the state variables as K x 1 vectors, where each of the K discrete
values corresponds to a 1 in one position and 0 elsewhere. The probability
density for a D x 1 observation vector Y;:

1
PiIS) = O em) % exp {31 -y C -} (340
where
M
pe=Y wmgm. (3.47)
m=1

Each W (™) matrix is a D x K matrix whose columns are the contributions to
the means for each of the settings of ng) , Cis the D x D covariance matrix,
" denotes matrix transpose, and | - | is the matrix determinant operator.

The inference problem consists of computing the probabilities of the hidden
variables given the observations. This problem can be solved efficiently via the
forward-backward algorithm. In some cases, it is desirable to infer the single
most probable hidden state sequence. This can be achieved via the Viterbi
algorithm.

The learning problem consists of learning the parameters for a given struc-

22



“PhDthesis” — 2018/2/14 — 12:59 — page 23 — #41

3.2 Deep Neural Network (DNN)
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Figure 3.1: The human brain.

ture. The parameters of a factorial HMM can be estimated via the Expectation
Maximization (EM) algorithm, which in the case of classical HMMs is known as
the Baum-Welch algorithm. This procedure iterates between a step that fixes
the current parameters and computes posterior probabilities over the hidden
states (the E step) and a step that uses these probabilities to maximize the
expected log likelihood of the observations as a function of the parameters (the
M step). The exact M step for factorial HMMs is simple and tractable, whilst
the exact E step for factorial HMMSs is computationally intractable. Rather
than computing the exact posterior probabilities, one can approximate them
using a Monte Carlo sampling procedure, avoid the sum over exponentially
many state patterns at some cost in accuracy. Within many possible sampling
schemes, the Gibbs sampling is the simplest. A second approach is the Com-
pletely factorized variational inference, which results to be both tractable and
deterministic. A third approximation, the Structured variational inference, is
both tractable and preserves much of the probabilistic structure of the original
system.

3.2 Deep Neural Network (DNN)

A biological Neural Networks is a big set of specialized cells (neurons) connected
among them, which memorize and process information, thus controlling the
body activities they belong to.

The neuron model is composed of:

e DENDRITE: input terminal

e CELL BODY (Nucleus): processing core
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Figure 3.2: The neuron model.

AXON: output way-out

SYNAPSES: output terminal (with weight)

The neuron properties can be described in:

LOCAL SIMPLICITY: the neuron receives stimuli (excitation or inhi-
bition) from dendrites and produces an impulse to the axon which is
proportional to the weighted sum of the inputs;

GLOBAL COMPLEXITY: the human brain possess O(10°) neurons,
with more than 10K connections each;

LEARNING: even though the network topology is relatively fixed, the
strength of connections (synaptic weights) can change when the network
is exposed to external stimuli;

DISTRIBUTED CONTROL: no centralized control, each neuron reacts

only to its own stimuli;

TOLERANCE TO FAILURES: performance slowly decrease with the

increase of failures.

The biological Neural Networks are able to solve very complex tasks in few

time instants (like memorization, recognition, association, and so on.)
The Artificial Neural Networks (ANNs) are defined as Massively parallel dis-
tributed processors made up of simple processing units having a natural propen-

sity for storing experiential knowledge and making it available for use (Haykin,

2008).
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Figure 3.3: The Artificial Neural Network.

An ANN resembles the brain in two aspects:

1. Knowledge is acquired by the network from its environment through a

learning process;
2. Synaptic weights are used to store the acquired knowledge.

A neuron is an information-processing unit that is fundamental to the oper-
ation of a neural network. The model of a neuron is composed of three basic
elements of the neural model:

e a setl of synapses, or connecting links, each of which is characterized by
a weight or strength of its own, wy;;

e an adder for summing the input signals, weighted by the respective synap-
tic strengths of the neuron; the operations described here constitute a

linear combiner;

e an activation function for limiting the amplitude of the output of a neu-
ron. Typically, the normalized amplitude range of the output of a neuron
is written as the closed unit interval [0,1], or, alternatively, [-1,1].

The neural model also includes an externally applied bias, denoted by by.
Therefore, the mathematical description of neuron activity can be defined

as:
m
up = Zwijj (3.48)
=1
Yk = ¢ (ug + bi) (3.49)
where:
® x1,%o, -+, Xy, are the input signals;
® Wy, W2, ,Wkm are the respective synaptic weights of neuron k;

e vy is the linear combiner output due to the input signals;

25



“PhDthesis” — 2018/2/14 — 12:59 — page 26 — #44 QF

Chapter 3 Background

Activation
function

Output

ol-) —n

. . Summing
junction
Xy 0—l>
Synaptic
weights

Figure 3.4: The artificial neuron model.
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Figure 3.5: The threshold non-linear function.

e b is the bias;
e () is the activation function;
e ;. is the output signal of the neuron.
The types of activation non-linear functions p(z) are:

e the threshold function: in engineering, this form of a threshold function
is commonly referred to as a Heaviside function;

p)=1 if v>0 (3.50)
p)=0 if v<0 (3.51)

e the sigmoid function: it is defined as a strictly increasing function that
exhibits a graceful balance between linear and nonlinear behavior; an
example of the sigmoid function is the logistic function defined by:

1
~ 1+exp(—av)

¢ (v) (3.52)
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Figure 3.6: The sigmoid non-linear function.
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Figure 3.7: The tanh non-linear function.

e the hyperbolic tangent (tanh): it is simply a scaled and shifted version
of the sigmoid function:

1—e 2
o) =T (3.53)
o the Rectifier Linear Unit (ReLU):
p(x) = max(0, z) (3.54)

e the softmax: it is used on the last layer of a classifier setup: the outputs
of the softmax layer represent the probabilities that a sample belongs to
the different classes. Indeed, the sum of all the output is equal to 1.

oleg) = =y fork=1,.... K (3.55)

The manner in which the neurons of a neural network are structured is inti-
mately linked with the learning algorithm used to train the network. There, the
network architectures (structures) is defined. In general, two different classes
of network architectures are identified:
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Figure 3.9: The softmax layer in a neural network classifier.

1. Multilayer Feedforward Networks - (FENN):

it is characterized by the presence of one or more hidden layers, whose
computation nodes are correspondingly called hidden neurons (or hidden
units); the term hidden refers to the fact that this part of the neural net-
work is not seen directly from either the input or output of the network.
The function of hidden neurons is to intervene between the external input
and the network output in some useful manner. By adding one or more
hidden layers, the network is enabled to extract higher-order statistics
from its input.

The MLP is a well known kind of artificial neural network introduced in
1986 [78]. Each node applies an activation function over the weighted
sum of its inputs. The units are arranged in layers, with feed forward
connections from one layer to the next. The stochastic gradient descent
with error back-propagation algorithm is used for the supervised learning
of the network. In the forward pass, input examples are fed to the input
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Figure 3.10: The Multilayer Feedforward Network.

layer, and the resulting output is propagated via the hidden layers towards
the output layer. At the backward pass, the error signal originating
at the output neurons is sent back through the layers and the network
parameters (i.e., weights and biases) are tuned.

A single neuron can be formally described as:
D
g(uln]) = ¢ [ Y wiuln] +0 |, (3.56)
j=1

where u[n] € RP*! the bias b is an externally applied term and ¢(-) is
the non-linear activation function. Thus, the mathematical description
of a one-hidden-layer MLP is a function f : RP — RD/, where D’ is the
size of the output vector, so:

f(u[n]) = ¢ (b2 + Wz (¢ (b1 + W2 - u[n]))), (3.57)

where W, and b; are the respective synaptic weights matrix and the bias
vector of the i-th layer. The behaviour of this architecture is parametrized
by the connection weights, which are adapted during the supervised net-
work training.

. Convolutional Neural Networks(CNN)

Convolutional neural networks are feedforward neural networks similar
to multilayer perceptron, with some special layers.

Convolution kernels process the input data matrix by dividing it in local
receptive fields, a region of the same size of the kernel, and sliding the
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Figure 3.11: The Convolutional Neural Network.
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Figure 3.12: The convolution operation.

local receptive field across the entire input. Each hidden neuron is thus
connected to a local receptive field, and all the neurons form a matrix
called feature map. The weights in each feature map are shared: all
hidden neurons are aimed to detect exactly the same pattern just at
different locations in the input image.

The main advantages of this network is the robust pattern recognition
system characterized by a strong immunity to pattern shifts.

Pooling layer just reduces the dimension of the matrix by a rule: a sub-
matrix of the input is selected, and the output is the maximum value of
this submatrix.

The pooling process introduces tolerance against shifts of the input pat-
terns. Together with convolution layer it allows the CNN to detect if a
particular event occurs, regardless its deformation or its position.

Single depth slice

% 1(1(2]| 4
max pool with 2x2 filters
5|16 |78 and stride 2 6 8
3 | 2 NG 314
1123 ]|4
y

Figure 3.13: The max-pooling layer.
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CNN is a feed-forward neural network [79] usually composed of three
types of layers: convolutional layers, pooling layers and layers of neurons.
The convolutional layer performs the mathematical operation of convo-
lution between a multi-dimensional input and a fixed-size kernel. Succes-
sively, a non-linearity is applied element-wise. The kernels are generally
small compared to the input, allowing CNNs to process large inputs with
few trainable parameters. Successively, a pooling layer is usually applied,
in order to reduce the feature map dimensions. One of the most used
is the maz-pooling whose aim is to introduce robustness against transla-
tions of the input patterns. Finally, at the top of the network, a layer of
neurons is applied. This layer does not differ from MLP, being composed
by a set of activation and being fully connected with the previous layer.
For clarity, the units contained in this layer will be referred as Hidden
Nodes (HN).

Denoting with W,,, € RE1m*XKzm the m-th kernel and with b,,, € RP1xDP2
the bias vector of a generic convolutional layer, the m-th feature map

h,, € RP1*Dz ig given by:

D3
h, = ¢ <Z W, * ug + bm> ; (3.58)

d=1

where # represent the convolution operation, and ug € RP1*P2 js a matrix
of the three-dimensional input tensor u € RP1xP2xDs  The dimension
of the m-th feature map h,, depends on the zero padding of the input
tensor: here, padding is performed in order to preserve the dimension of
the input, i.e., h,, € RP1*P2_ Please note that for the sake of simplicity,
the time frame index n has been omitted. Commonly, (3.58) is followed
by a pooling layer in order to be more robust against patterns shifts
in the processed data, e.g. a max-pooling operator that calculates the
maximum over a P; X P, matrix is employed.

A Deep Learning definition: A class of machine learning techniques that

exploit many layers of non-linear information processing for supervised or un-

supervised feature extraction and transformation, and for pattern analysis and

classification. Artificial Neural Networks are often referred as deep when they

have more than 1 or 2 hidden layers.

3.2.1 Stochastic gradient descent (SGD)

Most deep learning training algorithms involve optimization of some sort. The

most widely used is the gradient based optimization, which belongs to the first

order type.
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Optimization is the task of either minimizing some function f(z) by altering
x: f(x) is called objective function, but in the case when it has to be minimized,
it is also call the cost function, loss function, or error function. The aim of the
optimization is reached doing small change € in the input z, to obtain the
corresponding change in the output f(x):

flx+e)= f(z)+ef (). (3.59)

This formulation is based on the calculation of the derivative f’(z). The gradi-
ent descent is the technique based on the reduction of f(x) by moving « in small
steps with the opposite sign of the derivative. The aim is to find the minimum
of the cost function: when f/(z) = 0, the derivative provides no information
about which direction to move, therefore this point is defined as stationary
points. A local minimum is a point where f(z) is lower than at all neighbour-
ing and it is no longer possible to decrease f(x) by making infinitesimal steps.
The absolute lowest value of f(z) is a global minimum.

For the concept of minimization to make sense, there must still be only one
(scalar) output. For functions that have multiple inputs f : R® — R, the
concept of partial derivatives is introduced. The gradient Vy f(x) is the vector
containing all the partial derivatives.

The method of steepest descent or gradient descent states that decrease f by
moving in the direction of the negative gradient.

x’ =x — e Vyf(x), (3.60)

where € is the learning rate, a positive scalar determining the size of the step.

Large training sets are necessary for good generalization, but large training
sets are also more computationally expensive. The cost function decomposes
as a sum over training example of per-example loss function: i.e., the negative

conditional log-likelihood of the training data is defined as:
1 m
J(0) =E(L(x,y,0)) = — Y L(x", 4 9), 3.61
(0) = E(L(x,y,0)) m;(x Y, 0), (3.61)
where L is the per-example loss L(x,y,0) = —logp(y|x; 8). The gradient de-
scent requires computing:

1 — -
Vol (0) = — > VeL(x, "), 0). (3.62)
=1

The computational cost of this operation is proportional to the number of
example m, therefore as the training set size grows the time to take a single
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Figure 3.14: The different types of Autoencoders.

gradient step becomes prohibitively long.

Stochastic gradient descent (SGD) is an extension of the gradient descent
algorithm: the insight is that the gradient is an expectation estimated using
a small set of samples. On each step of the algorithm, a sample of example
B = {x(l), . ,x(m/)}, called minibatch, is drawn uniformly from the training
set. The minibatch size m’ is typically chosen to be a relatively small number

m, . .
of examples. The estimate of the gradient is: g = #Vg > L(x(’), y®, ) using

i=1
examples from the minibatch B. The SGD algorithm then follows the estimated
gradient downhill:
0+ 0—¢€g (3.63)

where € is the learning rate.

3.2.2 Autoencoder

An Autoencoder is a kind of neural network typically consisting of only one
hidden layer, trained to set the target values to be equal to the inputs.

& = f(Wah(z) + bo) (3.64)

Given an input set of examples X, autoencoder training consists in finding
parameters 6 = {W7y, Wa, by, b} that minimize the Reconstruction Error:

JO) = |lz -z (3.65)

reX

Defining M the number of hidden units, and N the number of input units,
output units, features size:

e (a): M = N — Basic Autoencoder (AE);
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o (b): M < N — Compression Autoencoder (CAE);

e (¢): M > N and Gaussian Noise — Denoising Autoencoder (DAE);

Basic Autoencoder

A basic AE — a kind of neural network typically consisting of only one hidden
layer —, sets the target values to be equal to the input. It is used to find common
data representation from the input [80, 81]. Formally, in response to an input
example € R™, the hidden representation h(x) € R™ is

h(z) = f(Wia + by), (3.66)

where f(z) is a non-linear activation function, typically a logistic sigmoid func-
tion f(z) = 1/(14exp(—=z)) applied component-wisely, W7 € R™*"™ is a weight
matrix, and b; € R™ is a bias vector.
The network output maps the hidden representation h back to a reconstruc-
tion £ € R™:
z = f(Wah(z) + ba), (3.67)

where Wy € R™ ™ is a weight matrix, and by € R™ is a bias vector.

Given an input set of examples X', AE training consists in finding parameters
0 = {W1, Ws, b1, b} that minimise the reconstruction error, which corresponds
to minimising the following objective function:

TO) =Y |lz—z|”. (3.68)

reX

The minimisation is usually realised by stochastic gradient descent as in the
training of neural networks. The structure of the AE is given in Figure 3.14a.

Compression Autoencoder

In the case of having the number of hidden units m smaller than the number
of input units n, the network is forced to learn a compressed representation
of the input. For example, if some of the input features are correlated, then
this compression autoencoder (CAE) is able to learn those correlations and
reconstruct the input data from a compressed representation. The structure of
the CAE is given in Figure 3.14b.

De-noising Autoencoder

The de-noising AE (DAE) [82] forces the hidden layer to retrieve more robust
features and prevent it from simply learning the identity. In such a config-
uration the AE is trained to reconstruct the original input from a corrupted
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version of it. Formally, the initial input = is corrupted by means of additive
isotropic Gaussian noise in order to obtain: x|z ~ N(z,0%I). The corrupted
input z’ is then mapped, as with the AE, to a hidden representation

h(z") = f(Wiz' + b)), (3.69)
from which the original signal is reconstructed as follows:
T = f(Wiz + bY). (3.70)

The parameters 6/ = {W], W3, b},b5} are trained to minimise the average re-
construction error over the training set, to have Z’ reach as close as possible to
the uncorrupted input z, which corresponds to minimising the objective func-
tion in Equation 3.65. The structure of the de-noising autoencoder is shown in
Figure 3.14c.
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HMM based approach

Approaches based on hidden Markov models (HMMs) have been devoted par-
ticular attention in the last years. AFAMAP (Additive Factorial Approximate
Maximum a Posteriori) has been introduced in [22] to reduce the computational
burden of FHMM. The algorithm bases its operation on additive and difference
FHMM, and it constraints the posterior probability to require only one HMM
change state at any given time.

FEach appliance is modelled as a bivariate HMM, i.e., an HMM whose emitted
symbols are represented by active-reactive power pairs. More in details, each
HMM is represented by the following parameters [76]:

e the number of states m € Z;

the hidden states « € {1,2,...,m};

the symbols emitted p; € R™, where j =1,...,s;

sxm,

the symbol emission probability matrix M

mXxXm.
)

the state transition probability matrix P € [0, 1]

the starting state probability vector ¢ € [0, 1]™.

In the algorithm, it is assumed that each state of the HMM corresponds to
a working state of the appliance, i.e., x € {ON1,ONy,...,OFF}, so that the
number of states m is equal to the number of symbols s and M = I™*™
(degenerate HMM). In the proposed approach, n = 2 and for the sake of clarity
in the remainder of this section it will be omitted since the individual active and
reactive power components will be made explicit. For example, each symbol is
defined as p; = [pta,; pr 417, where the subscripts a and r distinguish the active
and reactive components. For each appliance, the quantities to be estimated
are the number of states m, the values of I for each state, the state transition
probability matrix P, and the starting state probability vector ¢. Estimation
of m and of p; will be addressed in Subsection 4.1.1.
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Regarding the state transition probability matrix P, each entry F;; repre-
sents the probability of transitioning from state i to state j. Thus, P;; can
be estimated with a Maximum Likelihood criterion by calculating the number
of times state 4 transitions to state j and normalising by the total number of
transitions from state i. Formally:

Cy
m )
> i1 Cijr

where Cj; is the number of transitions from state ¢ to state j. Typically,

P = (4.1)

the greatest values in the matrix are located in the diagonal, meaning that the
probability of remaining in the same state is higher compared to the probability
of transitioning to another state. As might be expected, the greatest value of
the transition matrix is the self-transition probability of the OFF state, since
the activation of an appliance occurs after a long time in which it is turned off.
In addition, the OFF state corresponds to the initial state, since the footprint
starts just before the turning on instant, thus ¢ = [00---01]7.

An example of a four states appliance model is shown in Figure 4.1, where
the arc between two states is the probability of transition Pj;, while the arc
starting e closing on the same state represent the probability P;; of permanence
in each state.

Since the pause interval between two footprint is not recorded, the user has to
establish the time interval between two appliance activations, e.g., the typical
time of use in the daytime or the number of activations per day of the appliance,
in order to calculate the OFF interval and to use this value for the calculation
of the transition probability related to the OFF state.

A probability value close to zero denotes that the transition is very unlikely.
In practice, it is recommended to avoid such low probability values, since eval-
uating it in the log domain as usually done in the disaggregation algorithm
would result in numeric problems. As so, it is recommended to fix the value to
a little quantity, e.g.,~ 107°.

4.1 Additive Factorial Approximate Maximum
A-Posteriori (AFAMAP)

FHMMs have been introduced in [77] as an extension of HMMs to model time
series that depend on multiple hidden processes. Starting from the work of
Kim and colleagues [18], FHMMs have been largely employed for NILM and
several approaches have been proposed in the literature [83, 84, 19, 25, 28, 23].
Among them, AFAMAP [22] represents an effective algorithm able to achieve
high performance with a reasonable computational cost.
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Figure 4.1: An example of a four states HMM.

AFAMAP has been proposed in [22] as an efficient disaggregation algorithm
based on FHMMSs. In this algorithm, an additional model which relies on the
same HMMs composing the Additive FHMM (AFHMM) is introduced. It is
based on a differential version of the aggregated signal, resulting in a Differen-
tial FHMM (DFHMM). The inference on the set of states of multiple HMMs
can be computed through the Maximum A Posteriori (MAP) algorithm and
a relaxation towards real values is taken into account, leading to a convex
Quadratic Programming (QP) optimisation problem. The disaggregation pro-
cess is performed by analysing the aggregated power divided in non-overlapping
frames.

The reference work [22] describes an unsupervised approach to data disag-
gregation: in fact, an unsupervised procedure aimed to the extraction of the
device load signature is paired with the disaggregation algorithm, referred to
as AFAMAP (Additive Factorial Approximate Maximum a Posteriori). In this
work, the aim is to investigate and to improve the disaggregation algorithm.
Differently to the reference work, however, a supervised approach is used to cre-
ate the HMMSs, based on the circuit level power consumption signature. The
signal can be obtained, clearly, from the aggregated data under the condition
that the appliances run one at a time [16].

The theoretical approach towards disaggregation is based on the work of
Kolter and Jaakkola [22]. In this work the system is modelled relying on Ad-
ditive Factorial Hidden Markov Model (AFHMM), for which the value of each
aggregated power sample corresponds to a combination of working states of the
appliances into the system.

Also, in this approach, the assumption that at most one HMM may change
its state at any given time is made, which holds true if the sampling time is
reasonably short. In this case, the transition on the aggregate power, when
moving from a sample to the next, corresponds to the state change of a partic-
ular HMM.
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Because of that, the differential signal, built from the aggregated power,
can be modelled as the result of a Differential Factorial Hidden Markov Model
(DFHMM), which relies on the same HMM models composing the AFHMM.

By combining the two models, the inference on the set of states of multiple
HMMs can be computed through the Maximum A Posteriori (MAP) technique,
which take the form of a Mixed Integer Quadratic Programming (MIQP) op-
timization problem.

One of the shortcomings of this approach is the non-convex nature of the
problem, because of the integer nature of the variables: in this case, a relax-
ation towards real values is taken into account, leading to a convex Quadratic
Programming (QP) optimization problem. Thus, the Additive Factorial Ap-
proximate MAP (AFAMAP) approach is obtained.

In a real case scenario, the modelled output may not match with the observed
aggregated signal, due to electrical noises, very small loads, or leakages. In that
case, the issue is addressed by defining a robust mixture component in both
AFHMM and DFHMM, named z; and Az;, respectively.

When a denoised scenario [85] is considered, i.e., all the contributions to the
aggregated energy demand are known, the robust mixture component is miss-
ing. When a noised scenario is considered, the robust mixture component is
not used, and all the contributions are modelled as an additional appliance rep-
resented by the RoW model, which will be introduced in Subsection 4.1.2. This
approach provides further advantages, since appliances with lower power con-
sumption values risk to be modelled with working states associated to similar
consumption values. This can lead the algorithm to an erroneous assignment of
the disaggregation output between similar models. Furthermore, the authors
in [22] demonstrated that the disaggregation performance degrades as the num-
ber of appliances increases. Thus, representing several appliances with a single
model eases the disaggregation task.

In the reference work [22], the parameter n defines the problem dimension-
ality: in this work, it is assumed n = 1, because the algorithm uses only the
active power data to characterize the observed aggregated signal.

Specifically, the parameters of the problem follow:

e N € Z, is the number of HMMs in the system;

e 7 € R is the observedl aggregated output (in denoised environments

Yy, = Ei\; yg), where y@ corresponds to the true appliance output);

e 02 € R is the observation variance.

The differential signal is referred to as Ay, =%, —J,_;.
For the i-th HMM the parameters are:

e m; € Z4 is the number of states;
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o 2V € {1,...,m;} is the HMM state at time instant (xg) = m,; corre-
sponds to the OFF state);

° ,uy) € R is the j-th state mean value;

. q,’)l(f) € [0,1]™¢ is the initial states distribution;
. Pb(i) € [0, 1]™*™i ig the transition matrix.

The aggregated signal 7 is analysed using a windowing technique, where
Trewr=[(f-DT+1,...,fT] for f =1,2,...,F. The window wy is the
timebase for the algorithm and, for convenience, a new temporal variable is
introduced by defining the relation ¢t = 7 — (f — 1)T, for ¢t = 1,2,...,T, with
T € Z,. After the analysis of all the F' windows, the disaggregated signals gjf@
are recomposed using the inverse relation 7 =t + (f — 1)T.

In the optimization problem, the variables are defined as:
= {Q@?) e k™. Q@ 2?) e mmom |

for which the Q(xt )j V&I‘ld,ble is the indicator of the state assumed at time in-
stant ¢, while the Q(xf 15 x,g )) 4.k variable is the indicator of the state transition
from previous to actual time instant, for the -th HMM.

The AFAMAP algorithm is shown in Figure 4.2.

In (4.2) the error terms are defined as:

B = (7, - »> {1 ae;)) (4.4)
i=1 j=1

' N2
Eébc) = ZZ{ <Aybt - AMS‘,)J‘) Q(xt 1vxf )J, }7 (4.5)
i=1 j=1
=
AT N m;
g —D( Yot )\)( S @, 2! ) (4.6)
i
k#j

The QP optimization problem is defined in the form:

Minimize 1
§CCTHCD + fla, (4.7
subjet to the constraint:
Aeq® = beg, (4.8)
b <z < ub.
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Input: 7,.r aggregated signal; {u(l‘N),PélzN),qSl(,l:N)} parameters for

N HMMs; 012,092, A covariance and regularization parameters.
Minimize over {Q € LN O}

1 = @ 1 = o), L (b
QO'QZEt +202Q;Et +§§Et +

5

t=2 i=1

NgE

(e (- reni)

5]

Il
—_

J
k
m;

+ f} > {QE);(— 1086}

Output : gS}N), predicted individual HMM output

mi
g = Q) (4.3)

j=1

Figure 4.2: The AFAMAP algorithm.

Figure 4.3: Additive FHMM model.
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Figure 4.4: Differential FHMM model.

The variables of the problem are represented by the vector @, which is com-
posed of several subsets, based on the time instant ¢ and the appliance index (4):

0, oM o
T=: » Oe= ; ‘I’y)[ t(i)]’
Or NS ‘
[ Q)2 ]
Q") Q1,21 m,
(2) _ (2) _ .
t - . ’ t - . )
Q) , Qe
_Q('Tgi—)hzgi))mi,mi_

where the variables for the state are represented in 5,5"), and the variables for
the backward transition in B,Ei).

The parameters of the problem fill up the elements of H and f, according to
the structure of the & vector, whereas A¢q and beq are used to represent the
consistent constraints between the state and the transition variables. The vec-
tors Ib and ub define the lower and upper boundaries of the solution: because
of the nature of the variables [22], the lower boundary is equal to 0, whereas
the upper boundary to 1, for all the elements in .

In Aegq the constraint about Q(xiijl, xy)) with ¢ = 1 has to be removed since
there is no information about Q(x;) at the previous time instant, thus falling
back to the constraint 0 - Q(xgi_)l, Jcii)) =0.
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(b) Model training block scheme.

Figure 4.5: Diagram of the footprint extraction procedure (a) and of the train-
ing phase of the appliance models (b).

4.1.1 Appliance modelling

The working states power level estimation consists in obtaining representative
power level distributions related to each appliance state, i.e., the values of the
emitted symbols p;. In a realistic scenario, this is obtained by using a set of
examples of an appliance typical consumption cycle. This information can be
extracted by observing the aggregate power signal, under the assumption that
only one appliance at time is operating [16].

In particular, this stage involves the extraction of a footprint of the appliance,
e., the active and reactive power signals comprised between the power on
(transition from the OFF state to an ON state) and the power off (transition
from an ON state to the OFF state). This is performed by firstly identifying
these instants by means of an Appliance Activity Detector (AAD). Basically,
it consists in detecting when the active power level signal exceeds a certain
threshold or not (typical values are in the order of 20 W). Isolated occurrences
of power levels below the threshold are managed by employing a hangover
technique: it is a counter, which decreases its value for each sample the signal
is below the threshold. If the signal returns over the threshold before the end
of the counter, the footprint is considered continued. The typical value is 5-10
minutes. The diagram of the footprint extraction stage is shown in Figure 4.5a.

The power value and the temporal information of the OFF state cannot
be obtained by analysing the signal extracted with the AAD. The value is
reasonably assumed 0 W and 0 VAR for the active and reactive power signals,
respectively. The temporal information, i.e., the typical interval intercurring
between the OFF state and a ON state, has to be specified a-priori for each
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Figure 4.6: An example of a two-dimensional histogram of the active and reac-
tive power signals related to the dishwasher in the dataset AMPds.

appliance based on the typical usages (e.g., once in an hour, three times in a
day, etc.).

Different uses of the appliance in its life cycle from the user lead to the need
of model representation of every combination of usage, under the assumption
that the working state of the appliance are predetermined and not varying from
different usage: reasonably, the working cycle of a washing machine are always
the same (e.g., pre-washing, water heating, washing, rinsing and spinning),
indifferently from the order of execution thus the number of working state is

predetermined for every appliance.

Complex appliances (e.g., washing machines, dishwashers) are characterised
by several working cycles and the extraction of a single footprint might not
be completely representative of its operation. This motivates the need to ac-
quire several footprints for each appliance. Furthermore, even though only one
footprint is sufficient to explore all the working states of an appliance, multi-
ple footprints allow to employ more data for the power level extraction phase,
particularly useful for those power levels characterised by a short duration.

The estimation of the power level associated to a state of the HMM relies on
the appliance consumption data, which is not composed of discrete values of
consumption, but it presents a continuous variability in the values. In order to
find the averaged values of the signal, within the period of permanence in the
same working state, a clustering procedure is adopted, and the k-means [86]
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has been selected as the algorithm.

Since the OFF state information is not present in the data, the number
of clusters is set to (m — 1). After identifying the clusters, the power levels
associated to each HMM state are represented by their centroids.

The clustering operation is not directly performed on the footprints extracted
with the AAD. Indeed, after extracting the footprint, a bivariate histogram
composed of 100 bins per kW and per kVAR is used to analyse the probability
distribution of the active and reactive power signals. The number of bins is
empirically chosen after analysing some footprints of the training set in order
to obtain a sufficiently detailed histogram able to provide a good trade-off be-
tween variance and bias of the density estimate. Additionally, power levels
with a low number of occurrences are excluded from the successive process-
ing. More in details, bins having a number of occurrences below the threshold
are considered of lower relevance, thus the related observations are discarded.
This technique allows to obtain the number of working states m, which is de-
termined by observing the number of clusters obtained in the final bivariate
histograms. An example is shown in Figure 4.6, where the histogram before
and after the thresholding operation is shown. It refers to the dishwasher con-
sumption in the AMPds dataset. Additionally, it reduces a limitation of the
clustering algorithm: k-means does not employ the information on the sam-
ples distribution in the cluster, since it selects the centroid which satisfies the
rule of convergence over all data. Discarding bins with low occurrences forces
k-means to select the centroids with higher probability and to discard local
clusters with lower probability, that could result in erroneous centroids. Fur-
thermore, it allows to discriminate close clusters which can be confused as a
single one: indeed, transients between near clusters produce samples comprised
between the cluster with higher occurrences, which merge the two clusters in
a single one. The diagram of the clustering and of the model training stage is
shown in Figure 4.5b.

In general, clusters present different characteristics depending on the mag-
nitude of their centroid. Typically, the ones characterised by high values (e.g.,
3000 W) are highly variable, since they depend on the appliance usage by the
user, e.g., the water temperature chosen in the washing machine or the rins-
ing cycle of the dishwasher affect the maximum power consumption. On the
other hand, clusters characterised by low power value (e.g., 300 W) have lower
variability, since deviation from the centroid is mainly caused by intermediate
working stages of the appliance, and they do not depend on the usage.

Figure 4.7 shows an example of the inference procedure conducted on the
active power signal only, denoted as P,, and on the joint active-reactive power
signals, denoted as (P,, P). The signals are related to the washing machine in
the AMPds dataset. In particular, Figure 4.7a shows the active power signal
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and the cluster membership of each sample when k-means operates on the P,
signal only. Figure 4.7b and Figure 4.7c show respectively the same active
power signal and the reactive power signal, but the cluster membership is
related to the outcome of k-means operating on the joint (P,, P,.). Figure 4.25b
shows at the bottom the 1-D P, line with the clusters obtained when k-means
operates on the P, signal only and at the top the (P,, P.) plane with the
clusters obtained when k-means operates on the joint (P,, P,) signals. In the
figure, each cluster is depicted as an interval or as an ellipse whose size is twice
the standard deviation of the cluster centered at its centroid. The number of
clusters is different between the active power and the active and reactive power
cases: in the first case 4 cluster can be identified, whereas the addition of the
reactive power allows to distinguish 5 clusters. As shown in the figure, 2 clusters
share the same value of active power, but differ in the reactive component.
Using the reactive power, thus, allows to have a better representation of the
working states of the appliance, therefore reducing the admissible combination
of working states in the aggregated data.

Figure 4.8 shows an example of the inference procedure conducted on the
active power signal. The signal is related to the washing machine in the AMPds
dataset. In particular, Figure 4.8a shows the active power signal and the cluster
membership of each sample. In the figure, each cluster is depicted as an interval
whose size is twice the standard deviation of the cluster centred at its centroid.
The related HMM is represented in Figure 4.8b.

The HMM is a representation method based on the Finite State Machine
(FSM), in which the transitions between the states are regulated by a prob-
ability matrix, proportional to the time of permanence in the states and the
number of times the model pass from a state to another one. Figure 4.9 shows
an example of HMM with 4 states.

The transition probability matrix P is obtained using the Baum-Welch [76]

training algorithm: in the specific case when M = I™*™

, only the number
of states m composing the HMM and the observed sequence of symbols have
to be specified to the algorithm. Each HMM state is assigned to a power
consumption state, therefore to a cluster resulting from the procedure described
in Subsection 4.1.1.

Table 4.1 shows the transition probability matrix related to the washing
machine footprint showed in Figure 4.25b. The highest values in the matrix are
the ones located on the diagonal, which represent the probability of remaining
in the same state, respect to the transition to another one: indeed, for the state
where the permanence time is low, this value is lower than the one of the state
where the permanence time is higher. The highest value is the one related to
the OFF state, because the activation of the appliance occurs after a long time
in which it is turned off.
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Figure 4.7: Washing machine footprint and clusters in the dataset AMPds.

Since the pause interval between two footprint is not recorded, the user has to
establish the time interval between two appliance activations, e.g., the typical
time of use in the daytime or the number of activations per day of the appliance,
in order to calculate the OFF interval and to use this value for the calculation
of the transition probability related to the OFF state.

The probability value which tends to zero denotes that the transition is
unlikely. In the practice, it is recommended to avoid zero probability value,
because it is evaluated in log scale in the AFAMAP algorithm, and it tends to
infinity. It is recommended to fix the value to a little quantity, e.g., ~ 107°.

4.1.2 Rest-of-the-World model

In a real case scenario, a noise contribution can be observed on the aggregated
signal, due to electrical noises in the system, very small loads, leakages. This
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Figure 4.8: Washing machine footprint and HMM in the dataset AMPds.

Figure 4.9: A 4 states HMM.

contribution can be considered as a source of power consumption, additionally
to the appliances which the system tries to disaggregate, therefore it can be
modelled with a HMM, as described in Subsection 4.1.1, leading to a noise
model or Rest-of-the-World (RoW) model. The number of working states is a
parameter which could depends on the application scenario, therefore it has to
be explored in the experimental phase, nevertheless it would be grater than the
number of states defined for the appliances, since it represents a set of multiple
load working at the same time. The data used for training this model can be
extracted by observing the aggregate power signal, when all the appliances of
interest are switched off and all the remaining equipments in the house are
working.

Referring to equation (2.1), the training signal used to create the RoW model
is the residual power consumption from the aggregated data, excluded the
appliances power consumption:

e(t) =y(t) — _Z yi(t). (4.10)

In the case where the dataset comprises always-on appliances, since no oper-
ating cycle or footprint is defined in this case the RoW model does not include
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Table 4.1: An example of the HMM transition probability matrix.
Destination state

ON; ON3 ONs;  OFF

ON; 0.832 0.085  0.081 0.002

ONz | 0.080 0.690  0.202 0.028

ON3 0.012 0.028 0916 0.045

OFF | 3.1e-05 2.7¢e-05 0.002 0.998

Start state

the OFF working state, as showed in the Figure 4.10.

The consumption values in the working states of the RoW model are ex-
tracted algorithmically using the k-means, even if there are no evident con-
sumption values clusters, determined by any working state.

4.2 Algorithm improvements

In the reference approach, the DFHMMs are obtained as the difference, in term
of power consumption, between the current and the previous sample (referred
to as backward transition), so that a change in the state of an HMM can be
evaluated against the change in the aggregated power consumption. Similarly,
an additional evaluation, based on the next against the current sample (referred
to as forward transition), is carried out. Furthermore, a smarter employment
of the solver boundaries is evaluated, starting from a more accurate analysis
of the aggregated power or using heterogeneous information, as the reactive
power consumption of the electrical system.

Since the AFAMAP algorithm operates offline, it is possible to further extend
the model by taking into account the transition from the current to the next
state. The original DFHMM [22] is computed by looking backward from the
current sample to the previous one, and thus it can be addressed to as Backward
DFHMM. The new differential FHMM is computed by looking forward, as
showed in Figure 4.11, and thus is referred to as Forward FHMM.

The formulation of the new model, also, differs from the original one, only
in the index order. The new variables define the problem, as follow:

0= {Q@”) e ™ Qs zf?) e R}

where the variables are indicators of the transition from the next to the current
state: Q(af); =1 2" = j, and Q(afy,2{");4 = 1 & af)) = j.2f”) = k.

The consistent constraints between the state variables and transition variables
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Figure 4.10: The denoised aggregated power and the RoW signal, compared to
the main aggregated power, in the AMPds.

need to be satisfied:

Q:

w (i)
Z Q(xt )j =1
j=1
> Qi af?)n = Qi) (411)
k=1 Q(nglyxy))k,j =Q( gz))j
0< Q) Q) i)y <1

Therefore, the new cost function is derived for the Forward DFHMM, based
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Figure 4.11: The Forward Differential FHMM.

on the forward differential aggregated signal Ay, =Tt —Ypy1, 88 follow:

1 T—-1 ) 1 T—1
oo LB} R
t=1

D39 SCE NN e
t=1 i=1 j=1
k=1
+§:§{Q )i(=logo)}
=1 j=1

where the error terms in (4.12) are defined as:

TR ) Sy (S INTL) WU S
#

The transition matrix P( 9 represents the probability of state change from
the next to the current tlme instant: this parameter is equivalent to the typical
representation of the transition matrix (i.e., the probability of state change
from the previous time instant to the actual) evaluated after flipping the signal,
thus it can be derived by using the available algorithm for HMM training. The
parameter d)gj) represents the final state distribution, that is the initial state
distribution starting from the end of the signal.

Since the duality in the forward and backward representation of the AFHMM
(i.e., it is derived from the same observed signal, but in opposite directions), the
problem definition using only one of the two versions of the DFHMM leads to
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the already known performance. Considering simultaneously both versions of
DFHMM may lead to performance improvements: for this reason the forward
differential function (4.12) is added to the reference formulation (4.25), thus
leading to a new optimization problem.

The variable vector « in the QP problem accounts for the new terms, fol-
lowing the same structure introduced in Section 4.1:

[ Q(wiﬁhxf))m |

G Q@ )m,
v = g e = : :
(%) (i) ()

t Q(xtJrlv Ty Jmi 1

Q(‘%&le xf& ))mivmi_

where the new term (;béi) represents the variables for the forward transition.

The introduction of the new variables leads to an alteration of the prob-
lem constraints, represented by the parameters Aeq and beq, and the variable
boundaries b and ub. In Aeq the constraint about Q(tzpﬂ?t ) witht =T
has to be removed since there is no information about Q(z:) at the following
time instant, thus falling back to the constraint 0 - Q(xgl, x,g )) =0.

In order to solve the optimization problem, different solutions, which satisfy
the constraints, need to be evaluated before the solver finds the optimal one. As
such, the values of & that are not compatible with the given set of samples can
be discarded, to restrict the search domain and improve the search efficiency.

On purpose, the lower and upper boundaries of the variable & are selected
beforehand in order to prevent that the solver investigates those combinations
of states that do not match the value of the aggregated power consumption.
The selection method is similar to the one proposed in [87].

If several runs of a single appliance are evaluated, although the same working
states are identified, the signature tends to differ from a run to the other. For
this reason, the appliance power consumption can be modelled as a stochastic

(¢ ), relative to a working state xii)

process and, therefore, the output value y;
of an appliance, can be modelled as a gaussian variable, described by a mean
value and a variance value:

yzEZ)"TgZ) ~N (Mi?i)?o-(z(z) > . (4.15)

Regard to this, the power signal is replaced by a simplified model that
presents a constant power consumption, corresponding to the mean value of
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Figure 4.12: A sketch of the different probability density functions (PDF) for
each aggregated power value produced by the combination of all
appliances states power levels.

the working state power value, with a superimposed noisy contribution, de-
scribed by the variance value in the working state.

Since the aggregated data 7, is assumed to correspond with the sum of the
power consumption of each appliance, it can be modelled as a gaussian variable,
described by a mean value and a variance value equivalent to the sum of the
corresponding values of each appliance, under the assumption of statistical
independence between the appliances:

N N

_ | (:N i i) 2

yt|$§ )NN<ZNi<)i)7ZU;<)i> ) (4.16)
i=1 ' =1

This simplified model results in a number of admissible combinations of work-
ing states equal to Hfil my;. It allows to evaluate which combination of working
states fit the power value for each sample of the aggregated data, thus discard-
ing the incompatible ones. The effectiveness interval for each combination is
centred in mean value, and its width is twice the value of the standard devia-
tion. For some combinations, which have similar mean value or great variance,
the effectiveness intervals result overlapped: for those cases, if the power value
falls in this region, both the combinations are considered valid.

Based on this observation, it is possible to manipulate the boundaries of the
QP problem domain. For instance, if 2 HMMs are considered, M1 and M2,
whose power levels are, M1 = {70,0} and M2 = {100,20,0} respectively,
the different combined power levels are {0, 20,70, 90,100,170}, each one with
its own variance value. This example is represented in Figure 4.12. Considering
a few different values of aggregated power, e.g., g, = {20,95,140}, it can be
observed that 7, = 20 is obtained as the combination (xil) = 2,:c§2) = 2),
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therefore the allowed constraints are defined as:
0 0 0 0
H <gP < H 1] <e® < 1
0 0

If 5, = 95, the value falls in an overlapped interval, belonging to the combi-
nations (mil) = 2,x§2) = 1) and (mil) = 1, wEQ) = 2), thus, the allowed
constraints are defined as:

Whereas, if 7, = 140, no combination is corresponding, thus the boundaries
remain as default.

Clearly, the same process can be applied to bound the Bt(i) and ¢§i). In
regard to this, however, since transitions are related to the steady states, the
evaluation of the steady states is enough to bound both kinds of variables.

Even though disaggregation is aimed for the aggregated power consumption,
in most cases the focus is centred on the active power alone. Nonetheless, given
the generality of the AFAMAP algorithm, targeting the reactive aggregated
power is also possible. In regard to this, in the present work, the application of
the AFAMARP algorithm to the aggregated reactive power has been investigated
as well, based on the fact that reactive power is a common trait of the power
signature of a residential appliances subset.

In the current scenario, the disaggregation of the reactive power samples is
carried out, in order to collect additional information about the activity states
of the appliances. This information, in turn, is used to further define the lower
and the upper boundaries of the states in the active power disaggregation.
Similarly to the active power case, the HMMs are modelled for each appliances
starting from the signature in the reactive power and the AFAMAP algorithm
is run by using the aggregated reactive power signal as input.

Following the basic knowledge in circuit theory, an electrical load with a
reactive component (i.e., an appliance) which has a reactive power consumption
greater than 0 is necessary turned on, therefore the boundaries of the problem

in active power disaggregation are assigned as follows:

o O O

1
<eP < |1
0

Although, when the reactive power consumption is 0, the active component
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could be both null or greater than 0, depending on whether the appliance
is turned off or only the load passive component is working. Therefore, the
boundaries of the problem in active power disaggregation are setted as default.

4.2.1 Experimental setup

The dataset used for the experiments is the Almanac of Minutely Power dataset
(AMPds) [58]: it contains recordings of consumption profiles belonging to a sin-
gle home in Canada for a period of two years at 1 minute sampling rate. It
provides active and reactive power at appliance level, unlike most of the dataset
in which only the active power is provided at appliance level, as described in
Section 2.3: this information is crucial to test the new approach based on
the reactive power disaggregation as constraint. Analysing the contents of the
dataset, it can be noticed that the usage of the appliances is homogeneous
throughout the entire period, therefore the experiments are evaluated on 6
months of data, which can be considered representative of the entire dataset.
To create the HMM models of the appliances, the training requires at least one
signature per appliance, although multiple signatures lead to a more general
model. In the proposed work, a subset of the data, spanning over 14 days,
has been deemed sufficient to collect all the signatures required to train all the
HMMs. The HMM are trained in accordance to the Baum-Welch algorithm,
after determining the ground truth state over the time: those are obtained
through a clustering procedure, in which every cluster represents a power con-
sumption level of the appliance, thus a state of the HMM. This process is
achieved using the k-means algorithm, in which the number of the cluster is
imposed in a supervised manner, starting from the knowledge of the operat-
ing states of the appliance. The power level mean and the variance values are
achieved by means of a gaussian variable fitting procedure over the samples
belonging to each cluster. To satisfy the condition of denoised system, the ag-
gregated data is synthetically composed by summing the appliance level power
signals. The experiments are conducted by using the appliances at higher con-
tribution, therefore 6 appliances have been chosen: dryer, washing machine,
dishwasher, fridge, oven, and heat pump. The simulations are conducted in
Matlab environment and the CPLEX solver is used to solve the QP problem.
The value of starting probability ¢l(,i) of the i-th HMM is imposed to assume
the certainty for the OFF state for f = 1, whereas for the consecutive win-
dows, 1 < f < F, it is imposed to assume the value of the last sample £¥) of
the previous window, in order to ensure the contiguity of the solution on the
window border. The value of the ending probability qb(fi), instead, is uniformly
imposed in every state, since no information from the consecutive window is

available. Different experiments are conducted varying the size of the windows
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between the values T € {10, 30, 60,90, 120} minutes, and the effectiveness of
the innovative aspect is evaluated: the introduction of the forward term in the
cost function, the selection of the boundaries related to the aggregated power
level and to the disaggregation output of the reactive power. The variance

2 _ 2 _

parameters are defined with 0,2 = o9 o3 0.01 according to the

variance of the experimental data and the regularization parameter \ = 1.

4.2.2 Results
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Figure 4.13: Appliances consumption: estimated AFAMAP disaggregation out-
put against original signals.

The results of the experiments, based on the scenario described in Subsec-
tion 4.2.1, are presented in the current section.

In Figure 4.13, the AFAMAP disaggregated power consumption profiles of
the appliances are compared against the corresponding true outputs, provided
by the dataset: in the figure a time span of 10 hours, corresponding to 600
samples, is considered. At the bottom, the energy distribution over the same
period, expressed among the appliances in terms of percent value, is compared
between the reconstructed and the true appliances consumption.
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Figure 4.14: Disaggregation performance on AMPds dataset using 6 appliances,
with different algorithm configuration.

The signals reveal that the appliances which show an high steady power con-
sumption are easily recognized, whereas the appliances with complex working
cycles, or with several power levels, are more difficult to detect. Indeed, when-
ever several appliances present similar consumption levels, many combinations
may satisfy the problem constraints, thus additional information is required
to identify the active appliances. For instance, in Figure 4.13, the oven and
the fridge are seldom recognised, whereas the detection of the dryer and the
washing machine are partially more successful.

The evaluation of the algorithm performance is carried out by means of the
metrics proposed in Section 2.4. Although the focus of the present work is
the AFAMAP algorithm, the dataset being used and the proposed training
method are different with respect to [22], therefore a direct comparison against
the results proposed in the reference work is not possible. To overcome this
shortcoming, the baseline has been created anew, by means of the AFAMAP
algorithm, the AMPds dataset and the proposed training method.

The disaggregation results computed by means of the metrics are reported
in Figure 4.14: in Figure 4.14a the state based metric is presented, whereas
the energy based metric is proposed in Figure 4.14b. The results are shown for
different values of the time window length. Clearly, since all the results exceed
0.5, the plots have been drawn from 0.5 onwards.

Both plots show that the best results are achieved using the shortest time
window. On a different note, however, not every configuration improves in the
same way.

Focusing on the state based metrics, it is possible to observe that the AFAMAP
baseline shows a significant performance improvement with the decreasing of
the window length, except when passing from the 30 to 10 minutes window
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size. On the contrary, the forward differential model gives an improvements at
the shorter window size, resulting in the best performance in the unbounded
problem solution, with a Fig of 0.738 and an improvement of 1% respect to
the baseline.

Fixing the boundaries of the problem, in every simulation case, gives the
benefit on the disaggregation results: the profile based method gives a con-
siderable performance improvements with every window size, but the highest
relative improvement can be noted at the smallest size, resulting to a Fjg of
0.863 and a relative improvement of 18%.

Alternatively, the boundaries can be setted based on the reactive power dis-
aggregation feedback: the results, showed in Table 4.2, demonstrate that the
reactive power reaches high performance in disaggregation. This is due to the
high difference in the reactive components of each appliance, which involves
a strong distinction in the creation of the HMM, therefore allowing an highly
reliable disaggregation. The usage of this information results in a performance
improvement for every window size, more considerable at the smallest size: in
general, the usage of the reactive power feedback gives benefits to the disag-
gregation, with a Fyg of 0.802 and a relative improvement of 9.7%, therefore
less than the profile based constraints.

Clearly, the same trends presented about the state based metrics still hold
true when evaluating with the energy based metrics. The most notably dif-
ference between the two plot, in fact, is that the rate of improvement of the
algorithms when decreasing the time window length: indeed, the forward differ-
ential model introduction results to a Fy g of 0.771 and a relative improvement
of 1.2% respect to the baseline, whereas the profile based setting of the bound-
aries results to a Fy g of 0.878 with a relative improvement of 15.2% and the
reactive power based method to a Fy g of 0.832 with an improvement of 9.2%.

The forward differential model seems to be beneficial only with the shortest
time window: it may be a direct consequence of the problem formulation al-
teration. Indeed, the introduction of additional variables increases the size of
the problem, therefore the computational burden, for which the solver demon-
strates worst performance, as it happens for the baseline approach with larger

window size.

Table 4.2: Disaggregation results on reactive power. The configuration used is:
AFAMAP + Forward differential.

window size
Metric 10 min 30 min 60 min 90 min 120 min
State based: Fig 0.922 0.877 0.869 0.867 0.865
Energy based: Fig | 0.935 0.883 0.877 0.875 0.874
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Despite this, the improvements achieved adding the differential forward in-
formation to the model are restricted to the application scenario: since the
algorithm operates on a per-sample basis, for each appliance behaviour two
state changes unlikely happen across three contiguous samples, thus the for-
ward difference cannot provide a substantial support to the inference of the
actual working state.

The errors in the disaggregation phase are caused by the multiplicity of states
combinations which can correspond to the same value of the aggregated data:
for this reason the use of boundaries allows to exclude some solutions that
are not eligible, therefore facilitates the solver to find the exact solution to
the problem. Nevertheless, the variation over time of the power consumption
associated to a specific appliance working state, causes an unwanted variability,

i.e., a noise component, in the achieved solution.

4.3 Exploitation of the reactive power

In this section, a disaggregation algorithm based on FHMMs and active and re-
active power measured at low sampling rates is proposed. The HMM models of
the appliances and the proposed solution for obtaining their parameters from a
training dataset are described. Load disaggregation is performed by proposing
a reformulated version the Additive Factorial Approximate Maximum a Pos-
teriori (AFAMAP) algorithm [22] that allows a straightforward extension to
the bivariate case. The experimental evaluation has been conducted on the Al-
manac of Minutely Power dataset (AMPds) dataset [58] in noised and denoised
scenarios, and the proposed solution has been compared to AFAMAP based on
the active power only and to two variants of Hart’s algorithm [16] both based
on active and reactive power. The results show that in terms of F}j-Measure
the proposed approach provides a significant performance improvement with
respect to the comparative methods.

A part from [21], the aforementioned approaches employ the active power as
the sole electrical parameter for NILM, despite some algorithmic frameworks
have been formulated for operating on multidimensional feature vectors [22].
The use of reactive power has been employed since the very first work by Hart
[16] and in more recent works based on the same principles [88, 89, 90, 91, 92]
or on transient-state analysis [47, 48, 49, 50, 51]. However, up to the author’s
knowledge, the only work that employs both the active and the reactive power
in the FHMM framework is the work by Zoha and colleagues [21].

Following a similar philosophy, a disaggregation algorithm based on FHMMs
that uses both the active and reactive power is proposed. However, differently
from [21], where the disaggregation algorithm is based on the structural vari-
ational approximation method and on the Viterbi algorithm, in the proposed
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approach the active power is disaggregated by reformulating the AFAMAP
algorithm for the bivariate case. As demonstrated in [22], this allows the intro-
duction of a Differential FHMM (DFHMM) that improves the performance and
reduces the computational cost. Thus, differently from [21], here the reactive
power component is introduced also in the DFHMM. More in details, the pro-
posed solution belongs to the family of supervised approaches based on steady
state signals acquired from low frequency measurements. The reactive power
is introduced in the FHMM framework by employing bivariate hidden Markov
appliance models whose emitted symbols are represented by active and reac-
tive power pairs. Differently from [21], the entire procedure for obtaining the
bivariate HMM appliance models is described. The parameters are estimated
by clustering the appliance disaggregate signals and the bivariate optimisation
problem is solved by proposing an alternative formulation of AFAMAP [22]
for disaggregating appliances consumption profiles. The proposed approach
differs from the one presented in Section 4.2, since there the reactive power
was employed alone in an initial disaggregation stage whose output served as
a constraint for the subsequent disaggregation of the active power only. The
proposed approach has been compared to the original AFAMAP algorithm
[22], which employs the active power only, and to Hart’s algorithm [16], which
employs both the active and reactive power. Two implementations of Hart’s
algorithm have been developed for dealing with the occurrence multiple ap-
pliance combinations: in the first, the final combination is selected randomly.
In the second, it is selected by choosing the most probable combination calcu-
lated on a training set. The experiments have been conducted on the Almanac
of Minutely Power dataset (AMPds) [58], containing recordings of consump-
tion profiles belonging to a single home for a period of two years at 1 minute
sampling rate. Both the “noised” and the “denoised” scenarios have been ad-
dressed, and the results show that the proposed approach outperforms both
AFAMAP and Hart’s algorithm.

Finally, in [21] the experiments are conducted on low-power appliances only
in a “denoised scenario”, while here the “noised” is also considered.

In the following, the superscript (¢) denotes terms related to HMM 4, while
subscripts a or r denote terms related to the active and reactive power com-
ponent, respectively. The subscript ¢ € {a,r} denotes a term related to the
active or to the reactive power component. The parameters of the problem are
the following:

e N € Z4 is the number of HMMs in the system;

e Y(7) € R™ is the observed aggregate output, where 7 =1,2,...,7 is the
sample index and 7" is the total number of samples;

e ¥, € R™"™ is the observation covariance matrix related to the AFHMM;
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e Y, € R™ ™ js the observation covariance matrix related to the DFHMM;
e AY(r) =7(7) —y(r — 1) is the differential signal.

As aforementioned, all the contribution to the aggregated power are considered,

thus:
N

g(r) =Y y(r), (4.17)
i=1
where y(i)(T) corresponds to the ground truth consumption of the appliances
and the noise. Recalling the notation of Chapter 4, the parameters of the i-th
HMM at the sample index 7 are:

e m; € Z4 is the number of states;

e z0)(7) € {1,...,m;} is the HMM state at time instant 7, where m;
corresponds to the OFF state (if present);

. p,g»i) is the emitted symbol in the j-th state, where j = 1,2,...,m;;

e ¢l e [0,1]™ is the initial states probability distribution;

e P g[0,1]™*mi is the state transition probability matrix.

The aggregate signal y(7) is analysed using non-overlapping frames of length
T'. Each frame y;(7), where f =1,2,..., F, is defined as

(4.18)
0 otherwise.

_ y(r) fr=(-1DT+1,...,[T,
Y f(T) =
After the analysis of all the F' = 7"/T frames, the disaggregated signals g(i) (1)
are reconstructed as follows:

F
() =39 (4.19)
f=1

In the following, the algorithm is formulated for a single frame of the signal
and for convenience, a new temporal variable ¢ is defined with the relation
t=7—(f-1T,fort=1,2,...,T, with T € Z.

In [22], the parameter n defines the problem dimensionality: the authors use
only the active power data to characterise the observed aggregated signal 7, (t),
therefore they assumed n = 1. In this work, both the active and the reactive
power are used for disaggregation, therefore n = 2 and the problem variables
are decomposed in two components:

_ (i)
?f(t) _ [ya,f(t)] 7 ugl) — [M?igl ’ (420)

yr,f(t) r,j
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Ta2 U‘”’Q] . (4.21)

2
Ora,2 Or2

Since the statistical independence between the active and reactive power
components is supposed, the covariance terms o, , and o, , are zero in both
3, and 35, and the same problem formalisation as the n = 1 case can be
used, introducing additional variables and constraining them each other. For
the generic power component ¢, the variables in the optimisation problem are
defined as follows:

Q. = {Q.=0() € R™, Qa1 (t — 1), 2 (1) e R X} (4.22)

In the vector Q. (z(V(t)), the element Q.(xz®(t)); indicates the state assumed
at time instant ¢, while in the matrix Q,(z® (¢t — 1),z (t))

the element Q.(z (t — 1), () (¢)) ;. indicates the state transition from previous
to the current time instant.

This problem statement is a reformulated version of the algorithm proposed
in [22]: since the original algorithm allows to operates with multivariate dimen-
sion, the variables associated to the state represent all the components. When
only one dimension is considered, the variables Q, is only associated at the
active power level consumption. This problem statement instead, started from
the univariate formulation, and the algorithm is extended to n = 2 by using
twice the optimisation variables, thus introducing the Q,. variable set, and an
additional minimisation function. Moreover, the supplementary variables need
to be constrained to the original ones in order to assume the same value during
the optimisation process, representing the bivariate resolution problem with a

univariate problem formalisation:

{Qa(x@ (); — Qr(29(1)); =0, (4.23)

Qu(a (¢ = 1), (1)1 = Qo (@ V(t = 1), 20 (1)1 = 0.

A numerically safer definition of the constraints can be defined using a tolerance
a and inequalities:

{_a < Qa(zV(t)); — Qr(aD(1)); < a, (4.24)

—a < Qa(zW(t — 1),z (8)jr — Qr(zW(t — 1), 2D () jx < a,
where j,k=1,...,m;.

The final algorithm is shown in Algorithm 1. In eq. (4.25), the error terms
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Algorithm 1 The proposed disaggregation algorithm.

1: Input:
o Y;(t), fort=1,2,...,T;
o {p,PY M} fori=1,2,...,N;
L4 03,17 03,2;
e \: regularisation parameter, described in [22].

2: Minimise over {Q. € L. N O.}

T T T
1 / 1 7 1 111
> {%3 DB+ 3 Y B+ 5 ) B+
ce{a,r} ot=1 T t=2 t=2
T N m; . . .
Y {Qc(m“)(t ~1),29(8))4 (— log P,gg)) }+
t=2 i=1 i:l
=1
+ {Qc(w<’)(1))j(—log¢>§~”)}} (4.25)
i=1 j=1
3: Output:
956 = u Qe 1), (4.26)
j=1
wheret=1,2,...,Nand t=1,2,...,T.
are defined as:
N my . 2
E(t) = [ ey () = Y3 uliQeD(); | (4.27)
i=1 j=1
N m N2
El(t) =Y { (87,0 = Anll;)” Qe(@ Dt =1),20 (1) k}, (4.28)
=
k£
AF, 4 (t) Y
E"”(t)=D Sl a) [ 1- @t —1), 20 4.29
v =0 (2L ) >3 Q=D | 42
k=1
k#j
The QP optimisation problem is defined as follows:
Minimise 1
EUTH’U + T, (4.30)
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subjet to the constraints:

Acqgv = beg, (4.31)
b < v < ub. (4.32)
The variables of the problem are represented by the vector v = [v, v,]T

whose components are defined as follows:

e(1) oW (¢) "
Ve = ) @(t) = ) \I’(l) (t) - lé(z)ii)l ’ (433)
o(T) M ()
Qe(a®(t — 1), 2D ()11 ]
Qulz®(t): Qula® (¢ 1),2 (1)1,
£9(t) = : . BY) = : , (4.34)
QC(CC(i) () m. Qc(m(i)(t - 1), 2@ (t))mi1
_Qc(x(i)(t - ]-)'7 x(l) (t))mi m;

where the variables for the state are represented in & @ (t), and the variables
for the transition in B8 (¢).

The parameters of the problem, e.g., the HMMs parameters and the ag-
gregated power signal, compose the elements of H and f, according to the
structure of the v vector. In a QP problem, the coefficient of the quadratic
terms in the cost function are defined in H, as a symmetric matrix. In the pro-
posed approach, since the independence between the active and reactive power
is assumed, there are no joint quadratic terms, therefore H is structured as

H, 0
we[r 2] .

follow:

Differently, the coefficients of the linear terms are expressed in f = [f, f,]T.
Whereas A, and b, are used to represent the consistent constraints between
the state and the transition variables. The vectors b and ub define the lower
and upper boundaries of the solution: because of the nature of the variables
[22], the lower boundary is equal to 0, whereas the upper boundary to 1, for
all the elements in .

Additional constraints to QP problem need to be considered, in order to im-
pose the inequality constraints between the optimisation variables. Duplicating
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the constraints of eq. (4.24):

{—a < Qa(zV(1)); — Q= (1));, (4.36)
Qa(x(i) (t); — Qr(w(i) (t); <a,
0 Que 1,5 OO~ QO D OO
Qula(t = 1,20 (1)1 — Q@ (t - 1),20 (1)) < . |
results in the following optimisation constraint:
Aineq v < bineq- (438)

This is needed only for the joint active-reactive problem, since, solving only
for the active power, the related unique variable is not constrained to other
variables. Indeed, in eq. (4.25) only the the active power terms need to be
considered. Further details on the terms H, f, Ay, beg, b, ub, Ajyeq, and
bineq are provided in 4.3.1.

As aforementioned, the aggregate signal is analysed in frames of length 7'. In
the first frame, the value of starting probability vector (b(i) =[00---01], ie.,
the appliance is initially assumed in the OFF state. In the subsequent frames,
the value of qﬁ(i) depends on the last state assumed in the previous frame in
order to ensure the contiguity of the solution at the border. Thus, if the last
state assumed in the previous frame is j, the corresponding element of qb(i) is
set to 1, while the others are set to 0. This information is represented by the
value of the solution £ (¢) in the last sample t = T.

4.3.1 AFAMAP formulation

This subsection provides further details on the algorithm formulation presented
in Section 4.3. In particular, the following terms of the QP problem are de-
scribed: H, f, Aeq, beg, Ib, ub, Ajpeq, and bjpeq.

The matrix H is structured as follows:

H, 0
H = [ o HT] : (4.39)

where H,. € {H,, H,} is given by:

1 m o
azl e(1) H_ D S Hog N 1)
H. = : : , Heg) = : : . (4.40)

0 aTllH@(T) HoWly - He(NN)
C,
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and
W8 B,
H ;. o]
_ (i 4) _
H\p(ij)(t) = [ 3 ZOJ (t) 0} , Hs(ij)(t) = o - o (4.41)
1w, u&{,%j
Regarding the vector f, in Section 4.3 it has been defined as follows:
b
T
f=1f. £ (442)
where f. € {f,, f,} is given by the sum of five terms:
1 11 1
.fc:_fc,l_ 2 fc,2_f6,3+§ 2 fc,4_§fc,5’ (4.43)
Uc,l 00,2
where
f1,§<1> e tog 9"
. f i) .
fe1= : L fLe) = : T [ 1,&2: (1)} T ey =
) Fe k’g‘f’gﬁ)i
(4.44)
f 1 To s (1) u®
fa2,@(1) 2,w(1) (1) Ye,f ke
. . Fae(d
fez = : s frem) = : ’ f2,\Il(i)(t) = [ 2'50 (t)} ’fz,g(i)(t) = :
f2,0(1) Fae(N) (1) Ye,f (1) “il,zw
(4.45)
r logPl(il)
0 o PLD)
F3,e(2) R 1010 o g P
fe3 = : s e = , f374,<i)(t) = |:f3.ﬁ(i)(t)i| :faﬁ(i)(t) = :
: ’ (4)
Ff3,@(1) T30 (1) 108 P1m,
Lios 25 1,
(4.46)
o 5 )
fi,@(2) 4 ¥ W@ o
fea= . ,f = : B S _ . (4.47)
4 ; 4,0(t) : 1,w (1) (1) |:f4,ﬁ('b)(t):|
Fa,0(T) f4v‘P(N)(f/)
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- L)
k11 (®
Ko 1(®
f4,5(i)<t) = : , (4.48)
o
[R5 my ()
. . 2
0 L (Aﬂc’f(t) _ (“(cli _ “(cl)nll))
k(D (1) = . . . (4.49)
(Aﬂcyf(t) - (;LE’Z,,I - “El)l)) o 0
o
]
fs5,@(2) s ¢ 0
fe,5 = : » fsen) = , f5,~1/('i)(t) = |:f5 ﬁ(i)(t):| s (4.50)
f5.0(1) 759N ()
O]
dl 1(t)
R AT r ()
(i) 0 ... D —=L—- A
dmi 1 (#) ( c,2 )
s p i = A La( () = : 5 : , (4.51)
afl, ® b (m) o
Tc,2
Ll o, ()]
where: 5 19
1 A%
: 2
D(y,\) =minq —y~,max< My| — —, — ¢ ¢ - (4.52)
2 272
The matrix A.4 is defined as follows:
Aeg@(1) 0
i G A I I (w29
o Acq,©(T)
A [s] A o
eq, w{P (1) eq.wM (1)
Acq. @) = : :
o . o A o . o
ca.w{M (1) e w5 (1)
(4.54)
A .
ﬂq,&il)(i)
A .
R () L= )
Aea v carbry 0| A6l [0 or JE (o)

Eqﬁiif)(t)
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A i = X "L X X .. 1.A i = (4.56)
() (1)
eq,B, (1) . . . . . . eq,B 7 (t)

1b 0 e =1 0 --- 0 1f

A X
ea.e§) (1)

A X
eq,ﬂgb)(t) 'quygéi)(w = [1 o100 0] ; (4.57)

A ) =
cq w(®
2, ¥y () Aeq ﬂ(i)(t)

Bot

o -~ 0 1 ... 1 0 .0
a s _ , (4.58)
eq,B;l}(t) C . . . o
0O -+ 0 0 .- 0 1 e
—1 0 1 0 1 0
A ) = (4.59)
ca.B5) () s ;
0 . —1 0 . 1 . 0 . 1
The vector by has the following form:
T
beq = |:beq,a beqﬂl ) (460)
beg,0(1) Peq, e (1) b
_ . _ . | Teq g )
beg,c = : s beg@t) = : » bequ,(vr)(t) = |:beq /s(i)(t):| ) (4.61)
beq,®(T) beq, v (V) (1) '
0
b () = [1] , b @O =11 (4.62)
eq, 61"/ (t) eq,B\Y) (t) :
0
0 1
b= ||, ub= |: (4.63)
0 1
The matrix A;,., is given by:
q Y
Aineq,®(1) Ameg,\p(l)(t)
Aineq = Aineq,@(t) = (4.64)
Aineq,®(T) Aineq, (V) (1)
— |A . A . N .
Ainea v @) = [Ainea s D@0 Ainea# @] Aineg v (00 = Aineq v @iy G
0 0 1 0 0 0
0 0 —1 0 0 0
Ainea, v (t),a = (4.66)
0 0 0 1 0 0
0 0 0 —1 0 0,
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Finally, the vector bj,eq is given by:

bineq,®(1) binaq:\I/<1>(t) a
bineq = + Bineg,@(t) = : C P meq ey = | (4.67)

bineq,®(T) bineq, w(N) (1) *

As described in Section 4.3, the dimensionality of the variables vector and,
accordingly, of each elements of the QP problem is defined as follows:

e v.: [-dimensional vector;

H_: [l x| symmetric matrix;

f.: l-dimensional vector;

o Aot [m x 1] matrix;

beg,c: m-dimensional vector;

1b, ub: 21 -dimensional vector;

Aipeq: [21 x 21] matrix;
® bineq: 21-dimensional vector;

where [ =T - Z?f:l(mi +m?)and m="T - Zﬁvzl(l + 2m;).

4.3.2 Experimental setup

The proposed approach has been compared with the algorithm presented by
Hart in [16], since it employs both the active and the reactive power to model
the appliance working behaviour and it employs those electrical parameters
for disaggregation. This section provides an overview of its basic operating
principles as well as additional details on its implementation. In addition,
the algorithm originally presented in [16] has been improved for handling the
occurrence of multiple solutions by means of a MAP technique.

Hart’s algorithm models each appliance as a Finite State Machine (FSM).
Each FSM is represented by the following parameters:

the number of states m € Z;

the finite states x € {1,2,...,m};

the symbols emitted p; € R™, where j =1,...,m;

state transition matrix T € {0, 1}™>"™.
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As in the proposed approach, each state of the FSM corresponds to a working
state of the appliance and n = 2, i.e., the symbol emitted in the j-th state is
defined as pt; = [a,j irj]7. A tolerance parameter 8; = [Ba,; 8y ;] is associ-
ated to the emitted symbol in the j-th state, in order to define the effectiveness
interval for the emitted symbol. The interval width is 2 3; and it is centred in
;. For each appliance, the quantities to be estimated are the number of states
m, the values of p; and B; for each state, and the state transition matrix 7T'.
In order to model the power consumption of an appliance as a stochastic
process, under the assumption of multiple independent causes to the circuital
power dissipation, the central limit theorem might be invoked. Therefore, the
power consumption y(i)(t) of the i-th appliance at time instant ¢, related to
the working state z(¥)(t), can be modelled as a bivariate Gaussian variable,
described by a mean vector p,) ;) and a covariance matrix X, )

RIOIERI ORI (TRETS R B (4.68)

Following this approach, the consumption signal is replaced by a simplified
model that represents a constant power consumption, corresponding to the
mean value of the working state power value, with a superimposed noisy con-
tribution, described by the variance value in the working state. Under the
assumption of statistical independence between the active and reactive power
components, the covariance matrix 3, ) is diagonal:

2

Ua (1) 0

Em(i)(t) = [ 70 ®) o2 ] ; (469)
r,z () (t)

where o2 iy and 02 ..., represent respectively the variance of the active
a,z(V)(t) 7,z () (t)

and reactive power in the cluster. The inference procedure is carried out inde-

pendently for the two components. Therefore, at each state,

gD ()2 D (1) ~ N (/’Lc,z@(t)a Ug,x(i)(t)) . (4.70)

The number of states m; is defined in the clustering phase, described in Sub-
section 4.1.1, assuming that each cluster corresponds to a state in the FSM
model: the estimation of the mean and the variance values for each compo-
nent is performed with the Maximum Likelihood criterion on the clusters data.
Each component of the tolerance parameter . ;, associated to the respective
component of the emitted symbol p. j, is set equal to the standard deviation
o.,; of the Gaussian distribution.

Regarding the state transition matrix T', each entry T;; represents the ad-
missibility of the transition from state i to state j, using the value Tj; = 1 if
the transition is allowed and T;; = 0 otherwise. This value is inferred from the
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Figure 4.15: Block diagram of the clustering and of the model training stages
of Hart’s algorithm.

ground truth state evolution of each appliance consumption. Since this model
does not represent the evolution in time of a signal, the permanence in the
state is not represented, therefore the variable Tj; is set to 1. The diagram of
the clustering and of the model training stage is shown in Figure 4.15.

Since the aggregated data 7,(t) is assumed to correspond with the sum of
the power consumption of each appliance, it can be modelled as a Gaussian
variable, described by a mean value and a variance value equivalent to the
sum of the corresponding values of each appliance, under the assumption of
statistical independence among the appliances:

N N
o)z M (1) ~ N <Z Hea®(t) Y U?,gg(ﬂ(?f)) : (4.71)
i=1 i=1

This variable represents the Probability Density Function (PDF) of the working
states combinations and it allows to evaluate which combination of working
states fit the power value for each sample of the aggregated data. The number
of admissible combinations of working states is equal to vazl m;.

Following the same rule defined for each appliance symbol, the effectiveness
interval for each combination is centred in mean value, and its width is twice the
value of the standard deviation. For some combinations, which have similar
mean value or great variance, the effectiveness intervals are overlapped: for
those cases, if the power value falls in this region, both the combinations are
considered valid.

The aggregate power data is analysed sample by sample: for each value,
the effectiveness intervals in which the sample falls are selected. The related
state combination might be admissible or not, depending on the previous state
combination selected. Therefore, for each FSM, from the knowledge of the
previous state selected, the admissible transition are evaluated through the
transition matrix 7;;: the FSMs which do not make any variation in the state
from the previous combination are not evaluated, then if the transition is not
admissible for at least one FSM, the selected combination is discarded. The
starting combination is evaluated on the first sample, without the evaluation
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Figure 4.16: Diagram of the load disaggregation phase.

on the transition from any previous state. If no combination is admissible, the
previous state in maintained for each FSM. If the aggregated data sample does
not fall within any combination interval, the previous state is maintained for
each FSM.

In this way, the time series of the state evolution is reconstructed for each
FSM. The disaggregation consists in using the related power level consumption
assigned to each state of the FSM, thus reconstructing the power consumption
profile for each appliance. The general scheme of the disaggregation phase is
shown in Figure 4.16.

In order to deal with the noise presence in the aggregated data, an FSM
version of the noise model defined in Subsection 4.1.2 is considered, additionally
to the FSM models representing the appliances.

In order to make a fair comparison of algorithms, representing an appliance,
both kinds of model have the same number of states, values of power consump-
tion and standard deviation of the gaussian variable. The values are resumed
in Table 5.3.

In [16], the author did not describe the technique adopted for dealing with the
occurrence of multiple solutions during the disaggregation phase. Two different
approaches for dealing with the problem are adopted. The first consists in
supposing that each combination of appliances is equally probable, thus the
ambiguity is solved by choosing a random combination sampled from a uniform
distribution. This algorithm will be denoted as “Hart” in the remainder of this
dissertation.

A second approach, consists in adopting a MAP technique [58]: the posterior
probability of each combination is calculated from the training data, and it is
multiplied to the Gaussian PDF, resulting in the posterior PDF. The value of
the posterior PDF in the aggregate data sample is denoted as the posterior
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Figure 4.17: Diagram of the load disaggregation phase.

likelihood. The combination with the higher posterior likelihood value is then
chosen as the most probable combination. This alternative of Hart’s algorithm
will be denoted as “Hart w/ MAP” in the remainder of this dissertation.

The general scheme of the disaggregation phase is shown in Figure 4.17.
The algorithm is based on the work proposed by Kolter and Jaakkola [22],
where the problem is modelled in the Additive Factorial Hidden Markov Model
(AFHMM) framework.

Basically, this consists in modelling the value of each aggregated power sam-
ple as a combination of working states of the appliances. In [22], an assumption
is made that at most one HMM changes its state at any given time, which holds
true if the sampling time is reasonably short. In this case, a transition on the
aggregate power, when moving from a sample to the next, corresponds to a
state change of a particular HMM. As a consequence, a differential signal can
be modelled as the result of a Differential Factorial Hidden Markov Model
(DFHMM), which relies on the same HMM models composing the AFHMM.
The DFHMM models the observation output as the difference between the
states combination of the HMMs in two consecutive time instants. By combin-
ing the additive and differential models, the inference on the set of states of
multiple HMMs can be computed through the Maximum A Posteriori (MAP)
algorithm, which takes the form of a Mixed Integer Quadratic Programming
(MIQP) optimisation problem. One of the shortcomings of this approach is
the non-convex nature of the problem, due to the integer nature of the vari-
ables: therefore, a relaxation towards real values is taken into account, which
allows the solution to assume any value in the range [0, 1], instead of the bi-
nary solution, leading to a convex Quadratic Programming (QP) optimisation
problem.

In a real case scenario, the modelled output may not match with the observed
aggregated signal, due to electrical noises, very small loads, or leakages. In that
case, the issue is addressed by defining a robust mixture component both in the
AFHMM and in the DFHMM. This component is missing in this dissertation,
since all the contributions to the aggregated power are modelled. Indeed, each
appliance and the noise is represented by its HMM.
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Table 4.3: Number of states m; related to each class of appliance.

) Prolc.)lem ) Dryer Wash}ng Dishwasher  Fridge Electric Heat
dimensionality machine oven pump
Univariate 3 4 3 2 3 3
Bivariate 3 5 4 2 4 3

The dataset used for the experiments is the Almanac of Minutely Power
dataset (AMPds) [58]: it contains recordings of consumption profiles belonging
to a single home in Canada for a period of two years, at 1 minute sampling
rate. Additionally to the aggregated power consumption, it provides active
and reactive power at appliance level, unlike most of the dataset, in which the
appliances consumption is described by the only active power, as showed in
Section 2.3: this information is crucial in order to create the appliance models
and test the new approach.

The experiments are conducted by using the six appliances which contribute
the most to the power consumption: dryer, washing machine, dishwasher,
fridge, electric oven, and heat pump. Regarding the significance of the reactive
components of the appliances taken into consideration, the following values
have been extracted from the datasets: (128.25 W, 7.96 VAR) for the fridge,
(4545.91 W, 413.75 VAR) and (248.11 W, 408.94 VAR) for the dryer, (909.11
W, 203.44 VAR), (531.10 W, 14.37 VAR),(146.80 W, 3.60 VAR) and (137.54
W, 96.47 VAR) for the washing machine, (753.07 W, 33.31 VAR), (137.96 W,
35.86 VAR) and (14.42 W, 52.55 VAR) for the dishwasher, (3187.67 W, 136.63
VAR),(125.68 W, 121.67 VAR) and (89.54 W, 50.62 VAR) for the electric oven,
(1798.83 W, 320.95 VAR) and (37.23 W, 17.03 VAR) for the heat pump. As
shown by these values, the appliances evaluated in the experiments have a
significant contribution of reactive power that make them suitable for evaluat-
ing the performance of the proposed approach. Analysing the contents of the
dataset, the usage of the appliances proves to be homogeneous throughout the
entire period, therefore the experiments are evaluated on 6 months of data,
which can be considered representative of the entire dataset. A subset of the
data, spanning over 14 days, has been considered sufficient to collect all the
signatures required to train all the HMMSs. This represents the training set in
the Figure 4.5b.

Two different scenario are defined in this work, according to [85]. The noised
scenario employs the aggregated power consumption in the dataset as the ag-
gregated signal, therefore it includes the noise term. In this case, the training
data used to create the noise model are obtained subtracting the ground truth
consumption signals, related to the appliances of interest, from the aggregated
power. Whereas, in the denoised scenario the aggregated data are synthetically
composed by summing the ground truth appliance power signals in the dataset,
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determining the absence of the noise term.

The proposed approach and Hart’s algorithm are able to disaggregate both
the active and the reactive power, however the performance metrics have been
calculated on the active power only in order to compare it with the univariate
formulation of AFAMAP. Furthermore, the active power is the physical quan-
tity directly related to the cost in the bill, therefore it is the most relevant
component to be analysed.

The frame size is set to T' = 60 minutes, which is an interval sufficiently large
to include a complete activation for the most of appliances under study. This
value is considered within the windowing operation in the Figure 4.17, where
the f-th frame is considered in the disaggregation. For the ones which have a
longer activation, this value allows to include a complete operating sub cycle,
for which the HMM is still representative. The variance parameters are set to
02, = 024 = 0.01 according to the variance of the experimental data, and the
regularisation parameter is set to A = 1.

The algorithm has been implemented in Matlab and the CPLEX! solver
has been used to solve the QP problem. The amount of time required to
disaggregate a frame of 60 minutes on a personal computer equipped with
an Intel i7 CPU running at 3.3 GHz and 32 GB of RAM is about 30s. The
performance is compared to the univariate formulation of AFAMAP and to
Hart’s algorithm presented in Subsection 4.3.2. The tolerance parameter is set
a=1076.

Table 5.3 presents the number of states, defined a-priori for each class of ap-
pliance. , with the power level values resulting from the clustering procedure,
and the standard deviation related to each cluster. For appliances with sim-
ilar consumption value in active power, different values of reactive power are
associated: this phenomenon allows to reduce the number of state combina-
tion in the aggregate power, when passing from the univariate to the bivariate
approach, improving the disaggregation performance.

The number of states in the noise model has been varied in the range {4,
6, 8, 10}, both in the univariate and bivariate approaches, in order to find the
most performing model.

4.3.3 Results

In this section, the results of the experiments related to the denoised sce-
nario will be shown. Since the aggregated power signal depends on which and
how many appliances are considered, the experiments have been conducted by
varying the number of appliances, in order to evaluate the disaggregation per-
formance for different problem complexities. In particular, different test sets,

Thttp://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/
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Figure 4.18: Algorithms comparison: AFAMAP vs Hart vs proposed approach.
For each algorithm, the disaggregation output (D) is compared
against the ground truth (GT) signals.

each composed of every combination of N appliances have been created. For
each test set, the total number of experiments is (ﬁ,), with N =2,...,5 and
the final metrics are calculated averaging between the single experiments over-
all performance. Before calculating the final Fi-Measure, the Precision and
Recall are averaged between the experiments. Differently, the final NDFE is
the average between the single experiment value.

In Figure 4.18, the disaggregated appliances active power (D) are compared
to the corresponding ground truth (GT): in the figure, for each appliance, an
adequate time span is considered, in order to evaluate the performance on a
single or multiple activations. The bottom of the figure shows the comparison of
the appliance contribution to the total energy in the aggregated signal, between
the disaggregation outputs and the ground truth consumptions. The left side
of the figure shows the disaggregation profiles resulting from the univariate
formulation of the AFAMAP algorithm, the central shows the active power
component resulting from the Hart’s algorithm, and the right side shows profiles
related to the proposed approach.

The overall disaggregation results are reported in Figure 4.19, where the F}-
Measure is reported in the Figure 4.19a and the NDEFE in the Figure 4.19b.
The values are related to Table 4.5, where the absolute improvements of the
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Figure 4.19: Disaggregation performance on AMPds dataset for all the ad-
dressed algorithms.
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Figure 4.20: Performance in terms of Fj-Measure (%) for the different appli-
ances in the “6 appliances” case study: (a) denoised scenario, (b)
noised scenario.
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Table 4.4: Performance improvement in the “6 appliances” case study (denoised

scenario).
Algorithm Metric Dryer Wash}ng Dishwasher Fridge Electric  Heat
machine oven pump
AFAMAP T) 87.3 14.5 44.4 35.5 38.0 76.9
Hart (Im) Fi (%) 54.9 10.4 33.1 76.4 32.1 73.4
Hart w/ MAP (I11) 187 86.8 14.0 57.5 74.4 54.5 90.8
Proposed approach (IV) 90.2 13.8 57.1 58.9 71.5 76.5
V-0 133 18 1286 1659 +882  -05
Improvement (IV)-(II) | AF/Fi(%) | +64.3 +32.7 +72.5 -22.9 +122.7 +4.2
av)-(Im) 139 14 07 T208  +3l2 158
AFAMAP 6] 0.215 2.279 0.685 0.878 0.478 0.388
Hart (I1) NDE 0.798 4.383 1.282 0.670 1.725 0.739
Hart w/ MAP (I11) 0.481 3.003 0.768 0.685 1.026 0.411
Proposed approach (IV) 0.229 2.384 0.446 0.735 0.286 0.377
(IV)-(I) +0.014 +0.104 -0.239 -0.143 -0.192 -0.011
Improvement (IV)-(I1) ANDE -0.569 -1.999 -0.836 +0.065 -1.439 -0.363
(IV)-(IIT) -0.252 -0.620 -0.322 +0.049 -0.740 -0.034

Table 4.5: Comparison of the disaggregation performance for different number
of appliances (denoised scenario).

Algorithm | Metric [2appl. 3appl. 4 appl. 5appl. 6 appl.
AFAMAP [6)) 82.4 74.2 68.0 63.5 60.4
Hart (I1) Fu(%) 64.5 66.0 65.1 61.8 57.0
Hart w/ MAP (111 (% 64.6 66.1 66.6 68.1 67.7
Proposed approach (Iv) 87.0 80.3 75.3 71.8 69.4
™V)-O ¥56 82  +107 4131 1149
Improvement (IvV)-(II) | AR/Fi (%) +34.9 +21.7 +15.7 +16.2 +21.8
V)~ () T317  +215  +131  +54 425
AFAMAP [6)) 0.288 0.327 0.346 0.360 0.371
Hart (I1) NDE 0.839 0.748 0.693 0.750 0.899
Hart w/ MAP (1) 0.840 0744  0.650 0582  0.541
Proposed approach (IV) 0.209 0.254 0.289 0.319 0.347
(Iv)-(1) -0.079 -0.073 -0.057 -0.041 -0.024
Improvement (IV) - (II) ANDE -0.630 -0.494 -0.404 -0.431 -0.552
(IV) (1) 70631 -0490  -0.361  -0.263  -0.194

proposed approach with respect to the AFAMAP and the Hart’s algorithm
are shown. The proposed approach reaches the best performance in each case
study, with Fj-Measure of 87.0 and NDFE equal to 0.209 in the 2 appliances
case, and with Fj-Measure of 69.4 and NDFE equal to 0.347 in the 6 appliances
case, The proposed approach reaches the best performances in each case study,
with Fi-Measure of 87.0 and N DE equal to 0.209 in the 2 appliances case, and
with F}-Measure of 69.4 and NDE equal to 0.347 in the 6 appliances case.

The radar chart in Figure 4.20 shows the Fj-Measure for each appliance the
experiment including all the 6 appliances and the area of each coloured line is
proportional to the Fj-Measure of the related algorithm averaged across the
appliances. The values are related to Table 4.4, where the absolute improve-
ments of the proposed approach with respect to the AFAMAP and the Hart’s
algorithm are shown.

As shown in the plots, the appliances presenting a high steady power con-
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sumption are easily recognised, whereas the appliances with complex working
cycles, or with several power levels, are more difficult to detect. For instance,
the dryer, the electric oven, and the heat pump are successfully reconstructed,
whereas the washing machine, the dishwasher and the fridge are partially erro-
neously reconstructed. Indeed, in the univariate formulation, whenever several
appliances present similar consumption levels, many combinations may satisfy
the problem constraints and the algorithm chooses an erroneous solution for
disaggregation. Comparing the results with the proposed bivariate approach,
the multiple combinations of the solution are reduced due to the component
constraint to be satisfied by the algorithm, which leads to the correct solution
and, consequently, to a better profile disaggregation of the active power compo-
nent. For instance, although the appliances with higher power level maintain a
successful disaggregation, the fridge and the dishwasher improve the correspon-
dence with the ground truth signals. The washing machine partially improve
the disaggregation performance in the activation period, whereas introduces
some false energy assignation. The disaggregated profiles of Hart’s method
show that, for some appliances, the FSM is a modelling technique which allows
a better representation for the appliances with sharply defined steady states,
e.g., the fridge and the heat pump, but a worse representation for appliances
with highly variable activity, e.g., the electric oven.

The more confident are the disaggregated profiles with respect to the ground
truth signal, the better is the estimation of the energy consumption percent-
age distribution among the appliances: indeed, for the proposed approach, the
consumption distribution have a better correspondence with the ground truth
ones, with respect to the AFAMAP algorithm. For instance, the disaggregated
profiles related to the fridge results to be more confident, which reflects on
the increase of the energy assignation, whereas the dishwasher and the electric
oven ones results to have a false energy assignation during the OFF period,
corresponding to a decrease of the related energy contributions. Regarding the
washing machine, some errors are introduced, therefore the energy assignation
is erroneously increased. Regarding the dryer and the heat pump the energy
contributions are maintained, because of the correspondence between the algo-
rithms disaggregation performance. In the Hart’s method, the improvements
in the heat pump and the fridge are reflected on a better correspondence be-
tween the energy contributions, but the absence of the constraint between the
aggregate power amount and the sum of the disaggregated profiles leads to an
unassigned percentage of the total energy (represented as the grey portion).

Regarding the performance of the individual appliances, the major improve-
ments with respect to AFAMAP are observed in the electric oven, the fridge
and the dishwasher, with an relative increase of the Fj-Measure of + 88.2 %,
+65.9% and + 28.6 %, and a variation in the NDE of —0.192, —0.143, — 0.239

80



“PhDthesis” — 2018/2/14 — 12:59 — page 81 — #99

4.3 Exploitation of the reactive power

respectively. This is due to a more accurate correspondence between the disag-
gregated output and the ground truth, as already shown in the disaggregation
output plots. On the contrary, the performance is almost unchanged for the
washing machine, the dryer and the heat pump. With respect to the Hart’s
algorithm, the proposed approach shows an high improvement additionally for
the dryer, with an absolute increase of Fj-Measure equal 4+ 64.3 % and a varia-
tion in the NDE of —0.569, whereas, it shows a substantial loss for the fridge,
with a decrease of F-Measure equal —22.9% and a variation in the NDE of
4 0.065. This demonstrates that the HMM modelling results more effective
with a higher number of states. Since moving from the univariate to the bi-
variate model leads to a greater number of states, this also demonstrates the
effectiveness of the proposed approach. Compared to the Hart’s algorithm with
the MAP stage, the performance on each appliance reduce their gain, particu-
larly for the dishwasher and the dryer, with a decrease of Fj-Measure equal to
—0.7% and an increase of +3.9% and a variation in the NDE of —0.322 and
—0.252 up to the heat pump, where a loss of performance is shown, with an
absolute increase in the Fj-Measure of —15.8% and a variation in the NDFE
of —0.034. The washing machine remains the appliance with the worst dis-
aggregation performance: the reason is the model complexity, since it is the
appliance with the highest number of states, both in the univariate and bi-
variate representation. Observing the radar chart, the area under the curve
related to the proposed approach is increased with respect to AFAMAP and
Hart’s algorithm, resulting in an average performance improvement, whereas
it is slightly higher with respect to the Hart’s algorithm version with the MAP
stage. The average performance of the system increases, resulting in a relative
improvement of Fj-Measure equal to +14.9% , +21.8% and +2.5%, and a
variation in the NDE of —0.024, —0.552, — 0.194 with respect to AFAMAP,
the Hart’s algorithm and the version with MAP stage, respectively.

Concerning the experiments with for different number of appliances, the
results shows that, lowering the number of appliances, the performance improve
in the FHMM-based algorithms, while in the Hart’s algorithm it reaches a peak
with 4 appliance, after that the performance decrease. Regarding the Hart’s
algorithm version with the MAP stage, the performance decrease gradually
with a lower number of appliance.

Compared to AFAMAP and to Hart’s algorithm, the proposed approach pro-
vides a significant performance improvement also when the problem complexity
is minimal, i.e., when the number of appliances is 2. The higher absolute in-
crease from AFAMARP occurs with 6 appliances, whereas it decreases lowering
the complexity of the problem: this demonstrates that the proposed approach
resolves more ambiguities in the NILM solution when the number of combina-
tions of working states is higher.
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Table 4.6: Appliances performance improvement in the “6 appliances” case
study (noised scenario).

Algorithm Metric Dryer Wash}ng Dishwasher Fridge Electric  Heat Overall
machine oven pump
AFAMAP I) 64.6 6.3 30.7 35.6 18.7 57.7 43.1
Hart (Ir) Fy (%) 37.9 3.7 10.3 42.1 17.6 40.3 35.8
Hart w/ MAP (II1) 1% 94.6 11.6 10.7 52.7 411 88.6 50.7
Proposed approach (IV) 87.8 6.9 33.8 44.6 28.9 69.2 54.1
-0 359 495 +10.1 +253  +545  +199 | £25
Improvement (IV)-(I) | AR /Fy (%) [ +131.7  486.5 +228.2 +5.9 +64.2 +71.7 | +51.1
(IV)-(II0) 72 105 T215.9 154 -297 219 | 467
AFAMAP 1) 0.305 4.395 0.888 0.909 0.939 0.787 0.659
Hart (I1) NDE 0.882 5.960 1.714 0.982 1.593 0.929 1.037
Hart w/ MAP (111) B 0.254 1.965 1.110 0.942 0.974 0.432 0.464
Proposed approach (IV) 0.272 4.055 0.829 0.861 0.930 0.467 0.504
(IV)-(T) -0.033 -0.340 -0.058 -0.048 -0.010 -0.319 -0.155
Improvement (IV)-(1I1) ANDE -0.610 -1.905 -0.884 -0.121 -0.663 -0.462 -0.533
(IV)-(IIT) +0.019 +2.090 -0.280 -0.081 -0.044 +0.036 | +0.040

Regardless the number of appliances, the performance of Hart’s algorithm
is lower compared to the proposed approach, because of the less descriptive
capabilities of the FSM appliance model with respect to the HMM one. The
comparative evaluation with the Hart’s version with the MAP stage proves
that, even if this approach exploits the information on the most probable solu-
tion in case of ambiguity, which is an ideal condition, the proposed approach
reaches better performance. Furthermore, the proposed algorithm provides an
optimum solution on a frame of 7' samples, which takes into account both the
short-term and long-term dependencies of the signal. This differs in Hart’s
algorithm that finds the solution by processing the aggregate signal sample-
by-sample. For this method, the performance decreases reducing the number
of the appliances: a motivation behind this phenomenon can reside in the fact
that the MAP stage of the Hart’s algorithm chooses a solution with higher
probability, but which results incorrect for the majority of the experiments,
specially with few combinations.

In this section, the results of the experiments related to the noised scenario
will be shown. Differently from the denoised scenario, the aggregated power
signal does not vary with the appliances considered, therefore only the results
with all the appliances will be shown. Regarding the number of states of the
noise model, the experiments demonstrated that, for each approach, the best
value is 4, except for the Hart’s algorithm with the MAP stage, for which the
best results are reached with 10 states. For the sake of conciseness, only the
results for the best configuration will be reported in this section.

The overall disaggregation results are reported in Figure 4.19, on the last
column, in order to make a comparative evaluation with the denoised scenario.
The values are related to Table 4.6 on the Overall column, where the absolute
improvements of the proposed approach with respect to the AFAMAP and the
Hart’s algorithm are shown. The proposed approach reaches the best overall
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performances, with Fj-Measure of 54.1 and N DFE equal to 0.504, despite of the
Hart’s algorithm version with the MAP stage shows an higher N DFE value. This
discordance will be motivated in the analysis. The radar chart in Figure 4.20b
shows the Fj-Measure for each appliance. The values are related to Table 4.6.

Differently from the denoised scenario, the major improvement, with respect
to AFAMAP, is observed for the dryer, with a F;-Measure relative improvement
of +35.9%, and a variation in the NDE of — 0.033, whereas the improvements
are reduced for the remaining appliances. This proves the effectiveness of the
transition from the univariate to the bivariate formulation of the problem, even
in the presence of noise.

With respect to Hart’s algorithm, the proposed approach shows a higher
improvement for the dryer, the dishwasher, and the heat pump with an im-
provement of +131.7%, +228.2%, +71.7%, and a variation in the NDE of
—0.610, —0.884, —0.462. Differently, Hart’s algorithm with the MAP stage
achieves a higher Fj-Measure, and the relative difference of Fj-Measure for the
heat pump, the electric oven and the dryer is —19.4 %, — 12.2 %, — 6.8 %, while
in terms of N DE the difference is + 0.036, — 0.044, + 0.019. This demonstrates
that the HMM modelling leads to performance improvements with respect to
the FSM modelling even in the presence of noise, but considering the MAP
stage this improvements is substantially reduced. The washing machine is still
the appliance with the worst disaggregation performance, following the trend
of the denoised scenario. Observing the radar chart, the area under the curve
related to the proposed approach is increased with respect to AFAMAP and
Hart’s algorithm, resulting in an average performance improvement, whereas
it is comparable with respect to the Hart’s algorithm version with the MAP
stage, due to unbalancing between the appliances.

The average performance of the system increases, resulting in a Fj-Measure
absolute improvement of +25.5% , +51.1% and +6.7 %, and a variation in
the NDE of —0.155, —0.533, 4+0.040 with respect to AFAMAP, the Hart’s
algorithm and the version with MAP stage, respectively.

Comparing those results to the denoised scenario ones, the overall perfor-
mance is lower, due to the introduction of the noise contribution in the aggre-
gated power, except for the Hart’s algorithm with the MAP stage: despite the
Fj-Measure shows a degradation of performance, the NDFE decreases, meaning
that this version of the algorithm maintains the trend showed with the increase
of the number of appliances. In fact, the noised scenario can be defined as the
denoised scenario using the noise model additionally to the appliances models,
therefore the MAP stage introduces additional advantages, leading to a per-
formance improvement. The MAP stage exploits additional information which
are not introduced within the AFHMM, but represents an almost ideal FSM
based case study.
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4.4 Footprint extraction procedure

Among different NILM approaches, the supervised ones reach better perfor-
mance [56, 53], that is the resulting disaggregated signals have a better cor-
respondence with the true appliance energy consumption. Therefore, those
methods results to be more reliable for the final user.

The supervised section in the NILM algorithms corresponds to the appliance
modelling stage, as showed in Figure 4.21b, where the training phase is carried
out. A model is created starting from the appliance level consumption (e.g.,
training set), in order to represent each appliance in a parametric way, and its
parameters are used in the NILM algorithm in order to disaggregate the portion
of the aggregated power consumption related to each appliance, as represented
in Figure 4.21c.

The power consumption profile of an appliance can be depicted as the re-
peating of a working cycle, alternated by time intervals when the appliance
is turned off. The repetition rate, related to the length of the off-intervals,
depends on the user consumption habit.

Therefore, in order to analyze the consumption features of an appliance, it is
sufficient to extract the working cycle in the appliance level consumption, de-
fined as the footprint, and to exploit it as training set in the appliance modelling
stage.

This stage of the supervised NILM chain is named footprint extraction, as
showed in Figure 4.21a.

In literature, different approaches have been proposed to extract the ap-
pliance working cycle features from the aggregated data. An unsupervised
method, based on spectral clustering, is proposed in [22]: the most different
activation occurrences, which can be denoted in the aggregated power, are
saved; then, they are grouped between the most similar, using the clustering
technique. A bayesian approach is used in [19, 20]: a generic bayesian model
for the appliance category is defined; then, it is fitted on the activation within
the aggregated power, using a threshold schema on the likelihood function.
Most of those approaches have limitations, concerning the aggregated power,
where the appliance activation can be overlapped and it can cause trouble in
the extraction phase.

To overcome this, in a real scenario, the user interaction with the system can
be considered, in order to improve the reliability of the footprint extraction: in
those cases, the user needs a facilitated procedure to determinate the appliance
activation instant and an easy way to interact with the energy monitoring
system. Therefore, in this work a user-aided footprint extraction procedure is
proposed.

The easiest way to extract the footprint from the aggregated power is to use
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the appliance alone, turning off all the other devices in the electrical network,
as described in [16]. This approach results to be the more reliable for the user,
thus it is adopted in the presented work.

The appliance modelling stage employs the footprint, in order to represent
the appliance consumption behavior: despite several works deal with model for
the classification, such as SVM, k-NN [37] or deep neural networks [32], the
Hidden Markov Model (HMM) is a widespread modelling technique [18, 23, 29],
since it is able to represent the behavior of the appliance in working states and
to regulate the transition with a probability value. This representation is close
to the real appliance mode of operation, where each working state corresponds
to a power consumption value.

In this work, the disaggregation algorithm is based on HMM, in particular the
AFAMAP (Additive Factorial Approximate Maximum a Posteriori) algorithm
[22] is used.

! Training sets !

* Appliance 1
Footprint ® :
Aggregate » extraction

! Training sets ' i Models

Appliance 1 » * Appliance 1
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Appliances [ [ J
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(b) The appliance modelling stage.
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algorithm

(c) The disaggregation algorithm stage.

Figure 4.21: The Supervised NILM chain.

The unavailability of the appliance level consumption, for extract the foot-
print, represents one of the main issue in the NILM supervised approach. In
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real scenarios, only the aggregated power consumption is available to the user.
Therefore, the footprint extraction stage aims to extract the appliance footprint
from the aggregated power: this work aims to investigate the performance of a
footprint extraction procedure based on the HMM and AFAMAP algorithm.
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(a) Dryer, household 1. (b) Dishwasher, household 2.

Figure 4.22: Alike and different footprints for the same appliance, in ECO.

A working cycle of an appliance is the interval between the power on and the
power off by the user. In this time interval, the appliance power consumption
signal is defined as footprint. Some examples of footprint taken from the ECO
dataset [57] are shown in Figure 4.22, that reports the power consumption
traces recorded from the appliances located inside different Swiss households.

The usage of an appliance differs every time, especially in the case of equip-
ments with different usage modes: e.g., the operating cycles of a washing ma-
chine can be set in a different way each time, or the operation of the dishwasher
may vary according to the selected rinsing cycle. The different usage mode of
the same appliance reflects on different footprint, as shown in Figure 4.22b:
the power levels in the two footprint of the dishwasher are the same, but they
appear in different orders, which demonstrate that the working state compos-
ing the appliance working cycle are unique, but they are employed in different
orders, based on the user habits. Therefore, it is necessary to record different
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occurrence of the appliance footprint, in order to explore the different user
habits in the appliance usage.
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(a) Fridge, household 1. (b) Freezer, household 1.
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(c) Fridge-freezer combination, house-
hold 1.

Figure 4.23: Power consumption of continuously turned on appliances, in ECO.

On other hand, this aspect is not significant for appliances with easier work-
ing principle, and a less complex circuit composition. In this case, the usage
pattern of the appliance can not be different in times, thus the footprint ap-
pears to be similar in each occurrence, as shown in Figure 4.22a: the footprint
of the dryer follows the same trend in time, which demonstrates the unique
working cycle of the appliance and the unique way of usage by the user.

The footprint extraction is a necessary step in supervised NILM algorithms.
In this context, the user exploits the aggregated power sensing system. An easy
method to record the appliance footprint is to switch off all the appliances in
the household and to turn on only the appliance of interest [16]. In this way,
the aggregated power consumption corresponds to the appliance one.

The appliance switch on and off are detected by using a threshold schema
on the active power consumption: when the value exceeds a threshold, the
current is flowing in the circuit and the appliance is turned on, whereas when
the value is below, the appliance is turned off. A threshold equal to the value
of 50 W is a good choice for most datasets, nevertheless this value depends
on the type of appliance and the activation power consumption. The samples
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between those two events are saved as the power consumption data related to
the footprint. Multiple usages of the same appliance define different occurrences
of the footprint.

In a household not all appliances can be turned off, e.g., the fridge and
the freezer have to be continuously powered in order to maintain the food
inside in safe condition. As shown in Figure 4.23a and Figure 4.23b, their
power consumption are continuous in time, with a periodic working cycle. In
this scenario, the aggregated consumption presents a continuous component,
resulting from the sum of the fridge and freezer consumption, as shown in
Figure 4.23c. This signal can be modeled as the consumption of a unique
model, representing the combination fridge-freezer as a composed appliance.

The presence of this component in the aggregated power does not allow to
acquire a clean footprint of the appliance of interest, since all the appliances
power signals are summed up on the aggregated power. Therefore, the footprint
results to be corrupted and a procedure to clean it is needed.

In order to clean a corrupted footprint, a procedure to separate the fridge-
freezer consumption from the appliance footprint one is needed.

The fridge-freezer contribution can be recorded on the aggregated power
turning off all the other appliances in the household: in this way, the char-
acterization of the fridge-freezer combination is not afflicted by noise or other
appliances consumption, thus the extracted model results to be highly reliable
and accurate.

The steps to be followed are the following:

1. the consumption of the fridge-freezer combination is recorded, in a ade-
quate span of time to collect enough data for the modelling;

2. a corrupted version of the appliance of interest footprint is acquired;

3. the extraction procedure is applied to the recorded footprint, using the
a priori knowledge of the fridge-freezer model and a generic model of the
appliance.

The process of signal separation can be interpreted as a disaggregation prob-
lem with 2 sources: therefore, the same NILM algorithm, which is executed af-
ter the footprint extraction and the appliance modelling step, can be exploited
for the footprint extraction step, as well. In order to obtain the disaggregated
traces, the NILM algorithm requires both the model of the fridge-freezer com-
bination and of the appliance of interest. The first one is available, whereas the
appliance model is not available, because the footprint extraction step precedes
the appliance modelling step. Therefore, it is necessary to provide a generic
model, which represents the class related to the appliance of interest, and which
is suitably fitted on the specific appliance features, e.g., a priori knowledge of
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Figure 4.24: Footprint extraction algorithm flowchart.

the maximum power consumption, in order to represent it as good as possible.
This procedure introduces an uncertainty in the appliance modelling stage,
which might be the cause of the error in the footprint extraction stage.

In this work, the NILM algorithm chosen for the disaggregation step is the
AFAMAP proposed by Kolter and Jaakkola [22]: the algorithm requires the
HMM of each appliance that contributes to the aggregated power signal.

From the analysis carried out in Section 4.4, the availability of the HMM of
both the fridge-freezer combination and the appliance of interest is necessary.
The first one is obtained from the corresponding consumption recorded, thus
it is a model with high reliability: as showed in Figure 4.23c, it is a model with
4 working states, derived from the composition of the 2 working states of the
fridge and the freezer. Whereas, for the appliance of interest, the model is not
available, since it is derived after the footprint extraction step. Therefore, a
generic HMM is exploited: it is obtained from a reference dataset, under the
assumption that all the appliances of the same category acts in the same way,
while passing from a working state to another, so that the transition probability
matrix results the same for each appliance in the category. Furthermore, it is
assumed that the number of the working states is the same for all the appliances
of the same category, since the working cycle of the appliance type observed
in the footprint: therefore, the number of states is defined a priori for the
appliance type, such as described in Table 5.3.

For the appliances with a number of working states greater than 2, it is as-
sumed that the consumption values are proportional each other: therefore, the
consumption values in the model are scaled based on the nominal (maximum)
value, which is given a priori to the algorithm.
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In this way, the HMM represents the appliance as good as possible, omitting
the approximation on the consumption values of the middle working state and
the approximation on the transition probability matrix.
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(a) Histogram of the power consumption (b) Footprint and clusters associated to
values. the working states.

Figure 4.25: Washing machine in ECO, household 1.

After the AFAMAP algorithm execution, two disaggregated consumption
profiles are obtained: the appliance one corresponds to the extracted footprint.
Starting from this, the HMM representing the appliance is created, which is
used in the disaggregation algorithm to solve the NILM problem.

In order to reach a good generalization in the HMM creation, the availability
of different appliance footprints is necessary, as described in Section 4.4: this
process allows to mitigate the errors introduced in the footprint extraction
phase. A suggested value of occurrences to record is in the order of 10.

In Figure 4.24 the flowchart of the footprint extraction algorithm is depicted.

Table 4.7: Number of working states defined for each category of appliance.

Appliance num. of states
Fridge 2

Freezer

Dryer
Washing machine

Dishwasher

W W s W N

Oven
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The diagram is composed of two sections: in the left one, the contribution of
the fridge-freezer combination is recorded, from which the HMM is obtained;
in the right one, the appliance activations are recorded, to obtain the footprint
and the related HMM. This procedure is repeated for each appliance footprint
recorded, which needs to be extracted.

4.4.1 Experimental setup

In order to execute the AFAMAP disaggregation algorithm, it is necessary to
generate the HMM of each appliance from the extracted footprints.

As first step, the power consumption values associated to each working state
need to be extracted. This is achieved via a clustering procedure.

Recording many footprints allow to reach a proper solution during the it-
erative procedure in the algorithm: indeed, this kinds of algorithm operates
more effectively when a significant amount of data is available for each cluster
to find.

The cluster centroid represents the power consumption value of the appliance
in that working state: the inference of a gaussian variable on the data related
to the same cluster is carried out. The resulting mean value corresponds to the
centroid of the cluster and the variance determines the width of the cluster, as
shown in Figure 4.25b.

The levels with high variability are susceptible of great variance in the con-
sumption value, e.g., the state with higher consumption, while the levels with
lower variability have a tighter interval, e.g., the OFF state, as shown in Fig-
ure 4.25. The variability in the levels is an information representative of the
appliance category, as well as of the user usage habits.

As final step, the HMM is created by using the well known training tech-
niques.

The experiments have been conducted using different datasets: the first one
for the generic model extraction, and the second one for testing the footprint
extraction algorithm. The disaggregation experiments have been conducted
on the same dataset, to evaluate the effectiveness of the footprint extraction
algorithm, compared to the use of the true appliance level consumption, to
create the appliance model.

The general model has been extracted using the AMPds dataset [58]. The
experiments on footprint extraction and disaggregation are conducted on the
ECO dataset [57], considering the households 1 and 2, whose appliances are:

e household 1: dryer, washing machine;

e household 2: dishwasher, oven.
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The experiments include the the fridge-freezer combination, present in each
household.
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(b) Dishwasher in ECO, household 2.

Figure 4.26: Comparison between the true and the extracted footprint for some
appliances.

4.4.2 Results

Figure 4.26 shows two example of extracted footprints, compared to the original
ones. In both cases, a good correspondence between the temporal trends can
be noticed, which denotes that the model representing the fridge-freezer com-
bination has a high reliability and it allows to extract the appliance footprint
contribution in a suitable way. However, for several portions of the footprint,
the correspondence with the power level is not correct: this might be due to

the incorrect power levels of the general model, which are obtained from a
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Table 4.8: Disaggregation performance in ECO,
household 1.

Metric Fridge- Dryer Washing AAA Footprint
freezer machine
P 0.506 0.657 0.909 0.691 °
T R 0.568 0.821 0.948 0.779 S
2 F 0.536 0.730 0.928 0.732
f_é P 0.483 0.622 0.880 0.661 §
B R 0.531 0.788 0.937 0.752 §
Fy 0.506 0.695 0.908 0.704 ‘>'<:
- P 0.955 0.488 0.849 0.764 :
% R 0.815 0.972 0.978 0.922 S
< Fy 0.879 0.650 0.909 0.835
gﬁ P 0.953 0.422 0.809 0.728 2
E R 0.790 0.976 0.982 0.916 5
Fy 0.864 0.589 0.887 0.811 "Q
=

scaling operation respect to the nominal consumption value. Indeed, the error
is introduced in the middle power levels, while for the maximum power level
the correspondence is exact. In the entire process, the uncertainty introduced
from the disaggregation algorithm, used to separate the footprint from the
consumption of the fridge-freezer combination, needs to be considered.

The experiments have been conducted on a portion of 30 days of the ECO
dataset. To evaluate the effectiveness of the footprint extraction procedure,
the disaggregation results have been evaluated using:

e the models created by using the appliance level consumption, available
in the dataset (true footprint);

e the models created by using the extracted footprint, following the proce-
dure described in Section 4.4.

The disaggregation results have been evaluated using the Precision (P) and
Recall (R) metrics, defined in Section 2.4 in state and energy based sense. To
compare the performance of the entire disaggregation system, the F-score (F})
metric averaged across the appliances (AAA) has been used.

The parameters used in the AFAMAP algorithm were the same employed in
Section 4.2. The disaggregation window parameter has been set T' = 60 min.

The disaggregation results are showed in Table 4.8 and Table 4.9. For both
metrics, the algorithms achieve good performance: the best results are reached
in the household 2 experiment, with a F; of 0.898 in state based sense, and
0.956 in energy based sense. This is due to the relatively simple problem studied
in those cases: a disaggregation problem with only 3 appliances, with highly
distinguishable values of power consumption, reveals to be solvable with high
accuracy. The experiments in Table 4.9 shows a better performance respect
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Table 4.9: Disaggregation performance in ECO,
household 2.

Metric Fridge- Dishwasher Oven AAA Footprint
freezer
P 0.741 0.926 0.977 0.881 °
E R 0.781 0.980 0.984 0.915 S
2 R 0.760 0.952 0.980 | 0.898
2 P 0.735 0.855 0.972 0.854 §
£ R 0.773 0.974 0.982 0.910 §
Fy 0.754 0.911 0.977 | 0.881 ‘>'<:
< P 0.983 0.873 0.973 0.943 :
% R 0.944 0.983 0.984 0.970 S
< Fy 0.963 0.925 0.979 | 0.956
Eﬁ P 0.981 0.816 0.975 0.924 2
L%) R 0.939 0.982 0.988 0.970 5
Fy 0.960 0.891 0.982 | 0.946 ?2
£

to the Table 4.8 one: the reason is the appliances footprints and the resulting
HMMs composition. Indeed, the second problem is composed of models with a
lower number of states (e.g., 3 states for the dishwasher, 3 states for the oven,
respect to the 3 states for the dryer and 4 states for the washing machine),
thus the disaggregation problem results to be simpler in the resolution, and the
overall performance reaches higher values. This trend was already introduced
from the author of the disaggregation algorithm [22], who shows that the higher
is the number of states related to the HMM, the higher is the complexity of
the problem definition, and lower is the disaggregation performance due to
the more difficult resolution. Regarding the first problem, the fridge-freezer
combination has the consumption values close to the dryer ones, which leads
to an ambiguity during the problem resolution and a lower performance for the
total problem. In general, the appliance with the better performance is the one
with the higher power consumption value: for the first problem the washing
machine, for the second one the oven.

In both experiments the results corresponding to the true footprint show
higher performance respect to the extracted footprints ones: it means that the
footprint extraction procedure introduces an error in the appliance modelling
stage, which results in a error during the disaggregation algorithm resolution.
Nevertheless, the results of the extracted footprint experiments show perfor-
mance with an admissible relative loss: for the household 1 experiment, the
relative loss results of 3.83% in state based sense, and 2.87% in energy based
sense, while for the household 2 experiment, it results of 1.89% in state based
sense, and 1.05% in energy based sense .

In conclusion, the models obtained after the footprint extraction procedure
show a good correspondence with the original ones, which means that the
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footprint extraction is sufficiently reliable. Therefore, the footprint extraction
algorithm introduced in this work provides a convenient procedure to the user
for modelling the appliance at the cost of an acceptable loss in disaggregation

performance.
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The recent success of Deep Neural Networks (DNN) in several application sce-
narios [93, 94] drove the scientific community to employ this paradigm also
for NILM. Kelly & Knottenbelt [32] compared three alternative DNNs: in the
first, they employed a convolutional layer followed by long short-term memory
(LSTM) layers [60] to estimate the disaggregated signal from the aggregate
one. In the second, a denoising autoencoder composed of convolutional and
fully connected layers is trained to provide a denoised signal from the aggre-
gate one. The third network estimates the start time, the end time and the
mean power demand of each appliance. The algorithms where evaluated on the
UK-DALE dataset and showed superior performance with respect to the combi-
natorial optimisation and FHMM algorithms implemented in the Non-intrusive
Load Monitoring Toolkit (NILMTK) [73].

5.1 Neural NILM

The work by Kelly and Knottenbelt [32] compared three different neural net-
work architectures: in the first, they employed a convolutional layer followed by
LSTM layers [60] to estimate the disaggregated signal from the aggregated one.
In the second, a denoising autoencoder (dAE) composed of convolutional and
fully connected layers is trained to provide a denoised signal from the aggre-
gated one. The third network estimates the start time, the end time, and the
mean power demand of each appliance. The algorithms were evaluated on the
UK-DALE dataset and the results showed that the dAE approach outperforms
the alternative neural networks architectures as well as the FHMM algorithm
implemented in the Non-intrusive Load Monitoring Toolkit (NILMTK) [73].

5.2 Denoising AutoEncoder approach

The NILM task can formulated as a denoising problem by expressing the aggre-
gated signal as the sum of the power consumption of the appliance of interest
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and a noise component that incorporates all the remaining contributions. In
particular, equation (2.1) can be reformulated as:

y(t) = y;(t) +v;(t), (5.1)

for 5 =1,2,..., N, where

N
i) =D yilt) + elt), (5.2)
5
represents an overall noise term for the appliance j that comprises both the
measurement noise and the contributions of the other appliances. Thus, for
obtaining y;(t), it would be sufficient to remove the noise term v;(¢) from the
aggregate measurement y(t).

In [32] and similarly in [31], noise removal is performed by means of a dAE,
i.e., a neural network that is trained to reconstruct a clean signal from its noisy
version presented at the input. Denoising autoencoders have been originally
formulated in the context of representation learning and as an unsupervised
training method [95]. The same structure has been later employed to perform
actual noise removal, such as in speech related tasks [96, 97]. An autoencoder
can be seen as an encoder network followed by a decoder network. The en-
coder provides an internal representation of the input signal and the decoder
transforms it back into the input signal domain. A common choice consists
in creating a network with specular encoder and decoder topologies. In the
context of NILM, for each appliance, an autoencoder is trained to reconstruct
the ground truth y;(¢) given the aggregated signal y(t).

5.3 Algorithm improvements

In this section, several algorithmic and architecture improvements to the dAE
approach for NILM are proposed and an exhaustive comparative evaluation
with the AFAMAP (Additive Factorial Approximate Maximum a Posteriori)
algorithm [22] is conducted. In particular, compared to [32] the dAE approach
for load disaggregation is improved by conducting a detailed study on the topol-
ogy of the network, and by introducing pooling and upsampling hidden layers,
and the rectifier linear unit (ReLU) activation function [98] in the output layer.
Additionally, the network output is recombined by using a median filter on the
overlapped portions of the disaggregated signal. The second contribution is an
exhaustive performance comparison between AFAMAP and the dAE approach.
Indeed, FHMMs have been largely employed in the last years since they are
an effective approach for load disaggregation, and AFAMAP, in particular, re-
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Convolution Sub-sampling  Convolution Sub-sampling Fully connected
MLP

(a) Encoder network. The input signal is the aggregated power consumption.

Fully connected Up li Convoluti Up 1i Convolution
MLP

(b) Decoder network. The target signal is ground truth power consumption of each
appliance.

Figure 5.1: Generic autoencoder architecture employed for disaggregation.

ceived noteworthy attention by the scientific community [99, 100], as described
in Section 4.1. However, an exhaustive performance comparison between the
two methods has not been yet conducted. Indeed, the authors of [32] compare
their proposed approaches to the FHMM method implemented in NILMTK
[73], but their comparison does not consider more advanced FHMM algorithms
such as AFAMAP [22]. Additionally, their experiments consider only a noised
scenario on a single dataset (UK-DALE). Here, the evaluation is performed on
three datasets, UK-DALE [61], AMPds [58], and REDD [30] in different condi-
tions: firstly, the algorithms are evaluated on denoised and noised scenarios. In
the denoised scenario, the aggregated signal is the sum of the power profiles of
the appliances that are disaggregated. In the noised scenario, the aggregated
signal comprises also measurement noise and the contributions of unknown ap-
pliances. Successively, the algorithms generalisation capabilities are evaluated
by performing disaggregation on the data acquired in a house not considered
in the training phase (unseen scenario). The performance is evaluated by using
both energy-based metrics and state-based metrics [73]: the first, evaluate the
capability of the algorithm to estimate the actual power profile of the appli-
ances, while the second the capability of estimating whether the appliance is
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(c) Disaggregated traces comparison between median and mean recombining meth-
ods.

Figure 5.2: Network outputs recombined by using the mean operation and the
median operation recombination on the overlapped portions.

in the “on” or “off” state. In order to perform the experiments in presence of
noise, a Rest of the World (RoW) model has been introduced in the original
AFAMAP [22] algorithm. This model represents all the appliances but the ones
of interest and makes AFAMAP able to operate in a noised scenario. The ob-
tained results show that on average the dAE approach outperforms AFAMAP
in all the addressed experimental conditions.

The general network topology proposed here for NILM is shown in Figure 5.1:
the encoder network (Figure 5.1a) is composed of one or more one-dimensional
convolutional layers that process the input signal and produce a set of feature
maps. Each convolutional layer is followed by a linear activation function, by
a max pooling layer, and by additional convolutional and pooling layers. Fi-
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nally, one or more fully connected layers followed by a ReLU [98] activation
function close the encoder network. The max pooling operation returns the
maximum value within a neighbourhood, and in image processing, it makes
the obtained representation invariant to small translations of the input. In
NILM, this translates into being more independent on the location of an acti-
vation inside an analysis window. Additionally, max pooling reduces the size
of the feature maps and the number of units in the fully connected layers, thus
reducing the number of training parameters. The ReLU activation function
calculates the maximum between its input and zero, and in this case it pre-
vents the occurrence of negative values of the disaggregated active power. The
decoder (Figure 5.1b) is structured specularly to the encoder, with upsampling
layers taking the place of max pooling layers. Compared to [32], several net-
work topologies are explored, with multiple convolutional stages, max pooling
and upsampling layers are introduced, and the ReLLU activation function in the
fully connected layers.

Table 5.1: Energy ratio (ER) for each house in the considered datasets.

UK-DALE REDD

Dataset | AMPds House 1 House 2 House 4 House 5| House 1 House 2 House 3

ER 0.731 0.680 0.564 0.867 0.833 0.634 0.463 0.613

Table 5.2: Definition of the training, validation and test sets for the considered

datasets.

Dataset Train+ Validation Test
AMPds 1 year, 6 months 6 months

House 1 | 1 year, 8 months, 3 days 7 days

House 2 4 months, 3 days 7 days

UK-DALE House 4 6 months, 25 days 7 days

House 5 2 months, 3 days 6 days

House 1 33 days 3 days

REDD House 2 12 days 2 days

House 3 12 days 6 days

The dAE network is trained to minimise the mean squared error between its
output and the activation of a single appliance. Training is performed by using
the Stochastic Gradient Descent (SGD) algorithm with Nesterov momentum
[101], and with the early-stopping criterion to prevent overfitting. The input
data and the target are normalized in order to improve the learn efficiency. With
respect to the reference work [32], several advancements have been introduced
in the training phase. In particular, during the training phase, the initial
value of the learning rate is decreased when the performance on a validation
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set decreases. When this occurs, training is resumed from the epoch where
the performance started decreasing. If the validation performance remains
confined in a certain interval, typically when the learning process has reached
the convergence or the learning rate has become too little, the early-stopping
criterion is used. This is adopted in order to prevent overfitting.

In the disaggregation phase, the input signal y(t) is analysed by using sliding
windows whose lengths depend on the size of the appliance activations. Win-
dows are partially overlapped and the output signal is recombined by using a
median filter on the overlapped portions. This differs from what proposed in
[32], where the authors recompose the overlapped portions by calculating their
mean value. The problem with this solution is that when an activation is only
partially comprised in the analysis window, the network tends to underestimate
the value of the output signal. As the window slides, the estimate increases,
but averaging the overlapped portions produces an overall underestimated sig-
nal. Differently, by using the median operation on the overlapped portions,
this phenomenon is mitigated, since greater values are preserved. The overall
operation is depicted in Figure 5.2.

Table 5.3: Number of states m related to each class of appliance.

Nr. of Dryer Wash.lng Dishwasher Fridge Electric Heat Kettle Microwave
states machine oven pump
m 3 4 3 2 3 3 2 2

The input signal is normalised following the same technique used in the train-
ing phase, while the disaggregated traces are denormalised after recombining
outputs.

5.3.1 Experimental setup

Table 5.4: Window width (in samples) for the dAE architecture. The number
of samples depends on the dataset sampling rate.

Dataset |Dryer Wash.lng Dishwasher Fridge Electric Heat Kettle Microwave
machine oven pump
UK-DALE - 1024 1536 512 - - 128 288
AMPds 75 120 210 45 120 90 - -
REDD 1536 - 2304 496 - - - 96

In order to conduct an exhaustive evaluation on different scenarios, three
public datasets have been chosen. The Almanac of Minutely Power dataset
(AMPds) [58] contains recordings of consumption profiles belonging to a single
home in Canada for a period of two years, at 1 minute sampling period. The
experiments are conducted by using six appliances: dryer, washing machine,
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dishwasher, fridge, electric oven, and heat pump. The second dataset, UK-
DALE [61], is composed of consumption profiles recorded in five houses in UK
over two years, at 6 seconds sampling period. The houses consumptions are not
equally distributed over this time period, e.g., house 3 contains only the kettle
consumptions and some minor appliances recordings, thus it is not considered
in the experiments. The five target appliances considered in all the experi-
ments are: fridge, washing machine, dish washer, kettle and microwave. The
third dataset, REDD [30], contains aggregate and circuit-level power profiles of
several US households. The sampling period of the aggregate data is 1s, while
the one of the target profiles is 3s, thus aggregate data was downsampled in
order to match the sample period of the target profiles. The experiments are
conducted by using four appliances: dryer, dishwasher, fridge, and microwave.
In the seen scenario, the data from two houses is used both for training and
testing. In the unseen scenario, the same data is used for training, while testing
is performed on the data of a third house.

The chosen appliances represent the principal contributions to the peak of
power consumption in the aggregated signal, which allows us to consider the
denoised scenario as an approximation of the noised scenario in the traits of
higher power consumption. On the other hand, the noise contribution, as-
signed to the RoW model, depends on the number of remaining appliances not
modelled and on the total energy of the main aggregated signal, and this affects
the disaggregation performance in the noised scenario. The energy ratio (ER),

defined as:

T
ER — Erow _ 2o €(t) (5.3)

T ;
Emain Zt:l y(t)

expresses the energy proportion between the RoW model and the total aggre-

gated data, and the values for each house in the considered datasets is showed
in Table 5.1.

The datasets are split in different portions for training and testing, and
their dimensions depend on the availability of appliances activations within
the dataset. Regarding the training procedure, within the period specified in
Table 5.2, the first 20 % of activations are used to compose the validation set,
while the remaining 80 % are used for the models training.

Regarding the ground truth consumption availability, two different scenarios
can be defined. In the seen scenario, the disaggregation is computed on the
same houses used to train the models, but in different period from the training
data. In this scenario, both models, HMM and neural network, are created
exploiting the same portion of training, in order to conduct a fair comparison
between the methods. On the other hand, in the wnseen scenario, the dis-
aggregation is computed on the data related to a house not considered in the
training phase. In this scenario, the ground truth consumptions related to each
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Figure 5.3: Disaggregated profiles in denoised and noised scenario in UK-DALE
dataset, seen case study, related to the dishwasher in house 1.

appliance are not available in the house where the disaggregation in performed,
therefore no training data can be considered to create the models. The gener-
alisation property of the neural network allows to avoid a training procedure
and to use the model trained on a set of data different from the test, whereas
the footprints needs to be suitably extracted in order to train the HMM. One
possible approach, in this sense, is represented by the user-aided footprint ex-
traction algorithm, described in Section 4.4, that describes a procedure for the
extraction of an approximated version of the appliance activations within the
aggregated data when all the appliances are turned off, except the always-on
in the house, i.e., the fridge and the freezer.

The experiments on the UK-DALE dataset have been performed as in [32],
both for the seen and the unseen scenario.

The parameters related to the AFAMAP algorithm are defined as follows: the
frame size is set to 60 minutes, which is an interval sufficiently large to include
the whole activation for most of the appliances under study. For the ones with
a longer activation, this frame size allows to include a complete operating sub
cycle, for which the HMM is still representative. The variance parameters are
set to 0 = 02 = 0.01 according to the variance of the experimental data, and
the regularisation parameter is set to A = 1. Table 5.3 presents the number of
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states, defined a-priori for each class of appliance. In the denoised scenario no
parameters optimisation has been conducted, whereas in the noised scenario,
the number of the RoW states has been varied between the values {6, 8, 10} for
both datasets.

The algorithm has been implemented in Matlab, and the CPLEX! solver has
been adopted to solve the QP problem. The experiments have been conducted
on a working station equipped with an Intel i7 CPU at 3.3 GHz, and 32 GB
RAM. The time required for an experiments depends on the number of samples
and the number of states of the HMM models: because of the different sampling
rate between the datasets, the experiments last from 1 hour for AMPds to 3
hours for UK-DALE, while the introduction of the RoW model increases the
simulation time up to 2 hours for AMPds and 5 hours for UK-DALE.

The parameters related to the dAE approach are defined as follows: each
network receives data in a mini-batch of 64 sequences, and a mean and vari-
ance normalization is computed on the input data. In order to guarantee the
same normalization over the whole dataset, the mean and variance values are
computed from a random sample of the training set. Whereas, on the target
data a min-max normalization is performed using the maximum power con-
sumption value of the related appliance. The training data is composed of
50 % of actual appliance related data, and 50 % of synthetic data obtained by
randomly combining real appliance activations. The training sequences have
been extracted by using NILMTXK [73]: this toolkit provides the method for the
power activation extraction from the ground truth power consumption related
to each appliance from both datasets. The data analysing window of the dAE
needs to be enough large to comprise an entire activation of the appliance,
but not too much to include other contributions, especially for appliances with
short-duration activation. The window width depends on the appliance type,
as described in the Table 5.4:

As aforementioned, training has been performed by using the SGD algorithm
with Nesterov momentum set 0.9. The maximum number of epochs has been
set to 200000, and the number of epochs for the variable step size technique
has been set to 20 000. The initial value of the learning rate has been set to 0.1,
with a decreasing factor equal to 10. The variable step size criterion has been
applied on the Fj-Measure calculated on the validation set, and the relative
tolerance for early stopping criterion has been set equal to 0.01. The neural
network has been implemented by means of the Lasagne library?, built on top
of Theano [102]. All the network weights have been initialised randomly using
Lasagne default initialisation, without any layerwise pre-training.

In [32], the network topology is composed of an input and an output con-

Thttps://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/
’https://lasagne.readthedocs.io/en/latest/
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volutional layer with 8 kernels of size 4. The middle layers consists of 3 fully
connected layers with ReLU activation functions, where the number of neurons
in the central layer is equal to 128, whereas for the other layers the number
depends on the length of the input sequence. In the disaggregation phase, a
hop size of 16 samples has been considered. The performance of this work
represents the baseline for this approach. An intensive parameters optimisa-
tion has been conducted regarding to the number of kernels (N), size of each
kernel (S), and number of neurons in the central layer (H). The experiments
have been conducted using each combination of parameters within the ranges:
N={2, 4, 8, 16, 32, 64}, S={2, 4, 8, 16, 32, 64}, H={8, 16, 32, 64, 128, 256,
512, 1024, 2048}. Kernels larger than the input size have not been consid-
ered. The architecture that achieves the highest performance has been used
as starting point of an additional campaign of experiment, for which the first
convolutional layer has been preserved, and a second stage, including pooling
and up-sampling layers, has been introduced. The parameters have been varied
within the same ranges defined above.

Max pooling is calculated on a segment with sizes equal to 2 or 4 samples, and
the overlapped portion is either equal to half of the window or not present. For
this new architecture the experiments have been conducted with a full search
of the optimal parameters. The disaggregation phase has been carried out with
a sliding window technique over the aggregated signal, using overlapped win-
dow with hop size in the range {1,2,4,8, %window, %windaw}, where window
represents to the window width defined in Table 5.4.

The number of networks tested for each appliance in three datasets has been
varied from 150 to 200, and this experimental campaign has been conducted
on both denoised and noised scenario, in the seen and unseen conditions.

The experiments have been conducted on nVIDIA K80 GPUs. The training
time varies depending on the network dimension and appliance type: because
of the different sampling rates of the datasets, the experiments require from 2
to 10 hours depending on the size of the training set.

5.3.2 Results

Regarding the AFAMARP algorithm, in the noised scenario, preliminary exper-
iments have demonstrated that the highest performance is obtained when the
number of states of the RoW model is 6. For the sake of conciseness, only the
results for that number of states are reported.

For the same reason, the results of the entire experimental campaign of the
dAE algorithm will not be reported. For each scenario, the introduction of the
second stage of CNN improves the performance with respect to the single CNN
stage for the majority of appliances, as well as the effectiveness of the pooling
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layer. The experiments demonstrated that a hop size with 1 and 2 samples
results in the best performance.

For the AMPds and UK-DALE datasets, the dAE algorithm outperforms
AFAMAP both in the noised and the denoised scenarios, as shown in Table 5.5,
Table 5.6, Figure 5.5a, and Figure 5.5b. More in details, Figure 5.5 shows the
radar charts related to the Fl(E) metric for each appliance, and the area inside
a line gives an overall performance indicator of the related approach. On the
AMPds dataset, in the denoised case study, the absolute improvement in terms
of Fl(E) amounts to + 17.3 %, while in the noised scenario the absolute improve-
ments amounts to + 13.3%. The same trend can be observed by considering
the other metrics. Compared to AFAMAP, NEP reduces by 2.012 in the de-
noised scenario, whereas it reduces by 3.819 in the noised scenario. State-based
metrics show a similar trend, since, in the denoised case study, Fl(s) improves
by 4 24.7 %, while and in the noised case study the absolute improvement is
+29.8%. Similar remarks apply to MCC. Analysing the performance of the
individual appliances, the dAE algorithm outperforms AFAMAP for all the
appliances in both the denoised and the noised scenario. In terms of F’ :L(E), the
highest absolute improvement can be observed for the dishwasher (4 45.9 %)
in the denoised scenario, and for the oven in the noised scenario (+48.4%).
Considering the other metrics, the dAE algorithm outperforms AFAMAP for
all the appliances in both scenarios, except for the fridge in the noised scenario,
where AFAMAP achieves lower NEP and higher F: I(S). Indeed, for this appli-
ance in the noised scenario, the performance improvement in terms of F’ 1(E) is

modest compared to the other appliances.

Compared to AFAMAP, in the UK-DALE dataset the absolute improvement
in terms of Fl(E) is +4.4% in the denoised case study, and to +48.7% in the
noised scenario. The same trend can be observed by considering the other
metrics: NEP reduces by 0.672 in the denoised scenario and by 11.564 in the
noised scenario, while Fl(s) improves by +11.7% in the denoised case study
and by +36.51 % in the noised case study. MCC increases by 0.166 and by
0.466 respectively in the denoised and in the noised scenario. Analysing the
performance of the individual appliances, the dAE algorithm achieves superior
performance for all the appliances in the denoised scenario, except for the wash-
ing machine and the microwave, for which the F I(E) is similar. In the noised
scenario, the dAE algorithm outperforms AFAMAP for all the appliances, with
the highest improvement equal to + 69.6 % for the kettle. The same trend can
be observed considering the other metrics. In the noised scenario, the optimi-
sation of the network parameters allows to outperform the dAE architecture
presented in [32] for all the appliances, with the highest improvement of Fl(E)
equal to +26.1% for the dishwasher. Considering the other metrics, the im-
provement follows the same trends, except for the washing machine evaluated
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in terms of NEP, and the dishwasher evaluated in terms of F’ l(s) and MCC.
Regarding the REDD dataset (Table 5.7), in the denoised scenario the perfor-
mance difference of the dAE algorithm with respect to AFAMAP varies with
the evaluation metric. In particular, in terms of Fl(E) and MCC, AFAMAP
outperforms the dAE algorithm respectively by 6.5% and 0.007. In terms of
MCC, however, the relative improvement is limited, since it is equal to 0.95 %.
In terms of NEP and F 1(3)7 the dAE approach outperforms AFAMAP as shown
in the experiments with the UK-DALE and AMPds datasets. This behaviour
can be explained by considering that in the denoised seen scenario the HMM
models in AFAMAP are trained by using data of the same building used in
the disaggregation phase, while the network in the dAE approach is trained by
using multiple buildings, and testing is performing on one of those. This aspect
is less relevant in the noised scenario, because in AFAMAP the RoW model
introduces a high variability in the disaggregation solution. Indeed, in this
scenario the dAE approach outperforms AFAMAP regardless the evaluation

metric.
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Figure 5.4: Disaggregated profiles in denoised and noised scenario in UK-DALE
dataset, seen case study, related to the fridge in house 1.

Generally, the dAE approach reaches higher disaggregation performance
since it allows to reproduce complex activation profiles, which are learned dur-
ing the training procedure and are associated to the aggregated profiles, even
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Table 5.5: Disaggregation performance in the seen scenario (AMPds dataset).
Numbers in bold indicate the best performing approach.

Scenario Algorithm Metric | Dryer Wash}ng Dishwasher Fridge Electric  Heat Overall
machine oven pump

FE %) | 813 145 44.4 35.5 38.1 76.9 60.4

AFAMAP [22] %\sz 0.281 7.761 2.093 0.837 2909 0352 | 2.372

F¥%) | 60.7 74 11.9 36.0 5.0 86.2 50.3

Denoised .\L[CC 0.631 0.092 0.161 0335 0121  0.855 | 0.366
FF (%) | 96.1 50.5 90.3 63.7 84.1 774 [

JAE NEP | 0.068 0.919 0.182 0558  0.289  0.142 | 0.360

F%) | 76.0 54.8 76.8 75.6 53.4 93.4 75.0

MCC | 0.780 0.567 0.773 0.690 0584 0932 | 0.721

FP (%) | 653 6.2 27.8 38.3 8.9 54.6 108

. - ;

AFAMAP + RoW g\SFP 0.999  18.100 2.812 0.938 6.305 0873 | 5.004

F%) | 16.0 7.6 10.7 43.3 2.0 55.5 30.8

Noised MCC | 0.239 0.096 0.141 0198 0041 0543 | 0210
F %) | 912 11.9 49.8 39.1 57.3 65.4 54.1

JAE NEP | 0.131 4.416 0.640 0.940 0568 0419 | 1.185

F%) | 768 10.8 58.2 33.1 45.9 79.8 60.6

MCC | 0.784 0.165 0.593 0217 0489  0.789 | 0.506

in the presence of the noise contribution. As shown in Table 5.5, Table 5.6
and Table 5.7, the highest performance is reached in the disaggregation of the
appliances with higher peak power consumption, since it allows a better as-
sociation between the target and the aggregated input sequence during the
training phase. In the HMM based approach, each state of an appliance model
represents one value of power consumption, which does not allow to represent
highly variable or transient phenomena between the working states of the ap-
pliance. Additionally, in the AFAMAP algorithm the disaggregation solution
is obtained by considering all the appliance models at the same time, while
in the dAE approach each network operates independently from the others.
This may cause a false energy assignment to an appliance, due to the need to
satisfy the constraint that the sum of the reconstructed profiles corresponds to
the aggregated power. In presence of noise, the performance degrades signifi-
cantly, since the presence of the RoW, composed of a higher number of states
compared to appliance models, increases the number of admissible solutions
and, as a consequence, the chance of errors in the disaggregated profiles recon-
struction. Moreover, in the AFAMAP algorithm there is no information on the
total duration of the complete activation, since appliance models incorporate
only the information on the working state transition and on the consumption
values.

Further evaluations can be carried out by analysing the disaggregated pro-
files in denoised and noised scenario. Considering the UK-DALE experiments
in seen scenario, the profiles related to the dishwasher in the house 1 are shown
in Figure 5.3. The appliance activation is correctly detected by the dAE in
both scenarios, without producing false positives in the disaggregated trace. In
the noised scenario, the reconstructed profiles have a high uncertainty, caused
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B AFAMAP denoised Il dAE denoised I AFAMAP noised dAE noised
Dishwasher Wash%ng
machine

Electric oven Heat pump

(a) Disaggregation performance on the AMPds dataset, seen scenario.

Washing Washing
machine machine

Dishwasher Dishwasher 100%

Microwave Microwave

(b) Disaggregation performance on the (c) Disaggregation performance on the
UK-DALE dataset, seen scenario. UK-DALE dataset, unseen scenario.

Fridge Dryer Fridge Dryer

Microwave Dishwasher Microwave Dishwasher

(d) Disaggregation performance on the (e) Disaggregation performance on the
REDD dataset, seen scenario. REDD dataset, unseen scenario.

Figure 5.5: Performance for the different appliances for the all the addressed
algorithms. The energy-based Fj-Measure (%) is represented.
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Table 5.6: Disaggregation performance in the seen scenario (UK-DALE
dataset). Numbers in bold indicate the best performing approach.

Scenario Algorithm Metric | Kettle Washfng Dishwasher Fridge Microwave | Overall
machine
FP (%) | 934 64.3 48.1 79.1 84.1 77.4
AFAMAP [22) g\S)EP 0.435  14.090 1.322 0.358 1.038 3.449
FO %) | 819 41.2 225 84.6 78.1 70.4
Denoised McC | 0797 0.451 0.287 0.781 0.788 0.621
FE (%) | 941 59.6 86.2 85.8 82.9 81.8
JAE NEP 0.087  13.087 0.220 0.207 0.287 2.777
F %) | 95.7 56.2 57.4 93.2 90.4 82.1
MCC | 0957 0.559 0.620 0.896 0.903 0.787
FP %) | 128 20.4 18.5 49.4 115 24.9
AFAMAP + RoW g\S)EP 1754 53.063 1.752 0.865 4.193 12.325
FO %) | 779 15.80 16.95 51.91 18.24 35.49
MCC | 0.150 0.145 0.179 0.324 0.177 0.195
FP (%) | 801 35.1 58.2 64.1 59.5 60.4
Noised Kelly [32) 2)Eyi 0.522 1.384 0.707 0.609 0.923 0.829
FO %) | 8212 35.32 69.53 65.68 62.58 69.18
MCC | 0.821 0.372 0.706 0.575 0.626 0.620
F %) | 824 54.8 84.3 73.6 724 73.6
JAE NEP 0.393 2.135 0.278 0.472 0.524 0.760
F %) | 86.6 40.8 55.6 78.2 75.5 72.0
MCC | 0.866 0.425 0.583 0.683 0.751 0.661

by the presence of noise in the aggregated power, but the average energy in
the activation has a good correspondence with the ground truth one, which
demonstrates the low degradation of performance compared to the denoised
scenario. The same experiment has been considered for the fridge, whose pro-
files are shown in Figure 5.4. The dAE algorithm recognises the appliance
activation in the denoised scenario, with a less accurate profile reconstruction
in the activation overlapped with other appliances respect to the isolated ones.
Differently, the performance degrades in the noised scenario, with an incorrect
activation detection and the production of some false positives, caused by the
presence of noise in the aggregated signal.

As aforementioned, the unseen scenario is evaluated by using the UK-DALE
and REDD datasets, due to the availability of recordings from several houses
in both.

As in the noised seen scenario, preliminary experiments conducted by varying
the number of states in the RoW model demonstrated that the highest Fl(E)
is obtained with 6 states. Similarly, for the dAE algorithm the results of the
entire experimental campaign will not be reported the sake of conciseness. For
each scenario, the introduction of the second stage of CNN and of the pooling
operation improves the performance with respect to the single CNN stage for
the majority of the appliances. Regarding the hop size in the sliding window
disaggregation phase, as in the seen scenario the highest performance is reached
by using 1 and 2 samples.

Similarly to the seen scenario in the UK-DALE dataset, the baseline [32] per-
formance for each appliance in the noised scenario is outperformed by means
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Table 5.7: Disaggregation performance in the seen scenario (REDD dataset).
Numbers in bold indicate the best performing approach.

Scenario Algorithm Metric | Dishwasher Dryer Fridge Microwave | Overall
F (%) 67.1 944 805 80.2 82.6
AFAMAP [22] z\;ﬂp 1.086 0.093  0.338 0.491 0.502
F&' (%) 50.12 97.59  89.79 66.86 78.85
Denoised Nécc 0.512 0.975  0.833 0.666 0.746
F (%) 66.3 87.3 746 64.9 76.1
NEP 0.515 0.265  0.543 0.397 0.430
dAE ()
F9 (%) 717 927 805 69.6 80.9
MCC 0.669 0.926  0.666 0.695 0.739
FP (%) 36.4 31.9 36.0 17.9 35.4
AFAMAP + RoW g\g:P 2.207 1.187  0.905 2.287 1.646
F® (%) 32.9 576 39.6 16.2 46.0
Noised 1\§CC 0.354 0.567  0.260 0.176 0.339
FP (%) 62.1 725 66.9 53.0 66.1
NEP 0.551 0.506  0.760 0.615 0.608
dAE (5) ro.
FS (%) 64.0 818 709 61.6 72.4
MCC 0.495 0.814  0.468 0.604 0.595

of the optimisation of the network parameters, with the highest absolute im-

provement of F’ 1(E) equal to + 30.2 % for the washing machine. The same trend
can be observed for the other metrics, excepting for the F' 1(5) and the MCC,

where the dishwasher performance degrades.

For both datasets, the dAE algorithm outperforms AFAMAP in both sce-
narios, as shown and Table 5.9 and Table 5.8. In the UK-DALE dataset, the
absolute improvement in terms of FI(E) amounts to +8.6 % in the denoised
case study, whereas it increases to +50.5 % in the noised scenario, demonstrat-
ing the superiority of the neural network based approach with respect to the
HMM one, especially in presence of the noise contribution. The results evalu-
ated with the other metrics confirm the same trend, with a reduction of NEP
equal to 0.543 in the denoised case study and to 5.418 in the noised case study.
Considering the state based metrics, the improvement evaluated with the Fl(s)
amounts to +12.52% in the denoised scenario and + 53.10% in the noised,
as well as regarding the MCC with an absolute improvement of 4+ 0.170 in the
denoised scenario and + 0.594 in the noised scenario. As showed in Figure 5.5¢,
overall the dAE algorithm outperforms AFAMAP both in the denoised and in
the noised scenarios. In particular, the dAE exhibits a noteworthy robustness
against the presence of noise, while the F’ I(E) of AFAMAP reduces significantly.
Observing the results of each appliance, the highest absolute improvement is
obtained for the kettle and it is equal to +80.4 %. In the denoised scenario,
the dAE algorithm outperforms AFAMAP for all the appliances, with only
exception of the dishwasher where the FI(E) is 1.6 % lower. Considering the
other metrics, in the noised scenario, the performance is improved for all the
appliances, while in the denoised scenario the same trend can be observed,
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Table 5.8: Disaggregation performance in the unseen scenario (REDD dataset).
Numbers in bold indicate the best performing approach.

Scenario Algorithm Metric | Dishwasher Dryer Fridge Microwave | Overall
FP (%) 322 49.5 69.3 7.0 46.4
AFAMAP [22] g‘)ﬂp 3.336 0811  0.491 4.754 2.348
F¥ (%) 18.6 898  73.6 43 55.9
Denoised hgcc 0.282 0901  0.650 0.056 0.472
F (%) 76.1 837 785 60.5 76.6
NEP 0.348 0292  0.426 0.470 0.384
dAE () 1o .
F9 (%) 87.5 858  88.1 67.4 84.2
MCC 0.877 0.860  0.805 0.711 0.813
F (%) 22.5 188 400 8.4 26.4
AFAMAP + RoW g\;EP 3.803 1521 0.946 3.728 2.500
F (%) 14.2 413 373 5.1 35.0
Noised I\gcc 0.228 0399  0.180 0.083 0.222
FP (%) 418 57.2 60.4 13.6 47.6
JAE NEP 0.756 0955  1.053 1.752 1.129
(S) (g
F (%) 49.2 593 717 16.8 54.6
MCC 0.543 0.617  0.497 0.166 0.456

except for the washing machine, which degrades its performance in terms of
NEP, F{*) and MCC.

On the REDD dataset, the absolute improvement in terms of Fl(E) amounts
to +30.20 % in the denoised scenario and + 21.18 % in the noised scenario. The
other metrics follow the same trends, with a reduction of NEP equal to 1.964
in the denoised case study and to 1.371 in the noised case study. Considering
the state based metrics, the improvement evaluated with the Fl(S) amounts
to +28.3% in the denoised scenario and +19.60 % in the noised, as well as
regarding the MCC with an absolute improvement of + 0.341 in the denoised
scenario and + 0.234 in the noised scenario. In the REDD dataset, differently
from the seen scenario described above, the dAE algorithm outperforms on each
appliance in both scenario, with the highest improvements in terms of FI(E) of
+53.51 % for the microwave, except for the dryer in the denoised scenario with
the state based metrics. The radar chart represented in Figure 5.5e shows this
improvement, and it represent the performance loss of both algorithm in the
noised scenario with respect to the denoised scenario.

In the unseen scenario the generalisation property of the dAE approach al-
lows to apply the model without the need of training, with a reasonable degra-
dation of performance. Regarding the AFAMAP algorithm, the approximation
introduced by the footprint extraction procedure causes a lack of correspon-
dence between the HMM and the appliance working states consumptions, and
this results in a higher performance degradation, particularly in presence of
noise where RoW model is present. This demonstrates the effectiveness of the
neural networks approaches in an unseen scenario, which is the most interesting
condition, because it represents a real world application of the NILM service.

113



“PhDthesis” — 2018/2/14 — 12:59 — page 114 — #132

Chapter 5 DNN based approach

Table 5.9: Disaggregation performance in the unseen scenario (UK-DALE
dataset). Numbers in bold indicate the best performing approach.

Scenario Algorithm Metric | Kettle Wash}ng Dishwasher Fridge Microwave | Overall
machine

FP (%) | 951 32.3 80.9 73.6 29.9 66.1

AFAMAP [22) z\S)EP 0.114 2.089 0.457 0.449 3.311 1.284

FO (%) | o711 25.59 12.84 74.68 38.33 61.68

Denoised McC | 0971 0.353 0.177 0.690 0.440 0.526
FE (%) | 95.7 39.5 79.3 91.1 67.1 74.7

AR NEP 0.056 2,406 0.371 0.195 0.675 0.741

FO %) | 99.7 23.4 54.5 95.5 65.1 74.2

MCC | 0.997 0.286 0.604 0.931 0.664 0.696

FP %) | 32 4.7 20.2 322 4.2 17.3

I [4 41

AFAMAP + RoW z\S)EP 3.087 6.559 2.078 1.021 18.413 6.231

FS (%) 0 5.1 11.8 33.6 33 18.7

MCC | -0.001 0.085 0.151 0.120 0.090 0.089

FT T 791 23.3 39.2 65.1 20.6 50.8

Noised Kelly (32) 3\5)E1T 0.448 1.607 0.892 0.562 2.875 1.277
FO %) | 939 26.5 55.9 77.8 30.9 66.8

MCC | 0.940 0.373 0.597 0.712 0.416 0.608

F (%) | 836 53.5 69.2 78.7 45.8 67.8

JAE NEP 0.177 1.439 0.648 0.419 1.383 0.813

F %) | 95.6 67.5 50.9 82.8 454 71.8

MCC | 0957 0.687 0.502 0.757 0.510 0.683

As described in the previous section, the state based metrics confirm that the
dAE produces a more reliable activation detection, with respect to the HMM
based approach, even in an unseen scenario.

5.4 Exploitation of the reactive power

The idea is based on the integration of the reactive power P, in the structure
of the dAE, described above in Section 5.3. Adding the information contained
in the reactive power profile starts from the assumption that an increase in
available information could improve the performance of the algorithm. Follow-
ing this trend, the introduction of this variable within the network architecture
needs the alteration of the network structure.

Since the focus of the disaggregation is represented by the reconstruction of
the active power profile, the target of the network is maintained as the ground
truth active power consumption of the dataset.

While, despite of using only the active power P,, the input sequence in
composed of two feature, i.e. the pair (P,, P.). This alteration reflect on the
first CNN of the architecture, in which each kernel are instantiated with a
depth equal to the number of channel, e.g. 2 on purpose. The features maps
are produced by the convolution of the input sequence with the kernel, where
the result from each channel is summed, in order to produce a feature map
with unitary depth. Therefore, the unique alteration to the architecture is
represented by the first CNN layer, whilst from the first pooling layer until the

114



“PhDthesis” — 2018/2/14 — 12:59 — page 115 — #133

5.4 Exploitation of the reactive power

output of the dAE the structure remains the same.

Since the output of the network is instantiated in order to reproduce only
the active power profile, this network is not a proper auto-encoder structure,
because of the mismatch between the input and target features size. Therefore,
without losing in generalization during this dissertation, this architecture might
be defined as unbalanced auto-encoder.

All the training procedure are maintained from the univariate dAE described
in the Section 5.3: the network is trained on both activation and silence portion
of the dataset, with the early-stopping procedure, in order to prevent the over
fitting problem. The data augmentation is still performed, with the difference
that both input features need to be considered, i.e. the synthetic composition
of the aggregate signal is performed both for the active and reactive power, by
exploiting the active and reactive power consumption related to each appliance
activation in the ground truth trace.

5.4.1 Experimental setup

In order to conduct an exhaustive evaluation on different scenarios, two public
datasets have been chosen: the Almanac of Minutely Power dataset (AMPds)
[58] and the UK-DALE [61]. The choice of the target appliance is equal to
what described in Subsection 5.3.1, whilst some variation need to be conduct,
since the different availability of the P, signal in the datasets.

Regarding the AMPds dataset, the scenario is not varied, since the availabil-
ity of the reactive power both in the aggregate power signal and in the ground
truth power traces, therefore it is possible to conduct the experiment in both
noised and denoised scenarios, with the data augmentation in the training
phase. Minor optimizations has been conducted with respect to the scenario
described in Subsection 5.3.1, e.g. testing on additional hyper parameter val-
ues, therefore the reference only-P, performance result slightly better, but this
does not represent a relevant improvement.

Regarding the UK-DALE dataset, house 4 does not contains apparent power
consumption, therefore it is excluded from the train buildings. Otherwise, the
buildings assignation to compose the seen and unseen scenarios is not varied.
Moreover, in each building, the reactive power consumption in the ground
truth signals related to each appliance is not available, therefore the denoised
scenario cannot be considered in the experimental phase. Moreover, for the
same reasons, no data augmentation con be performed in the training phase.
Therefore, the evaluation of the reference method described in Subsection 5.3.1
is revised, in order to proceed with a fair comparison.

The aggregate power consumption in the dataset has not the reactive power
component, but the apparent power P, is paired with the active power trace,
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Table 5.10: Disaggregation performance in the seen scenario (AMPds dataset).
Numbers in bold indicate the best performing approach.

Scenario | Algorithm | Metric | Dryer Wash}ng Dishwasher Fridge Electric  Heat Overall
machine oven pump
- only P, ) o 96.1 505 90.3 637 841 774 i
Denoised | p"py | F1 (%) | g7 80.1 92.0 775 90.8 76.7 86.2
— only P, ) o 913 7 57.3 39.0 64.9 67.6 57.4
Noised ‘ (Pu, P) ‘ 700 957 451 35.0 534 326 756 | 614

Table 5.11: Disaggregation performance in the seen noised scenario (UK-DALE
dataset). Numbers in bold indicate the best performing approach.

Algorithm | Metric | Kettle Wash}ng Dishwasher Fridge Microwave | Overall
machine
only P, 7B (o 90.2 44.3 73.8 69.0 70.3 70.7
(Pa, Pr) 1 (%) 79.3 39.4 68.2 80.1 76.4 71.5
therefore using the inverse formula:
— 2 2
P, = /P2, — P? (5.4)

the aggregate reactive power trace is calculated.

Since the testing traces considered in the Subsection 5.3.1 are external to the
UK-DALE dataset and they do not provide the reactive component, a variation
to the portion of the train and test set need to be conducted. Indeed, the entire
dataset, which was previously used for the training phase, is split in the new
train (90 %) and test (10 %) sets. Within the train set, the activations for the
validation phase has been taken in the portion of 10 %.

The parameter optimization campaign follows the same defined in Subsec-
tion 5.3.1, using an architecture with a double convolutional stage and the
polling/upsampling stage, but a reduced range of values has been tested. The
experiments have been conducted using each combination of parameters within
the ranges: N={8, 32, 128}, S={4, 8, 16, 32}, H={256, 1024, 4096}. The num-
ber of kernels in the second stage is double the first stage ones. The pooling
factor ids equal to {2, 4}, without overlapping. The experiments have been
conducted on nVIDIA K80 GPUs.

5.4.2 Results

For the AMPds and UK-DALE datasets in the seen scenario, the (P, P.) dAE
algorithm outperforms the only P, version both in the noised and the denoised
scenarios, as shown in Table 5.10, Table 5.11, Figure 5.6a, and Figure 5.6b.

More in details, Figure 5.6 shows the radar charts related to the Fl(E) metric
for each appliance, and the area inside a line gives an overall performance

indicator of the related approach. On the AMPds dataset, in the denoised
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Table 5.12: Disaggregation performance in the unseen noised scenario (UK-
DALE dataset). Numbers in bold indicate the best performing

approach.
Algorithm | Metric | Kettle “VoSPIN8 by washer Fridge Microwave | Overall
machine
ouly Py | 8 o) | 807 258 51.8 72.9 103 53.9
Py || 64 25.9 56.5 82.6 14.0 52.5

case study, the absolute improvement in terms of Fl(E) amounts to + 8.5 %,
while in the moised scenario the absolute improvements amounts to + 4.0 %.
In general, the trend is maintained, with the denoised scenario reaches higher
performance with respect to the noised scenario. Analysing the performance
of the individual appliances, the (P,, P,) dAE algorithm outperforms the only
P, version for the most of the appliance, specially in the denoised scenario.
In terms of FI(E), the highest absolute improvement can be observed for the
dishwasher, with +29.6 % in the denoised scenario, and + 33.4 % in the noised
scenario. In the denoised scenario, dishwasher and oven demonstrate an high
degradation of the performance. On the UK-DALE dataset, in the noised

) amounts to + 0.8 %, since

scenario, the absolute improvement in terms of Fl(E
the improvement and the degradation of the performance in each appliance are
close to be balanced.

The motivation has to be researched in the generalization property of the
network: the networks trained in the AMPds reaches higher improvements
since the data augmentation has been performed, whereas on the UK-DALE
has not been carried out.

For the UK-DALE datasets in the unseen scenario, the (P,, P.) dAE algo-
rithm degrades the performance with respect to the only P, version, for the
most of the appliance, as shown and Table 5.12 and in the Figure 5.6c. The
absolute difference in terms of Fl(E) amounts to — 1.4 %, since the degradation
on the most of appliances, whereas the improvements result to be quite absent
in the remaining appliances.

In the unseen scenario, the network in the UK-DALE dataset does not gen-
eralize since no data augmentation has been performed especially in presence
of the noise contribution. Furthermore, the introduction of the P, information
causes a further degradation of the performance.
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(a) Disaggregation performance on the AMPds dataset, seen scenario.
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(b) Disaggregation performance on the (c) Disaggregation performance on the
UK-DALE dataset, seen scenario. UK-DALE dataset, unseen scenario.

Figure 5.6: Performance for the different appliances for the all the addressed
algorithms. The energy-based Fj-Measure (%) is represented.
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Other contributions

6.1 Advanced Computational Intelligence for Smart
Water and Gas Grid

In recent years, the smart grid paradigm has drawn the attention of a wide set of
machine learning and computation intelligence approaches. Specifically, main
efforts have been focused on energy fields, leaving aside water and, especially,
natural gas fields. Even if many technology advancements have been recently
achieved in metering and monitoring systems [103, 104], a large gap remains
between energy achievements and water, and natural gas ones.

Great attention has been paid to problems concerning the resource monitor-
ing aimed to avoid unnecessary waste, specifically for water and natural gas
[105, 106].

Since the relevance of those issues, short-term predictions of water and
natural gas consumption are performed exploiting state-of-the-art techniques,
whereas automatic leakage detection in smart water grids is approached with
unsupervised techniques.

6.1.1 Short/Medium-Term Load Forecasting

As highlighted by Fagiani et al. [107], a conspicuous lack of available datasets is
present, and an appropriate comparison between the few developed approaches,
for both forecasting or fault detection applications, is prevented by the employ-
ment of non-standard evaluation criteria.

For this reason, a comparative evaluation among the state-of-the-art fore-
casting techniques has been conducted, moving from the work presented by
Fagiani et al. in [108].

Genetic Programming (GP), Support Vector Machine for Regression (SVR),
Artificial Neural Networks (ANNs), Echo-State Networks (ESNs), Deep Belief
Networks (DBNs), and Extreme Learning Machine (ELM) have been tested
with the presented datasets. Differently from ANNSs, that have been widely
adopted for water forecasting purposes [109, 110, 111], only recently GP and
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adaptive ELM have been applied for water prediction in [112] and [113], respec-
tively. Unfortunately, as highlighted in [107], each study presents its results
with a different set of evaluation criteria, and therefore, a proper comparison
between them is not possible, as well as identify the best approach.

Evaluated approaches

In this section, the adopted ranges of the parameters are presented for each
selected prediction technique.

Genetic Programming

The GP evaluations have been performed adopting the GPLAB Toolbox
[114], and selecting the operators plus (4), minus (—), product (x), division
(=), power (z™), sine (sin), and cosine (cos). Moreover, the population size has
been set to 100, whereas 1000 generations have been evaluated. Finally, three
depths of the nodes have been evaluated, 20, 15, and 10, in order to find a best
individual.

Support Vector Machine for Regression

The Radial Basis Function (RBF) has been chosen as kernel function, and
the search grid approach has been performed assuming the following values for
C and ~:

C={27%273 .28} y={271° 2712 23},

Extreme Learning Machine

The Radial Basis Function (RBF) kernel has been evaluated for the kernel-
based approach version [115].

Artificial Neural Network

In the experiments, one of the Radial Basis Function has been used, specifi-
cally the one defined as: a = exp(—n?). Moreover, the tests have been executed
using a network with one input layer, one hidden layer and one output layer,
and the number of hidden nodes has been varied from 5 to 15.

Echo State Network

The experiments have been conducted evaluating different combinations of
reservoir size, initial transient value, leaking rate («), and regularization coef-
ficient (B). Specifically, accordingly to LukoSevicius guide [116], the range of
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each parameter has been set as follows:

reservoir size = {2, 5,10, 15, 20, 25, 30, 35,40} ,
ingtial transient = {0,1,2,...,15},

_f L 1
a = 72737"'710 )

Bg={1,10"",10"2,...,107 5,0} .

Deep Belief Network

Following the recommendation in Hinton [117], the tests have been performed
splitting the training data in “mini-batches” of 10 and 100 elements. Moreover,
for the maximum number of iteration and the number of nodes have been set
the following ranges:

Nodes = {2,3,...,10}, Maz Tter = {100, 300,500} .

where Nodes refers to the neurons adopted in the hidden layer, whereas the
number of output neurons is set to one, and the number of input neurons is
set equal to the number of input data. Finally, the experiments have been
conducted using the DBN MATLAB® code [118, 119].

Computer Simulations and Results

The forecasting experiments have been conducted adopting the publicly avail-
able datasets, AMPds [120] and DIFD. Both the datasets present water and
natural gas consumption, but they belong to different level of the micro-grid
scenario. The former refers to the domestic level, and allows the study of
heterogeneous information having also power consumption and environmental
temperature data. The latter provides consumption at building level, and is
composed of four sub-sets, two for water and two for natural gas consumption.
Unfortunately, the pair of subsets that provides water and gas recording from
the same building, Abercrombie House, cannot be combined to study hetero-
geneity effect due to defects of the sets, such as missing data and different
lengths. Concerning the AMPds data, in order to provide a exhaustive evalu-
ation of the application of heterogeneous inputs, the prediction of the output
resources, water and gas, have been computed for all the possible combina-
tions of available data, thus, a total of 8 combinations as reported in Table 6.1.
Furthermore, to provide a thorough evaluation of the seasonality effect on the
prediction performance, Table 6.1 reports also the results achieved in Fagiani
et al. [108], that refer to the consumption of the 1 year set. Moreover, the
experiments have been performed for 1 h, 6 h, 12 h and 24 h of time resolution.

For each set, the approaches have been trained using 70% of the data, ran-
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Table 6.1: Best results achieved for each technique applied to AMPds database
released in 2013 and 2014, with a length of 1 year and 2 years, re-
spectively. The column marked with “Comb.” reports the resources
combination that achieves the best result.

AMPds 1h 6 h 12 h 24 h

NMSEl R2 |Comb. NMSE| R2 |c0mb. NMSE| R2 |Comb. NMSE| R2 |C0n1b.

Natural Gas Prediction - 1 year

ANN 0.866 | 0.314 | WGET (| 0.276 | 0.723 | GET 0.200 [ 0.799 | WGET|| 0.176 |0.823 G
DBN 0.785 | 0.215 | WGT 0.340 | 0.660 | WGT 0.201 [ 0.798 |WGET (| 0.199 | 0.800 GT
ESN 0.740 | 0.260 GT 0.333 |0.666 | GET 0.213 [ 0.786 | WGET (| 0.231 | 0.767 GT
SVR 0.733 |0.267| GET 0.269 | 0.731 | WGET || 0.191 (0.809| GT 0.250 [ 0.748 GT
ELM 0.700 (0.299 | WGET || 0.266 |0.733| WGET|| 0.194 | 0.805 | WGET|| 0.241 | 0.757 GT
GP 0.798 | 0.202| WGT 0.328 |0.671| GET 0.283 | 0.715 GT 0.299 [ 0.698 | WGT

Natural Gas Prediction - 2 years

ANN 0.619 |0.381| WGT 0.182 | 0.818| GET 0.170 | 0.830 | GET 0.153 (0.847| GT
DBN 0.723 |1 0.277 | WGET || 0.238 | 0.762 | WGET || 0.185 | 0.815 | GET 0.188 | 0.812| GET
ESN 0.695 | 0.305 | WGET || 0.247 |0.753 | GET 0.176 | 0.823 | GET 0.188 | 0.811 GT
SVR 0.644 | 0.356 | WGET || 0.182 | 0.818 | WGET || 0.145 [0.854| WGT (| 0.178 | 0.821 GT
ELM 0.620 | 0.380 | WGET || 0.180 |0.820( WGET || 0.147 | 0.853 | WGT 0.176 | 0.823 GT
GP 0.753 | 0.247 | WGET || 0.273 | 0.728 | GET 0.186 | 0.813 GT 0.204 [ 0.795 | WGT

‘Water Prediction - 1 year

ANN 0.745 |0.253( WET 0.343 | 0.656 | WGT 0.408 (0.590| WE 0.345 (0.652 w

DBN 0.876 | 0.124 | WGET || 0.401 [ 0.598 | WGET (| 0.573 | 0.424| WT 0.415 [ 0.581 | WGET
ESN 0.815 | 0.184| WET 0.367 | 0.632 w 0.522 | 0.475 W 0.334 [ 0.663 | WGT
SVR 0.817 | 0.182 | WGET (| 0.299 |0.700| WET 0.484 | 0.513 | WET 0.352 [ 0.645 | WGT
ELM 0.769 | 0.231 | WGET || 0.310 | 0.689 | WGET (| 0.490 | 0.507 | WT 0.351 [ 0.646 | WGET
GP 0.908 | 0.091| WET 0.384 | 0.615 WE 0.535 [ 0.463 W 0.389 [ 0.607 | WGE

Water Prediction - 2 years

ANN 0.790 | 0.253 | WET 0.319 | 0.680 w 0.223|0.777 w 0.550|0.448 w
DBN 0.867 | 0.133 | WGET || 0.407 | 0.592 | WGET ([ 0.317 [ 0.682 | WGET|| 0.607 |0.390 | WE
ESN 0.818 | 0.181 | WGET || 0.413 | 0.587 | WGET (| 0.308 | 0.691 w 0.581 [0.417 w
SVR 0.806 | 0.194| WGE 0.316 |0.683| WGET (| 0.269 | 0.730 w 0.581 [ 0.416 w
ELM 0.765 (0.235( WGET|(| 0.319 | 0.681 | WGET || 0.279 | 0.720 | WET 0.575 [ 0.422 w
GP 0.912 | 0.088 | WGET || 0.365 | 0.636 W 0.297 [0.702 |[WGET|| 0.617 | 0.380 | WGT
W = water G = natural gas E = electric power T = temperature

domly selected. Then, the evaluation criteria have been computed using the
test set, composed of the remaining 30% of the data. For the stochastic ap-
proaches, such as ANN, ESN, DBN, ANN, and GP, each parameters combina-
tion has been evaluated 10 times. Only the best results have been reported in
Table 6.1 and Table 6.2. Moreover, the tests have been conducted assuming
2, 3, and 5 time-lagged observation as input data. Therefore, for the neu-
ral network based approaches, the number of input neurons has been chosen
accordingly.

The normalized mean square error (NMSE), the determination coefficient
(R?, commonly known as Nash-Sutcliffe efficiency coefficient [121]), the mean
square error (MSE), the mean absolute percentage error (MAPE) and the rela-
tive root mean square error (RRMSE) have been adopted as evaluation criteria.

For the sake of the clarity, the only evaluation criteria reported in Table 6.1
and Table 6.2 are the NMSE and R?. In addition, for the AMPds, Table 6.1,
the column “Comb.” reports the heterogeneous input data combination that
achieves the best performance for the specific resolution. Details about the cor-
responding parameters are given in the text for points of interests. Whereas,
for the DFID in Table 6.2, the column “Param.” reports the value of the pa-
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rameters for the reported performance. Specifically, for the ANN the values
correspond to the lags number and the number of hidden neurons, respectively.
Number of lags, number of nodes, maximum iterations number and “mini-
batches” size, respectively, are reported for the DBN. In the ESN, the number
of lags, the reservoir size, the initial transient, the leaking rate, and the regu-
larization coefficient are reported. For SVR and ELM, number of lags, C' and ~
values are indicated, respectively. The number of lags and the maximum depth
are reported for GP.

AMPds Dataset

Table 6.2: Best results achieved for each technique applied to DFID dataset.
The column marked with “Param.” reports the parameters combi-
nation that achieves the best result for the corresponding approach.

DFID Overall Abercrombie House Abercrombie House Whitehall
GAS GAS WATER WATER
NMSE| R2 |Param. NMSE| R2 |Param. NMSE| R2 |Param. ||NMSE| R? |Param.
ANN || 0.266|0.734(5-13 0.275 [0.725(5-13 0.676 [0.324(5-13 0.121 [0.879(5-6
DBN 0.509 | 0.491 |3-1-2-500 || 0.493 | 0.507 |5-1-2-500 || 0.844 | 0.156 [2-1-2-100]| 0.578 | 0.422 |2-1-2-100
BESN 0.395 | 0.605 |5-25-1-1 || 0.396 | 0.604 [5-25-1-1 [| 0.750 | 0.250 |5-40-5-1 || 0.367 | 0.633 |5-40-10-1
SVR 0.274 | 0.726 |5-2—1-23 | 0.298 | 0.702 [5-2=1-23 || 0.753 | 0.247 [5-29-2 0.150 | 0.850 |5-25-23
ELM 0.267 | 0.733 [5-23-23 0.286 | 0.714 |5-23-23 0.686 | 0.314 [5-27-23 || 0.143 [ 0.857 [5-213-23
GP 0.457 | 0.543 |5-20 0.535 | 0.465 |5-20 0.891 | 0.108 |5-10 0.343 | 0.657 |5-20

The natural gas results are reported in the upper half of Table 6.1. The

results show that the overall best performance is reached by the SVR approach
with 2 years data at 12 h resolution. Whereas, for 1 year data, the best result
is achieved at 24 h resolution with ANN, without using heterogeneous data.
Moreover, the major improvements of the 2 year predictions with respect to 1
year ones are achieved for 6 h and 12 h resolution. For both sets, a best im-
provement in the results is performed passing from 1 A to 6 h of resolution. The
results confirm that the heterogeneous data are essential information for the
prediction, even if it seems reducing the data resolution decreases the number
of heterogeneous components. Specifically, in the 1 year set, the best results at
1 h and 6 h resolution are obtained merging all the heterogeneous components,
whereas for 12 h and 24 h resolution the best results are achieved with the pair
gas-temperature and with the gas consumption only, respectively.
Finally, for the 2 years set, the reduction of the heterogeneous components does
not appear as marked as in the 1 year set. Specifically, the best results at 1 h
and 12 h resolution are achieved with three heterogeneous components (WGT).
At 6 h resolution the best result is achieved with four components (WGET),
and only two components (GT) are used as input for the best result at 24 h
resolution.

The water predictions are reported in the lower half of Table 6.1. Differently
from the natural gas, the best results achieved for the 2 years set at 1h, 6 h
and 24 h of resolution experienced a severe deterioration with respect to the 1
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year ones. Despite this, the ANN obtained the overall best result with the 2
years dataset at 12 h resolution. For 1 year data, the overall best performance
is achieved by the SVR at 6h resolution with 5 lags and an heterogeneous
input composed of water, energy, and temperature data (WET). For the 1 year
set, a general reduction of the heterogeneous components is shown only for the
results at 12 A resolution. For the 2 year set, the heterogeneous data do not
provide a clear improvement at the prediction, and a clear reduction in the
number of heterogeneous components is shown when the resolution decreases.
Specifically, at 12h and 24 h resolution, the best performance are achieved
with only water consumption information as input. Noteworthy, for 1 year
consumption, with the exception of ESN, all the approaches achieve their best
results at 6 h resolution, then the performance show a slight degradation for
12 and 24 h resolution.

Finally, for both water and gas prediction, ESN, DBN, and GP approach have
confirmed to be unsuitable for short-term prediction in domestic environment.
On the contrary, ANN, SVR, and ELM have shown to be effective for short-
term forecasting on this dataset.

DFID Dataset

For all the DFID sub-sets the ANN approach achieves the best performance,
as depicted in Table 6.2. The longest sub-sets are the gas ones, about 5 years
of records, and they achieve close results. For all the sub-sets, the best perfor-
mance is achieved using 5 lags, and both SVR and ELM confirmed their good
behaviour for short-term prediction. As for the AMPds, ESN, DBN, and GP
are unsuitable for this case scenario. Noteworthy, all the approaches show a
marked performance deterioration for the Abercombrie House water sub-set.

6.1.2 Automatic Leakage Detection

Statistical approaches have been widely adopted in order to resolve the novelty
detection issue in several fields [122, 123], but the detection of abnormal events
has not been applied to the residential networks, yet.

The study presented in [106] has been further developed by exploiting addi-
tional information, in order to improve the system performance. Specifically,
the extension aims to introduce both pressure and temporal information in
addition to the flow features extracted from the water household consumption.

Gaussian Mixture Model (GMM), Hidden Markov Model (HMM), and One-
Class Support Vector Machine (OC-SVM) have been adopted to characterize
the normality model. To identify the leakages, log-likelihood has been used in
the case of GMMs and HMMs, whereas the distance from the hyperplane has
been used in the case of OC-SVM.
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The Algorithm

The adopted approach, proposed in [106], for the leakages detection is com-
posed of a preliminary stage of normality model creation, and of the actual
novelty detection stage. In both stages, the input data, training and test set,
respectively, are processed in the features extraction block in order to properly
extract the selected features. In the normality model creation stage, these fea-
tures are used to create the normality models, whereas in the novelty detection
stage, the features are used to compute the log-likelihoods (GMM and HMM),
or the distances to the hyperplane (OC-SVM), by assuming as reference models
the normality ones. For the novelty detection stage, the final decision, leakage
detected or not, is obtained by comparing the given log-likelihoods/distances
against a set of pre-computed thresholds.

Features

The first part of the adopted features has been presented in [106]. This set
has been expanded by introducing two subset of temporal features, namely the
frame position in temporal window (FPW) and the temporal window enumer-
ation (TWE). Each of these subsets is composed of three features, computed
for different temporal windows: hourly, daily, and weekly, respectively.

About the temporal features, the hourly window starts at the first minutes
of the hour and ends at the last minute of the same hour. The daily window
goes from the first minute (higher resolution for the adopted dataset) after the
midnight, 00:01, to the midnight of the next day, 00:00. Finally, the weekly
window starts at the first minute after the midnight of Sunday, and ends at
the midnight of Sunday.

The FPW features provides the frame position within the temporal window.
Specifically, all the samples within a temporal window are enumerated, and for
each frame the assigned feature corresponds to the value assigned to its first
sample, thus it represents the starting position of the frame with respect to the
overall sample set within the temporal window.

On the other hand, regarding the TWE features, the sequence of temporal
windows are enumerated, and the feature identifies which temporal window the
frame belongs to. About the hourly window the evaluated window sequence
spans over a day; for the daily window the evaluated window sequence spans
over a week; finally, for the weekly window the evaluated window sequence
spans over a year. Specifically, for each frame, the assigned feature value cor-
responds to the position, within the sequence of temporal windows, of its first
sample. Thus, according to the selected temporal window, it represents the
starting position expressed in terms of hour of the day, day of the week, or
week of the year.

Novelty Detection: Decision

The detection of a leakage is carried out by performing a frame-by-frame
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decision. For each frame the log-likelihood, or distance to the separation hyper-
plane, computed by adopting the background model, and is compared against
a set of thresholds.

Therefore, once established the set of thresholds for each approach, for each
threshold a decision vector is produced. The vector is created out of the decision
assumed for each frame: if the likelihood or distance value of the frame exceed
the threshold, the frame is labelled as abnormal, otherwise it is marked as
normal.

Experimental set-up

Simulated Network

Both pressure information and leakages have been computed/simulated by
means of the EPANET tool [124]. The simulated circuit has been designed
in order to represent a typical domestic network. The network has a length
of 30m, with an overall elevation of 3m. The water supplier is simulated by
means of a reservoir with an elevation of 30 m, that is defined in the EPANET
Users The available data pieces, about water consumption from the AMPds,
are used as consumption patterns in specific junctions or nodes.

The network assumes a 20 mm diameter standard piping, and a roughness
(C-factor) of 100. The output pressure and flow values are computed from
the first junction of the network, connected to the reservoir, and from the
corresponding connection pipe, respectively.

Leakages

In all the experiments the datasets have been split in frames with a constant
length of 5 hours, and an overlap factor of 2/3. The evaluations based on the
AMPds water set have been performed by assuming three sampling resolutions:
1, 10, and 30 minutes.

Each dataset has been split in training and test set, composed of 70% and
30% of the original set, respectively.

For each tested condition, 10 background models have been trained, and
for each of them 10 random leakages have been alternately introduced in the
simulated network. In this way, an overall of 100 random leakages have been
induced, by producing random variations in their size, starting point, and du-
ration. The length of the leakages has been randomly selected between 5 and
10 hours, that corresponds to 300 and 600 samples, 30 and 60, or 10 and 20,
at 1, 10, and 30 minutes of resolution, respectively.

In this work, the simulated leakages have been modelled by means of an
emitter in the simulated circuit. In this way, the leakage output flow (leakage
size) depends on flow and pressure in the reference node. As done in Nasir et al.
[125], the leakage size has been varied by manipulating the discharge coefficient
of the emitter. According to the EPANET Users Manual, “the emitter models
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the flow through a nozzle or orifice that discharges to the atmosphere. The
flow rate through the emitter varies as a function of the pressure available at
the node”:

Q=C-PY, (6.1)

where @ is the flow rate, P is the pressure, C' the discharge coefficient, and g
is the pressure exponent, usually equal to 0.5 for nozzles and sprinkler heads.
For the simulated circuit both flow and pressure data are collected, measuring
them from the input (first) pipe and node, respectively. A random discharge
coefficient C' € [0.024,0.047] has been assumed, in order to evaluate leakages
compliant with a real-case scenario [126].

In addition, for both GMM and HMM, different numbers of Gaussian compo-
nents have been adopted, N, = {2,4,8,16,32, 64, 128,256}, and, furthermore
in the case of HMM, the state number (excluding the start and end states) has
been varied as well, among 1 and 4. About the OC-SVM, the kernel parameter
7 has been given the following values: {2715, 2713 2 23}

Simulations and Results

Features selection

In order to reduce the number of features combinations, and, at the same
time, to avoid erroneous selection while performing the SFS [127], after evalu-
ating the features separately, the ones that achieved the three best results, are
selected. Fach of them is used to perform the second step of the SFS, where
the selected feature is combined with the remaining features, one at a time,
and evaluated. Once completed the second step for the winning features, only
the overall best combination is selected to proceed with the next steps.

To finalize the dataset, each features matrix, obtained as combination of
the available features for all the frames, has been normalized with min-maz
technique.

Each decision vector produced in the decision phase, has been evaluated in
terms of true detection rate (TDR), and false detection rate (FDR).

The overall performance is expressed in terms of Receiver Operating Charac-
teristics (ROC), obtained by combining the TDR and FDR results for all the
threshold values for each feature combination and for each set of parameters.

Results discussion

In this section, the experiments performed with FPW and TWE features
are reported in Table 6.3 and 6.4, respectively. When jointly addressing the
features extracted from flow and pressure data, the flow based feature will
include an additional f, the pressure based features will include a p.

Concerning the FPW features in Table 6.3, as for the previous experiment,
all the best performance are achieved with HMM, followed by GMM, with
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the exception of those based on pressure data at 30 minutes resolution where
OC-SVM perform slightly better that HMM. Even if the pressure-based re-
sults show the lowest performance, with a very high standard deviation, they
present a reverse trend with respect to flow-based ones. Decreasing the reso-
lution produces lower results for the flow data, and better results, instead, for
the pressure ones. Moreover, by combining the features extracted from flow
and pressure, the trend exhibited by the flow is mitigated, and reducing the
resolution produces slightly better results.

Table 6.3: Best results and corresponding features combination achieved for
each resource and resolution with FPW temporal features. The
“Param.” column reports the number of Gaussians adopted for the
GMM, the states and Gaussians number for the HMM, or the ~ for

the OC-SVM.
|ResA Features comb. |AUC (%)| STD | Model |ParamA|
Pressure Data

1 |dWPEC+WEEK+DAY+ 56.14 |21.91| GMM 2
dMA+dENE

1 |[MA+WEEK+dWDE 56.21 [24.83| HMM 4-4

1 |dMA+DAY+WEEK+dENE 55.70 |26.73|OC-SVM 2

10 |dENE+DAY+WEEK+MA+ 56.44 |19.07| GMM 2
HOUR+ENE

10 |dWDE+WEEK+WDE 56.78 |24.92| HMM 4-32

10 |dDATA+WEEK 57.28 |28.28|0C-svM| 271

30 |WPEC+WEEK+MA 56.33 |19.74| GMM 4

30 |WPEC+DAY+WEEK+ENE+ 57.44 [25.49| HMM 3-8
WDE

30 | WPEC+WEEK 57.25 |28.29|0C-svM| 2—3

Flow Data

1 |MA+ENE 80.88 [10.56| GMM 128

1 |MA+ENE+DAY 86.14 [11.18| HMM 3-128

1 |MA+WDE+ENE 60.44 [19.06|0C-svM| 27

10 |MA+DAY+WEEK 70.11 |15.08| GMM 256

10 |WPEC+DATA+dWPEC+DAY 78.56 |15.50| HMM 4-256

10 |MA+DATA 65.55 [27.26|0C-svM| 27

30 |MA+WEEK 69.98 [15.46| GMM 256

30 |DATA+DAY 78.72 |12.78| HMM 4-256

30 |DATA+dWDE 67.52  [20.75|0C-sVM 23

Flow&Pressure Data

1 |MAf+ENEp+MAp+dMAp+ 85.95 |[8.62| GMM 32
dENEp

1 |MAf+ENEf+MAp 87.70 |9.54 | HMM 3-256

1 |WDEf+dWPECP 61.29 [18.75|0C-svM| 215

10 |MAf+ENEp+MAp+dENEp+ 86.25 |[8.55 | GMM 32
dMAp

10 |MAf+ENEp+MAp 87.64 |[8.94| HMM 3-64

10 |MAf+DATAf+dMAp 65.59 [27.23|0C-svM| 2—7

30 |MAf+MAp+ENEp+dENEp 86.61 |[8.86| GMM 32

30 |MAf+ENEp+MAp 88.06 |9.35 | HMM 3-64

30 |DATAf+dWDEf 67.52  [20.75|0C-sVM 23

About the experiment with TWE features, the achieved results are reported
in Table 6.4, and the same trends shown for FPW features are confirmed.
Regarding the pressure data, the exploitation of TWE features produces a
significant improvement with respect to the FPW one for both GMM and
HMM. On the other hand, when based on the flow data, the TWE features at
1 minute resolution do not produce better performance, instead at 10 and 30
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minutes of resolution, the TWE temporal features allow to reach better results
than the FPW ones. Finally, about the combination of flow and pressure data,
even the TWE features do not produce positive contribution, achieving a result

similar to the previous experiments.

Table 6.4: Best results and corresponding features combination achieved for
each resource and resolution with TWE temporal features. The
“Param.” column reports the number of Gaussians adopted for the
GMM, the states and Gaussians number for the HMM, or the  for

the OC-SVM.
|Res. Features comb. |AUC (%) STDl Model |Param.|
Pressure Data
1 |dENE4+WEEK+dMA+MA+ 59.78 |23.97| GMM 2
DAY+HOUR
1 |dENE4+WEEK+dMA 61.48 [24.32| HMM 3-32
1 |dENE+DAY 56.88 |27.58|0C-svM| 2—9
10 |dENE4+WEEK+dWDE 59.27 |20.61] GMM 2
10 |dENE+WEEK 61.09 [24.10| HMM 3-32
10 |DATA+DAY 57.46 |27.02|0Cc-svm| 23
30 |dDATA+WEEK+DAY+dMA 58.93 |21.13] GMM 64
30 |WPEC+WEEK-+MA 63.64 [21.88| HMM 4-16
30 |dDATA4+DAY 56.78 |26.47|0C-svm| 213
Flow Data
1 |MA+ENE 80.83 [10.43| GMM 64
1 |MA+ENE+WPEC 85.54 [11.74| HMM 4-128
1 |MA+WDE 60.43 [19.02|]0C-svM| 27
10 |MA4+HOUR+dMA 69.82 [16.48| GMM 256
10 |DATA+WPEC+HOUR+ 79.40 |15.11| HMM 4-256
dWPEC+WEEK+MA
10 |DATA+MA 65.55 [27.26|0C-svMm| 29
30 |DATA+HOUR+dAMA+MA 71.94 |14.44] GMM 256
30 |DATA+HOUR+WEEK 79.64 |14.85| HMM 4-256
30 |DATA+dWDE 68.39  [20.86|0C-SVM 23
Flow&Pressure Data
1 |MAf+MAp+ENEp+dMAp 86.04 |8.80 | GMM 32
1 |MAf+ENEf+ENEp+MAp 87.73 |9.34| HMM 3-64
1 |MAf+WDEf 60.43 [19.02|0C-svM| 2—7
10 |MAf+MAp+ENEp+dENEp+ 86.26 | 8.58 | GMM 32
dMAp
10 |MAf+ENEp+MAp 87.29 |[9.36 | HMM 3-128
10 |DATAf+MAF 65.55 [27.26|0C-svMm| 29
30 |MAf+ENEp+MAp+dMAp 86.68 |9.07 | GMM 32
30 |MAf+ENEp+MAp 87.34 |[8.90 | HMM 1-128
30 |DATAf+dWDEf 68.39  [20.86|0C-SVM 23

6.2 Advanced Computational Intelligence for Audio
application

In the recent years, the interest in intelligent environments and in particular
in smart-homes has been constantly increasing. The idea is that the living
environment should support people in their everyday life by combining the
information coming from different sensors and processing it in a intelligent way
[128]. The recent reports on population ageing in the most advanced countries
are driving governments and the scientific community to focus on technologies
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for providing assistance to people in their own homes, making an intelligent
environment able to support people, prevent injuries, and detect emergencies.
Particular attention has been devoted to solutions based on acoustic signals
since they provide a convenient way to monitor people activities and they
enable hands-free human-machine interfaces.

In this context, three different arguments are addressed in this dissertation:
firstly, a solutions for detecting the falls of persons based on audio sensors is
proposed; secondly, a solution for multi-room Voice Activity Detector (VAD)
in domestic scenarios is presented; finally, a solution for emergency detection
based on audio signals is described.

6.2.1 Human fall detection

The research community devoted particular attention to the solutions for de-
tecting the falls of persons, since they represent the primary cause of injury-
related death for the elders [129]. Approaches to the problem are based either
on wearable sensors (e.g., accelerometers) or on ambient sensors (e.g., micro-
phones, cameras, floor vibration sensors). Recently, several approaches ap-
peared in the literature that are based exclusively on audio signals [130, 131].
The motivation is that microphones are perceived as less invasive compared to
wearable sensors and cameras and they do not suffer from occlusions.

In this dissertation, a fall classification system based on a new type of acous-
tic sensor that operates similarly to stethoscopes is proposed. In this way, the
microphone captures the acoustic waves transmitted through the floor and it
mainly captures the sound of falling objects, resulting in a minor sensitivity
to the environmental noise. In addition, it is able to capture the subtle sig-
nal components transmitted through the floor, which are absent in the signal
transmitted through the air.

The fall signals are then processed to recognize from wich kind of fall they
are produced: for this purpose, a multiclass classifier is implemented. The
algorithm is based on Mel-Frequency Cepstral Coefficients as low-level acoustic
features and Gaussian means supervectors as features for a Support Vector
Machine classifier.

The acoustic sensor

The acoustic sensor, as described in the related patent!, is composed by a
resonance enclosure and a microphone located inside the enclosure, as depicted
in Figure 6.1. The resonance enclosure is characterized by a membrane to
guarantee the acoustic coupling with the floor, and a container (i.e., the inner
container in Figure 6.1) in which the acoustic resonance phenomenon takes

! Patent pending AN2013A000056, 18/03/2013.
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Figure 6.1: The floor acoustic sensor: conceptual scheme. 1 - The outer con-
tainer. 2 - The inner container. 3 - The microphone slot. 4 - The
membrane touching the floor.

place. The inner container can be covered by a layer of acoustic isolation
material and it is enclosed by another container (i.e., the outer container in
Figure 6.1): this is done to avoid that aerial acoustic waves could be captured
by the microphone located inside the acoustic enclosure, allowing it to sense
the sole sound waves transmitted through the floor.

The fall classification algorithm

A typical classification algorithm is composed of a first stage of features ex-
traction, in order to best describe the audio event, and a classification stage,
where the models of the different classes are stored and are exploited to take
the final decision.

Feature extraction stage

The choice of Mel-Frequency Cepstral Coefficients (MFCC) as low-level acous-
tic features is typical in audio application, like speech and speaker recognition,
because represents the perception of human hearing.

Cepstral Mean Normalization (CMN) is usually applied to MFCCs to in-
crease the robustness against channel distortions. CMN consists in subtracting
the mean of each cepstral coefficients calculated over the entire event.:

Classification stage

The classification method implemented is similar to the GMM-UBM/SVM
paradigm of speaker recognition systems [132, 133], with a Universal Back-
ground Model (UBM) representing the entire acoustic space and modelled by
means of a Gaussian Mixture Model (GMM). Training of the UBM is per-
formed on a large corpus U of acoustic events. Considering then a set of N
acoustic events corpora V; ¢ = 1,2,..., N, for each acoustic event of each cor-
pus a Gaussian Mean Supervector (GMS) is obtained in the Vector Mapping
block by adapting the UBM with Maximum A-Posteriori (MAP) algorithm
[134] and concatenating the mean values. The final step of the training phase
is the estimation of the SVM parameters. In this work, an SVM with a radial
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basis function has been used.

Classification is performed by extracting the supervector from an input au-
dio signal as in the training phase, and then determining the acoustic event
class evaluating the SVM discriminant function. Since the number of classes
is greater than two and SVMs are binary classifiers, the “one versus all” [135]
technique has been adopted. LIBSVM [136] has been employed both in the
training and testing phases of the SVM.

The fall events dataset

In order to evaluate the performance of the acoustic sensor and the classifier,
it is necessary to create a set of audio events corresponding to falls of several
objects in a variety of conditions.

In this section, the experimental setup and the dataset characteristics are
discussed in details.

The dataset composition

For every class considered in this work a wide range of fall events have been
recorded.

Considering different kinds of objects falls, the following objects have been
considered, as specified in [137]: a volleyball, a metal basket, a book, a metal
fork, a plastic chair.

Each object has been dropped at the following distances from the sensor:
1, 2, 4 e 6 meters. The human fall events were performed by 4 male people,
who simulated 3 falls from the same distances. Replicating realistic situation
is fundamental for the conduction of a valid experimental phase: indeed, it
is necessary to drop objects from different angles in order to reproduce fall
patterns with significant diversity.

Summarizing, for each combination of object and distance, 12 distinct fall
events have been recorded, for a total amount of 288 events.

The experiments

This section presents the experimental results as well as the parameters values
of the classification algorithm.

The audio signals of the dataset are downsampled to 16 kHz, and processed
in frames 25ms long and overlapped by 15ms. In particular, in the MFCC
extraction stage the FFT size is 512 and the number of mel filters is 29. Re-
garding the UBM training, the threshold value in the EM algorithm was set to
0.001. The same value has been employed in the MAP adaptation algorithm,
but the maximum number of iterations was set to 5.

The experimental phase is composed of the validation phase, where the per-
formance of the algorithm is analysed while the number of UBM components
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Ball Basket Book Chair Fork Falls P(%) R%) Fi(%)

Ball 48 0 0 0 0 0 == 100.00  100.00  100.00
Basket 0 48 0 0 0 0 - 100.00  100.00  100.00
Book 0 0 48 0 0 0 - 94.12  100.00  96.98
Chair 0 0 1 46 1 0 = 100.00  95.83 97.87
Fork 0 0 0 0 48 0 = 100.00  100.00  100.00
Falls 0 0 2 0 0 46 = 97.87 95.83 96.84
AVG | 98.67 98.61 98.61

Table 6.5: Classification performance for the developed sound database: the
confusion matrix, presicion, recall and f-measure are reported.

and the SVM hyperparameters vary, and the test phase, where the perfor-
mance of the algorithm is evaluated on a unseen dataset using the parameters
determined in the validation phase.

The technique used for exploiting the totality of the data is the cross-validation
“leave-one-distance-out”, which consists in dividing the dataset in 4 folds, each
containing falls recorded at a certain distance. Then, 3 folds at turn are em-
ployed as training and development sets and 1 as test set. The performance is
evaluated in terms of Precision (P), Recall (R) and F-measure (FY).

In the validation phase, the number of components of the UBM has been
varied from 1 to 64, while the SVM C and ~ parameters have been determined
on a grid search using the values {27°,273 ... 215} and {271%,2713 ... 23}
respectively. The best performance was obtained by using an UBM with 16
mixtures, C = {2,2,271,2} and v = {272,279,277,277}. The values of C
and v are four since they are specific for each test fold. Table 6.5 shows the
confusion matrix and the classification performance during the test phase.

It is evident how the classification method is appropriate to discriminate
among the different types of fall events. Those results demonstrate the ef-
fectiveness of the approach in the acoustic environment contemplated in the
dataset.

6.2.2 Multi-room Voice Activity detection

The time boundaries knowledge of the human speech portions contained in an
audio signal is fundamental in many audio signal processing applications: Au-
tomatic Speech Recognition (ASR), audio encoding systems, speech enhance-
ment algorithms. The automatic detection of human speech time boundaries
is known as Voice Activity Detection (VAD) or simply speech detection. In
a clean signal, i.e., not corrupted by noise or with very high signal-to-noise
ratio (SNR), the VAD task can be easily achieved, however, when the signal
is corrupted by noise (e.g., babble noise), the speech detection is extremely
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challenging.

However, a special attention and further efforts deserve the application of
VADs in domestic and multi-room environments. In particular, this scenario
requires the speech-event localisation in space in addition to its detection in
time. The state-of-the-art approaches require many processing-stages to obtain
the final decision and they are often based on a combination of multiple deci-
sions (e.g., by means of majority voting techniques). The approach proposed in
[138] is composed of two separate parts: the speech detection and the speaker
localisation. Multi-microphone decision fusion within a Viterbi decoding frame-
work is used in [139]. In particular, the sequence of speech/non-speech events
are estimated by the Viterbi algorithm applied on a combined scores calculated
by single-channel event GMMs. The performance achieved by the state-of-the-
art multi-room VADs are not directly comparable to those presented in this
work due to the mismatch existing among the used datasets, also in terms of
amount of data.

In this dissertation, the parametrization of the mVAD is carried out by means
of multi-stage procedure targeted to the selection of features, network sizes and
audio channels. A mVAD is able to simultaneously detect the speech activity
in multiple target rooms by using the microphone signals of these rooms as its
inputs.

Deep Belief Network Multi-Room VAD

The feature extraction stage transforms input audio signals into real, informa-
tive and non-redundant values (i.e., features) which facilitate the subsequent
learning task. These features are then fed to the classifier which is based on a
Deep Belief Network (DBN). Each classifier output undergoes a thresholding
operation and a final hangover scheme leads to the speech activities in each
target room.

Feature Extraction

The feature extraction stage extracts six different features from the input
signal sampled at 16 kHz: Envelope-Variance Measure, Pitch, Wavelet Co-
efficient (WC) and Linear Prediction Error (LPE), Mel-Frequency Cepstral
Coefficient (MFCC), RelAtive SpecTrAl transform - Perceptual Linear Predic-
tion (RASTA-PLP), Amplitude Modulation Spectrum (AMS). Different frame
lengths are used whilst the frame sample rate is common and equal to 100 Hz.
The other feature-related parameters are chosen by means of numerous specific
evaluations.

A final min-maxz normalisation is performed to restrict the feature value
range to [0,1].

DBN-DNN based Classifier

134



“PhDthesis” — 2018/2/14 — 12:59 — page 135 — #153

6.2 Advanced Computational Intelligence for Audio application

A deep belief network is a probabilistic generative model composed of several
layers of stochastic, latent and typically binary variables also referred to as
hidden units or feature detectors.

A DBN is obtained by stacking several simpler learning modules: Restricted
Boltzmann Machines (RBM). The restricted type of Boltzmann Machine does
not allow connections among units of the same layer. RBMs can be straight-
forwardly trained by means of the Contrastive Divergence (CD-k) algorithm.

RBMs are trained using the CD-1 algorithm layer-by-layer. Firstly, RBM;
is pre-trained, then the hidden unit activation probabilities of RBM; became
the visible units of RBMs and the pre-training algorithm is applied to RBM,.
This process proceeds iteratively for each layer in the network. Finally, for
classification tasks, a further layer can be added on the top and the supervised
training algorithm is applied to fine-tune the network weights. The DBN-
mVAD uses a top discriminative layer with n units. The network outputs range
between [0,1] and, in order to detect the speech activity, they are individually
compared to n thresholds.

Hangover Scheme

A simple post-processing of each DBN decisions is needed in order to handle
isolated speech detections and to mitigate the early non-speech classification in-
troduced by the DBN outputs thresholding due to slow transitions from speech
to non-speech. This technique is commonly named hangover. If there are at
least two consecutive speech frames, the counter is set to a predefined value
equal to 8. This value has been chosen after performing several experiments.
On the contrary, for each non-speech frame, the counter is decreased by 1 and
the actual non-speech frame is transformed to speech until the counter is not

Zero.

Other Neural Network based Classifiers

For comparison purpose, two additional types of neural network are used as
fully data-driven classifier: the Multi-Layer Perceptron (MLP-mVAD) based
and the Bidirectional Long Short-Term Memory Network (BLSTM-mVAD)
based one.

Multi-Layer Perceptron

A well-known approach is the steepest descend with error back-propagation.
One shortcoming of the MLP, which can significantly affect the training process,
is the weights initialisation, which is usually accomplished by following a zero-
mean Gaussian distribution. A second relevant drawback occurs when the
network became deeper, i.e., many hidden layers. However, both issues, can be
mitigated by exploiting a layer-by-layer unsupervised pre-training procedure,
peculiar of a Deep Belief Network.

Bidirectional Long Short-Term Memory Network
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A BLSTM-RNN is a recurrent neural network in which the usual non-linear
neurons (i.e., sigmoid function) are replaced by the long short-term memory
blocks. To train such a network, a back-propagation through time (BPTT)
algorithm with stochastic gradient descend is used after a weight initialisation.
The BLSTM-RNN used here performs a multi-class classification task. Each
class corresponds to speech and non-speech in every target rooms, hence, the
network has K = 2™ output units. The n mVAD decisions are obtained by
opportunely recombining and thresholding the K outputs values.

DIRHA Dataset

The dataset, provided by the DIRHA project [140], contains signals recorded
in an apartment equipped with 40 microphones installed on the walls and the
ceiling of each rooms. In every-day interactions, the majority of the speech
events is expected to occur in the kitchen and living room, thus, these rooms
are selected as our target rooms. The whole dataset is composed of two subsets
called Real and Simulated.

In this work only the Simulated dataset is used because it contains more
data and is characterised by higher noise source rate and a wider variety of
background noises. In addition, overlapping events (i.e., speech and noises)
may occur with respect to the Real dataset. The Simulated dataset is com-
posed of 80 scenes in Italian language 60 seconds long. Each scene consists of
localised acoustic and speech events on which different real background noise,
having random dynamics, are superimposed. Events occur randomly in time
and in space, constrained on the grid for which Room Impulse Response (RIR)
measurements are available. The dataset is built by convolving the signals with
the appropriate RIR.

Experiments

The analysis of proposed mVAD is conducted by means of a multi-stage strategy
whose steps are the following: first feature selection, network size selection,
second feature selection, microphone selection, third feature selection.

The first feature selection stage consist of 63 tests (i.e., all the combination
of the feature sets described in Section 6.2.2) in which the network size is fixed
to two hidden layers of 10 units each and the input feature set is varied. A
second feature selection is explored in order to assess or consolidate the best
feature set with the new best topology. Finally, different pairs of microphones
are evaluated as network input and a third feature selection is applied on the
best pair to finalise the analysis. The 1)-3) stages are ran using two specific

microphones: one from the kitchen and one from the living room.
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Table 6.6: Comparison of training algorithm parameters. BP stands for “back-
propagation” and BPTT indicates the “backpropagation through

time”.
mVAD Type | Training algorithm Weight initialisation Epochs
Gaussian distr. ]
MLP BP p=00=0.1 FEarly Stopping
DBN CD-1 + BP DBN 200+
pre-training Early Stopping
Gaussian distr. .
BLSTM BPTT 4=00=01 Early Stopping

The experiments are conducted by means of the n-fold cross-validation tech-
nique to reduce the performance variance: the dataset is divided in n subsets
having approximately the same amount of each of the class occurrences. Then,
each of the subset is held out in turn for testing, training on the remaining
part. Here, n = 10 and a validation set is also employed during the training,
thus, 8-1-1 fold(s) respectively compose the training, validation and test sets.

The metrics used to evaluate the VAD performance are Precision (P), Recall
(R) and F-measure (F). They are computed by summing two separated confu-
sion matrices, i.e., one for each room. In particular, focusing on a room, a false
positive is a frame erroneously detected as speech when the speech signal is ab-
sent in that room. For example, a noise or speech frame coming from the other
room classified as speech. On the other side, if the frame is correctly classified
as non-speech it represents a true negative. A true positive is a frame correctly
detected as speech when the speech signal is present in the room, while it rep-
resents a false negative if it is wrongly classified as non-speech. Precision and
Recall are further exploited to create the P-R curve (PRC) by varying each
threshold from 0 to 1. The area under the PRC (AUC) is the metric used to
identify the best performance achieved.

The training algorithm depends on the classifier type. Table 6.6 shows a
comparison of the training algorithm parameters. In addition, the DBN pre-
training is performed for 200 epochs, the momentum is set to 0.9 in BLSTM
and MLP based mVAD, whilst it is equal to 0.3 and 0.8 for DBN-mVAD pre-
training and fine-tuning, respectively. The learning rate is equal to 1076, 10~
and m for BLSTM-, MLP- and DBN-mVAD, respectively. Fi-
nally, the early stopping criterion stops the training after 20 consecutive epochs
with no error decrement. These values are chosen as a result of intensive ex-
periments. Two GPU-based toolkits have been employed for the experiments:
currennt? for BLSTM-mVAD and a custom version of GPUMLib? for DBN-

2http://sourceforge.net/projects/currennt/
3http://gpumlib.sourceforge.net/
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m/MLP-mVAD.

Results

The results are shown in this section accordingly with the multi-stage strategy
adopted.

First Feature Selection

The first analysis consists of varying the input feature set by keeping fixed
the neural network size. In particular, two hidden layers of 10 units each are
used for the three neural networks. For each combination of n features, where
n ranges between 1 and 6, the precision/recall curve is built by varying 40
hangover thresholds.

The best feature set results: PIMfEv (i.e., Pitch, MFCC and EVM__ wH). It
is composed of 56 features/frame.

Network Size Selection

A further analysis is conducted by varying the neural network size. In partic-
ular, the best feature set for each mVAD is kept fix and used as input of more
than 250 neural networks having different topology. However, only the topolo-
gies which achieved AUC > 50% are reported for the sake of conciseness. This
selection begins evaluating several networks having one hidden layer of different
sizes. Following, networks with two and three hidden layers of different sizes
are progressively added and tested.

Figure 6.2 shows four graphs containing a series of PRCs related to the
three mVADs. PRCs are collected by taking into account the first hidden layer
size: the PRCs of networks having 10, 20 and 25, 30, and 40 units are re-
spectively shown in the top-left, top-right, bottom-left and bottom-right plots.
Figure 6.2 straightforwardly shows a significant gap among the PRCs of the
DBN approach and the other two mVADs. Despite the relevant improvements
of the two mVADs with respect to their AUC in Section 6.2.2, the highest
performance is attained by the DBN-mVAD.

Second Feature Selection

In the light of the results achieved by the proposed approach with respect to
the other approaches, the remaining analysis stages are conducted solely on the
DBN-mVAD. In order to obtain more reliable results on the best performing
feature set given the new topology (i.e., two hidden layers of 25,15 units) a
second feature selection analysis is performed. The result is not reported for
the sake of conciseness, however, it confirmed that the feature set selected in
the first analysis, i.e., PIMfEv, gives the highest AUC.

Microphone Selection

The fourth stage of the proposed analysis aims to evaluate different micro-
phones as input for the DBN-mVAD. A set of 7 more microphones is considered
in addition to the two initially selected. The microphones composing the best
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Figure 6.2: Comparison of Precision-Recall Curves (PRCs) of the three mVADs
having different sizes of neural classifier. The curves are grouped
by the network first layer size, s: the top-left graph shows PRCs of
s = 10, the top-right PRCs are related to s = 20 and s = 25, the
bottom-left graph contains PRCs of s = 30 units and the bottom-
right of s = 40 units. The red dashed curve is the most performing
in each plot.

pair are both installed on the ceiling and, although they are omnidirectional
they seems to better capture the speech of their own rooms to the detriment
of speech coming from other rooms.

Third Feature Selection

The last stage of analysis consists of a third feature selection using the net-
work topology found in Section 6.2.2 and the pair of microphones resulting
from the previous step. The results show that a further significant perfor-
mance improvement can be achieved using the feature set composed of PiM-
fRaWcEv (i.e., Pitch, MFCC, RASTA-PLP, WC-LPE and EVM-wH, 176 fea-
tures/frame). Hence, the DBN-classifier that achieves the best performance
has 176 input units, two hidden layers of 25,15 units and one output layer
with two units. Given the best PRC, the thresholds for each DBN outputs
are chosen by maximising the F-measure. The statistical significance of the
F-measure increment, i.e., +3.75%, has been assessed by the one-tailed z-test
with the significance level p < 0.0005 [141].

6.2.3 Emergency event detection

The focus of this work is on assistive and monitoring applications for emergency
detection.
In regard to audio-based systems, as demonstrated by the recent projects
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and works [142, 143, 144], they significantly increased their popularity in the
recent years. The motivation resides in their versatility, since audio signals
allow capturing people’s activity, monitoring the acoustic environment and they
enable speech-based user interfaces. In addition, people perceive microphones
as less invasive sensors respect to video cameras [145], and they do not risk to
forget them as with wearable sensors.

The related contributions in this field are focused on the recognition of
acoustic events. The system presented in [146, 145] is based on microphones
placed on the ceiling and on floor lamps. The authors developed a frame-
work for the detection and localization of acoustic events, comprising both
speech (e.g., coughing) and non-speech sounds. Events classes are modelled
by means of Gaussian Mixture Models and they are located with the general
cross-correlation phase-transform (GCC-PHAT) algorithm. This information
is then used for emergency detection. Similarly, the work by [147] addresses
the classification of sound events using generative models and multidomain
features.

This modality is activated for surveillance purposes, e.g., when the user is
outside the house. The system now monitors the acoustic environment to detect
events that deviate from normality.

In this dissertation, the novelty detector is based on the approach proposed in
[148], which consists in extracting a set of features from the audio signal, and in
modelling normal sounds by means of a statistical generative model. In regard
to the normality model, Gaussian Mixture Models and Hidden Markov Models
have been both considered in order to find the best performing technique for
the application scenario. Differently from [148], in the recognition phase, the
decision is performed on a chunk-based analysing.

Novelty detection

Novelty detection is the task of classifying novel data with respect to the data
available during system training [149, 150, 151]. Typically, “abnormal” data
are not exploitable to train the model owing to the difficulty or impossibility of
collecting them, thus the novelty detection goal lies in the modelling of normal-
ity in order to detect abnormalities. Given this scenario, the whole available
dataset is solely composed of “normal” data which denote the description of
“normality” to be learnt.

The novelty detection phase aims to determine the class affiliation of un-
known signals analysing them in chunks, i.e., group of frames. This means that
the likelihood values of C adjacent frames computed using the trained model A
are combined together. The class affiliation of a chunk results from the compar-
ison of the likelihood value and a predefined threshold &: if the likelihood value
is below £, an unexpected sound event is detected, an alarm is generated, and
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Table 6.7: Detection performance summary on the validation set for the GMM
model for different sets of features. The best performing chunk size
resulted for the day subset is C' = 128, whilst for the night subset

C = 32.
Day Subset Night Subset
GMM N, AUC (%) N, AUC (%)
MFCC 16 79.64 256 99.04
MFCC+TEO+MPEG7 2 80.88 4 96.26
PNCC 128 90.58 2 99.13

PNCC+TEO+MPEG7 2 81.34 1 96.26

an automatic phone call towards a user defined phone number is established.
Features

The choice of an appropriate set of features is one of the crucial steps to well-
describe the “normality” characteristics of input audio signals. Three different
types of features are extracted frame-by-frame: Power Normalised Cepstral
Coefficients, Critical Band-based Teager Energy Operator (TEO) Autocorre-
lation Envelope, MPEG-7 Features (Audio Waveform Type Descriptor, Audio
Spectrum Flatness Descriptor, Audio Fundamental Frequency Descriptor). In
the novelty detector, the 13 PNCCs static coeflicients are augmented with their
first derivative for a total of 26 coefficients per frame. The number of TEO-
based coefficients per frame is 21, while the one of MPEG-7 features is 23. The
final feature vector is thus composed of 70 coefficients per frame.

The normality model

The feature vectors extracted from input audio signal are used as input to two
well-known statistical modeller in order to create a distribution of “normality”
in real-life conditions: Gaussian Mixture Model (GMM) and Hidden Markov
Model (HMM).

Gaussian Mixture Model

Chunk-based analysis The chunk analysis of input signal derives from the
interpretation of the novelty event characteristics. Indeed, dangerous situa-
tions, home intrusions or abnormal events in general can not have very short
durations (i.e., hundreds of ms), therefore, isolated detections of novelty or
normal frames should be appropriately filtered out.

The chunk signal analysis deals with these frame-based decision shortcom-
ings. In this way, the decision is based on a longer time interval and takes into
account the temporal evolution of an event.

Thus, a chunk is formed by collecting a set of adjacent frames, for GMMs,
or sequences for HMMs. Chunks are overlapped by 2/3 and their likelihood
values are computed as the joint likelihood.
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Experiments

The experiments conducted for tuning and evaluating the novelty detection
system are hereby presented. The models parameters, i.e., the number of GMM
components and the number of HMM states, have been determined on the
validation set, a portion of the whole data set. Different combinations of the
features presented in Section 6.2.3 have also been evaluated in the validation
set. The overall best performing combination has then been evaluated on the
test set of the corpus.

A3Novelty corpus

The novelty detection system has been evaluated on the A3Novelty corpus,
which consist of more than 56 hours of recording acquired in a university lab-
oratory. These recordings were performed during day and night hours, since
their acoustic conditions differ significantly.

The abnormal event sounds are grouped in four categories: Sirens, composed
of three different siren sounds; Falls, composed of two occurrences of a person
or an object falling to the ground; Breakage of objects, noise produced by the
breakage of an object due to the impact with the ground; Screams, consist
in four different human scream. Both single person or a group of people are
considered.

The A3Novelty corpus is composed of two types of recordings: background
and background with novelty. The former contains only background sounds
such as human speech, technical tools noise and environmental sounds. The
latter, on the other hand, contains the artificially generated novelty events (16
during the day and 30 during the night recordings).

Experiment Setup

The experiments have been conducted on a excerpt of the A3Novelty corpus.
The sampling rate has been reduced to 16 kHz, and processing has been per-
formed in frames 30 ms long overlapped by 20ms. The hop size is equivalent
to 10 ms leading to a frame rate of 100 fps.

The day and night recordings of the A3Novelty corpus have been both divided
in three subsets, namely: training set, validation set and test set. Both the day
and night training sets are composed of 11 hours of background recordings.
Validation sets have a total duration of 4 hours, with the day one containing 7
novelty events and the night one containing 9. The test sets are 4 hours long
and contain 5 and 10 novelty occurrences respectively for day and night subset.

The validation sets have been employed for evaluating the performance of
different feature sets, the normality model parameters and chunk sizes C'. In
particular, for each model, four different sets of features have been evaluated:
MFCC, MFCC + TEO + MPEG7, PNCC, and PNCC + TEO + MPEG7. In
regard to the models, a variety of GMMs each having an increasing number
of Gaussians Ny = {2,4, 8,16, 32,64, 128, 256, 512} have been considered, while
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concerning HMMs, the number of hidden states varies from Ny = 3 to Ny = 5,
and the number of Gaussians from N, =2 to N, = 256.

The performance has been evaluated using Precision (P), Recall (R) and
F-measure (F). A true positive or a true negative is respectively represented
by a correctly classified novelty or normal chunk. P and R have been used to
construct the precision/recall curve (PRC) obtained by varying the threshold

¢. Furthermore, the area under curve (AUC) of each PRC gives the overall
system performance.
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Figure 6.3: PRC curves of GMMs using different features sets
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Figure 6.4: ROC curves of HMMSs using different features sets.

Novelty detection results

Table 6.7, Table 6.8, Figure 6.3 and Figure 6.4 show the results obtained in
the day and night validation sets. In particular, Table 6.7 reports the AUC
obtained by best performing GMM for each set of features. Table 6.8, on the
other hand, shows the AUC values obtained by the best performing HMM.

In Figure 6.3 and Figure 6.4, the best performing GMMs and HMMs PRCs
are respectively shown. Figure 6.3a and Figure 6.4a are referred to the day
subset and they highlight the higher AUC provided by PNCC-based feature
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Table 6.8: Detection performance summary on the validation set for the HMM
models for different sets of features. The best chunk size resulted
for day subset is C' = 16, whilst for the night subset C' = 4 except
for MFCC feature set where C' = 2.

Day Subset Night Subset
HMM N, N, AUC(%) N, N, AUC (%)
MFCC 4 16 79.03 4 32 98.20
MFCC+TEO+MPEGT 5 32 75.56 4 128 97.87
PNCC 4 32 87.79 4 4 99.02
PNCC+TEO+MPEG7 5 2 78.97 5 32 97.68

sets with respect to MFCC-based ones. This behaviour demonstrates the ef-
fectiveness of PNCC features in improving the robustness of the classification
algorithm to background noise. Indeed, the day dataset is characterised by
diverse background noises which leads to erroneous detections in MFCC-based
models. The PRCs of the night subsets shown in Figure 6.3b and Figure 6.4b
are almost overlapped, as it could be expected from the characteristics of night
subset. Indeed, the normal background strongly differs from the novelty events
leading to high P and R independently from the features set or model employed.

Comparing GMM and HMM models, Table 6.7 and Table 6.8 clearly show
that the GMM ones achieve the overall best result using PNCCs only both in
day and night dataset. GMM has been preferred due to its lower computation
cost with respect to HMM. A further deduction derives from the comparison
between the PNCC and the PNCC 4+ TEO 4+ MPEG?7 curves: indeed the addi-
tional features do not improve the detection performance. In addition, to keep
the computational cost as low as possible, the sole PNCCs have been chosen
as features.

In the light of these considerations, the novelty detector has been parametrised
as follows: the feature set is composed of PNCCs, the normality model for the
day subset is represented by a GMM with 128 components, and the chunk size
is equal to 128 vectors. The night model differs for the number of gaussians,
2, and the chunk size, which contains 32 vectors.
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Conclusions

In this dissertation, the Machine Learning approaches for Non-Intrusive Load
Monitoring have been studied. Within all the technique explored by the sci-
entific community, this work has been focused on the Hidden Markov Model
based and the Deep Neural Network based, since their capability and promising
performance, at the forefront of the improvements which could be introduced.

For the HMM based approaches, firstly the appliance modelling and all the
related aspects have been introduced, therefore the AFAMAP algorithm and
its method improvements has been described. Specifically, the variation on the
formulation has been detailed for the exploitation of the reactive power. The
algorithm has been tested on both denoised and noised scenario, by means of
the usage of the Rest-of-the-world model. The last aspect discussed deal with
a facilitate procedure for the footprint extraction related to a specific appliance
from the aggregated data.

For the DNN based approaches, the dAE has been introduced and the opti-
mization in the model training phase and in architecture has been described.
In addition, the recombining technique in the disaggregation phase has been
improved. The algorithm has been in tested in both denoised and noised sce-
nario, for which a different optimization procedure has been conducted, as well
as in the case of seen and unseen scenario. As last aspect, the exploitation of
the reactive power has been considered in the network architecture, providing
its own optimization procedure in all the considered scenario.

In addition, advancement in Computation Intelligence application to other
field has been conducted: in the area of the smart water and gas grid, the
approaches have concerned the consumption forecasting in the short/medium-
term and the leakage detection in different grid scenario, whilst in the area of
the audio application, the technique have been applied to solve the problems of
human fall detection, multi-room voice activity detection and emergency event
detection.

In the Chapter 2, an updated review of the State of the Art regarding
the NILM algorithms is presented, together with an updated list of available
datasets, which are typically used for parameter tuning and evaluation pur-
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poses. For what concern the NILM methods addressed in this review, they
were first divided into two main categories: load classification and source sepa-
ration algorithms. This reflect the nature of the method for the disaggregation
and the limits or the improvements which could be explored, despite the same
problem statement. It is pointed out that most of the contributions make use
of the sole active power signal, and only few methods use the reactive power
(or the phase difference between the voltage/current phasors). Exploiting this
information can be beneficial to obtain a performing disaggregation action,
but, on the other hand, requires a specific hardware able to provide the needed
measurements. Clearly, a direct comparison between all methods presented is
not immediately possible, due to the difference in terms of performance cri-
teria and involved datasets. Indeed, the metrics used in those works could
vary, representing different aspects of the obtained results. In terms of perfor-
mance, the most promising methods appeared to be the HMM models, which
are widely used for their capability to represent the appliance consumption
behaviour with a relatively easy training procedure. On the other hand, the
DNN based method, following the recent success in various Computational In-
telligence fields which allow the grow up of the interest in the application for
other task, have been recently employed in NILM with promising performance
and future improvements.

In the Chapter 3 the Machine Learning approaches, adopted in NILM meth-
ods, have been described.

The AFAMAP algorithm [22], resulting one of the most performing and com-
putationally efficient among the HMM based approaches, has been described
in the Chapter 4. The appliance models based on HMM have been introduced
and the procedure for estimating their parameters has been described. This
consists in the extraction of the footprint of the appliance by means of an
Appliance Activity Detector and in the estimation of the power levels of each
working state by clustering the appliance footprint with the k-means algorithm.
The same procedure in used to compose the Rest-of-the-World model for the
testing the FHMM algorithms in the noised scenario. AFAMAP is revised
in order to improve its performance through a more exhaustive exploitation
of the information pertaining the appliance activity. The proposed algorithm
exploits both additive and differential FHMM to model the activity of the ap-
pliances. At each time step, the best combination of appliances working state
is chosen to represent the actual aggregated consumption: as result of the op-
timisation process, a set of coefficients are returned to weight the appliances
working state and compose the own disaggregated consumption. The revised
algorithm, however, takes into account additional elements. In regards to the
FHMM model, a forward differential model is paired to the reference backward
differential FHMM, thus not only the transition from the previous state to the
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current one is included, but also the transition from the current state to the
next one. In addition, the use of solver boundaries is explored: firstly, the
setting has been related to the admissible state combination of the aggregated
power; alternatively, the reactive power disaggregation output has been used
to select the boundaries, endorsing the heterogeneous data usage effectiveness.
Later, active and reactive power have been introduced in Additive Factorial
HMM for non-intrusive load monitoring. The disaggregation algorithm is in
an alternative formulation of the AFAMAP developed in order to deal with
the bivariate formulation of the problem. As results, the algorithm is able to
output the disaggregated profiles in the active and reactive power components.
The proposed approach has been compared to the univariate formulation of
AFAMAP and to the algorithm presented by Hart in [16]. The latter is based
on Finite State Machine appliance models and it employs both the active and
reactive power. The algorithm has been improved for handling the occurrence
of multiple solutions by means of a MAP technique. The experiments have
been conducted on the AMPds [58] dataset, which provides the ground truth
appliance consumption both in the active and reactive power components. The
results showed that, in a denoised scenario, the proposed approach outperforms
both the comparative methods, with an absolute Fj-Measure improvement of
+14.9% and +2.5% in the 6 appliances case study. As last aspect, a foot-
print extraction procedure has been introduced as a solution for the appliance
modelling in real NILM scenarios. Indeed, in order to create the appliance
model and to use this in the disaggregation algorithm, the user needs to record
the appliance consumption profile. A facilitated procedure is needed, in order
to obtain a clean footprint from the aggregated power signal in real scenario:
therefore, a user-aided footprint extraction procedure is defined. The solution
introduced here relies on the availability of a general model for the appliance
category to obtain the clean footprint. This is the starting point of the mod-
elling stage: in this work the AFAMAP algorithm has been used. The resulting
models have been tested in a disaggregation problem, and they have been com-
pared with the same problem solved using the true appliance model, i.e., the
models created using the actual footprint from the appliance level consump-
tion. The results have showed a moderate performance reduction compared
to the ideal case due to the footprint extraction stage. For those reasons, the
footprint extraction procedure introduced in this work can be considered as an
effective method for the user employment in a real NILM scenario.

In the Chapter 5, a DNN architecture based on the denoising autoencoder
topology has been proposed. Compared to the work by Kelly and Knottenbelt
[32] several improvements have been introduced. In the training phase, the
variable step size has been adopted, with an early stopping criterion based on
the performance metric calculated on the validation set. In the disaggregation
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phase, the median filter has been applied to combine the overlapped portion of
signal in the sliding window analysis of the aggregated power data. In order to
achieve the best performance, for each network an optimisation of the network
parameters has been conducted, starting from the reference architecture and
introducing a second layer of CNN and a pooling stage to compress the size
of the output. The proposed approach has been compared to the AFAMAP
[22] algorithm. This algorithm has been adopted for the noised scenario with
the introduction of RoW model. The experiments have been conducted on the
AMPds [58], on the UK-DALE [61] and on the REDD [30] datasets, evaluat-
ing both the denoised and noised scenario. Furthermore, the availability of
recordings from more than one building in the UK-DALE and in the REDD
datasets allowed to evaluate the algorithms on an unseen scenario. The results
showed that the proposed approach outperforms the comparative methods in
the overall average between the appliance, both in denoised and noised sce-
nario. Regarding the unseen scenario, the performance demonstrated that the
generalisation property of the dAE allowed acceptable degradation of perfor-
mance, respect to the AFAMAP algorithm, in which the footprint extraction
stage introduced errors in the HMM modelling phase. Moreover, the dAE has
been tested adding the reactive power consumption at the input of the network,
increasing the information level of the algorithm. The experiments have been
conducted on the AMPds [58] and on the UK-DALE [61], with the same con-
figuration of the previous application. The results showed that the exploitation
of the reactive power gives a performance improvement to the method, partic-
ularly for some appliance, whereas for other the performance decrease. The
overall results showed that this method reached better performance in seen
scenario, whilst it degraded in unseen scenario.

In the Chapter 6 advanced techniques has been applied to other research
fields.

In the first part of this chapter, the interest is focused on the smart water
and gas grid.

As first aspect, the study has been focused on short-term forecasting of water
and natural gas consumption. The predictions have been performed using
Artificial Neural Network, Echo State Network, Deep Belief Network, Support
Vector Regression, Extreme Learning Machine, and Genetic Programming, on
the AMPds and DFID datasets. Concerning the natural gas, the best result has
been achieved by the SVR approach for 12 h resolution. Moreover, the ELM
and ANN have also confirmed to be suitable for shot-term prediction, whilst
the water prediction shows that the overall best result has been achieved with
the 2 years data by ANN at 12 A resolution. The ANN has achieved the best
results for all the DFID sub-sets, and ELM and SVR have performed close
results.
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As second aspect, temporal features and pressure information have been
exploited to improve the performance of the automatic leakage detection ap-
proach, in smart water grid. The experiments have been performed for different
data resolutions, 1, 10, and 30 minutes, extrapolated from the flow data avail-
able in the AMPds dataset and simulating realistic leakages using the EPANET
tool. GMM, HMM, and OC-SVM have been adopted, under a comparative per-
spective, to model the normality background by assuming different parameters.
For both GMM and HMM the overall best results are achieved by addressing
both flow and pressure, for all time resolutions, and the GMM performance
are close to the HMM ones. The introduction of pressure information allows
to adopt an approach with lower computational burden, and to detect leakages
even for low resolution (30 minutes), as well.

In the second part of the chapter, different Audio application has been con-
sidered.

As first aspect, an innovative (patent-pending) acoustic sensor for detection
of sounds transmitted though the floor has been proposed. A fall classification
algorithm for the discrimination between sounds produced by falls of distinct
objects has been developed. The algorithm is a typical data-driven classifier,
where MFCCs are used as features, Supervectors as feature descriptors and
SVM as expert system. The algorithm was test on a dataset which includes six
different fall events, and it allowed to achieve an overall F-measure (averaged
among all events) superior than 98%, thus confirming the effectiveness of the
approach.

As second aspect, a data-driven voice activity detection approach based on a
deep belief network and applied on a multi-room domestic environment (DBN-
mVAD) has been present. Regarding the experiments, an optimization pro-
cedure consisting of five stages is performed and results are compared to two
mVADs based on a multi-layer perceptron and on a bidirectional long short-
term memory neural network. Compared to the first stage of the DBN-mVAD,
an absolute AUC increment of 10.41% has been achieved whilst, in terms of
F-measure, the increment is equal to 8.56%.

As last aspect, a novelty detection algorithm has been presented, as a sys-
tem able to discriminate between normal an abnormal acoustic events. The
evaluation has been conducted on the A3Novelty signal corpora, consisting of
several hours of recordings.Different combinations of features and normality
model parameters have been evaluated, and the overall best solution in terms
of performance/computational cost ratio resulted in the PNCC features to-
gether with a GMM statistical model. The experiments conducted on test sets
resulted in an overall F-measure equal to 87.32% and 95.53% respectively for
the day and night set, thus demonstrating the effectiveness of the approach.
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Since the high interest regarding the consumption reduction and the recent im-
provement in the smart grid researches, the interest on improving those method
will be certainly maintained, pointing out as good results as a distributed net-
work of smart plug. For this reason, future works will be oriented on different
aspect, related to each algorithm discussed above.

Regarding the AFAMAP algorithm, a more reliable appliance model will be
considered in order to improve the representation of the working states, e.g.,
the usage of Gaussian Mixture Model (GMM) within the HMM allows the
representation of a more suitable power level density distribution with respect
to a simple Gaussian distribution. Furthermore, additional information about
the working states duration will be introduced, allowing the discrimination of
HMMs with similar transition probabilities but different time in the switching
activity. This translates into a fully exploitation of the differential model.
Additionally, an observation window of longer duration could be introduced in
the differential model.

Regarding the appliance modelling stage, an unsupervised clustering tech-
nique will be introduced to automatically detect the number of power levels,
e.g., regarding appliances which not belongs to the categories considered. Re-
garding the disaggregation and solver algorithms, binary variables will be in-
troduced in the problem formalisation, leading to a Mixed Integer Quadratic
Program (MIQP), in order to impose the variable to assume binary results and
not integer values as in fuzzy logic, which can lead to ambiguous evaluation in
the HMM state evolution. Finally, further experiments will be conducted in
order to compare the proposed solution to other approaches recently presented
in the literature [27, 28, 36].

Regarding the user-aided footprint extraction procedure, the separation of
the model representing the fridge-freezer combination in the single component
will be evaluated, since the AFAMAP algorithm shows a better working in the
problem resolution using models with lower number of states. Moreover, more
experiments will be performed using different datasets in literature, in which a
more detailed study about the generalization performance can be carried out,
specially for the generic model selection.

For the dAE approach, the introduction of a constraint between the neural
model output will be considered, in order to assume the equality between the
aggregated data and the sum of the profiles reconstructed, in the denoised sce-
nario. In order to apply this constraint in the noised scenario, the introduction
of the neural based RoW model will be required.

Regarding the exploitation of the reactive power in the dAE algorithm, fu-
ture works will be focused on the investigation regarding the appliance which
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degrades performance. Moreover, the reactive power on target will be inserted,
in order to allow a fully balanced input-output architecture.

Improvements raise high interest in other application fields, too.

Regarding the smart water and gas grid, due to the lack of data, more data
will be collected in order to create a suitable dataset of water and natural gas
for heterogeneity evaluations, whereas, in the leakage detection application, in-
vestigation of neural network approaches for automatic novelty detection, such
as autoencoder, will be performed and further evaluations will be performed
by applying temporal clustering.

Regarding the audio application, the floor acoustic sensor will be optimized
by means of a focused acoustic design, in order to make it suitably working in
different operating contexts. From the fall classification/detection perspective,
more experiments will be carried out to evaluate the validity of the proposed
solution in presence of noisy environments and diverse floors. Moreover, re-
garding the multi-room VAD, the exploitation of a larger dataset specially for
enhancing the pre-training will be carried out. Furthermore, the introduction
of signal-processing techniques, such as beamforming, to reduce the signal in-
tensity of the speech coming from non-target rooms, and the employment of
more than two microphones as network inputs, will be considered. Finally, in
the emergency event detection application, novelty detection can be improved
introducing activity detection techniques at the likelihood level.
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