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Table 11
Overview of energy saving potential reported in literature.
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Author Sensors Resolution Building type Application system Energy saved
Boait and Rylatt [61] Smart meter State Residential HVAC 19.2kWh/day
Luet al. [65] PIR State Residential HVAC 28%
Gao et al. [773] PIR State Residential HVAC 15%
Soltanaghaei et al. [£4] PIR State Residential HVAC 30— 47%
Milenkovic et al. [72] PIR, Smart meter, etc. Activity and quantity Office Lighting and HVAC Light = 78.5%
HVAC = 39.9%
Wang et al. [17,25] CO, Quantity Office HVAC 8- 13%
Yang et al. [15] CO2, T, L, RH etc. State and quantity Office HVAC 21.3%
Agarwal et al. [3] PIR State Office HVAC 10 - 15%
Jin et al. [4,5] CO, Quantity Conference room HVAC 55%
Yokoishi et al. [7] PIR State Campus room Lighting 3.5h/day
Balaji et al. [42] WiFi Zone and identity Commercial HVAC 17.8%
Il /natytical methods I ANN 0 svMm Il KNN Bayesian
1 5 = biand ds I By inference (5)
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when most of the publications were based on the use of analytical
methods in combination with environmental sensors (mainly CO, sen-
sors). The second phase has started after the first period, where a great
variety of new technologies and algorithms have been used and subse-
quently caused an increase in the number of published articles.

7.25% 7

Fig. 4. Number of articles by type of algorithm.

According to the literature presented in this review, we can highlight
some lessons learned and various factors that have driven the develop-
ment of occupancy detection systems. Several works have shown that
each type of sensor has unique advantages and limitations for occupancy
detection applications {20,38,96]. Therefore, sensor fusion has been
promoted as an efficient way to leverage the strengths of different sen-
sors to improve system performance. This fact can be evidenced in I'ig. 2,
where it is observed that since 2007, the use of technologies like motion
detectors, CQ,, temperature, and humidity sensors have been an
approach widely employed in occupancy detection. Indeed, as shown in
Ilg. 3, PIR, and environmental sensors are the technologies that have
been mostly employed in this field.

Another factor that has driven interest in detection systems is the
increasing importance of understanding the impact of occupants’
behavior on buildings’ energy performance. This has motivated re-
searchers to develop occupancy-based control strategies, as well as the
use of new technologies such as smart meters, which have been used in
applications for occupancy detection systems since 2010.

The growing interest in occupancy detection can also be related to
technological advances and the proliferation of the Internet of Things
(IoT). Over the last decade, the IoT has led to the development of new
low-cost sensors to enable smarter sensing and detection [19]. There-
fore, as a result of the various data sources available, several techniques
have been exploited to process the data provided by the sensors, in order
to estimate reliable building occupancy information (Fig. 2). In this re-
gard, the popularity of data-driven methods such as ANN and HMM
should be highlighted. This fact is evidenced in Fig. 4, where it can be
observed that within the literature, studied in this review, data-driven
methods are the most popular type of algorithms for occupancy detec-
tion, followed by knowledge-based methods.

Further, literature reports a rising need for accurate and reliable
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crowd counting, e.g., to improve the evacuation procedure in emer-
gencies or to enhance customer satisfaction in restaurants or shopping
malls [57]. Consequently, the use of new types of technologies, such as
WiFi and Bluetooth, has emerged as a possible solution. Among the
advantages of these technologies, we can highlight the fact that its
infrastructure is widely available in interior spaces, which reduces
development costs. Besides, a large variety of devices such as smart-
phones or laptops have built-in WiFi and Bluetooth connectivity.

5.1. Future research opportunities

5.1.1. Occupancy detection from smart meters

Different detection technologies have been employed to provide
occupancy information, mostly based on environmental and specialized
sensors. It is highlighting the fact that CO5 and PIR sensors have been the
most commonly used sensors for occupancy detection systems. How-
ever, literature has shown the potential of electricity consumption data
to be used in occupancy detection applications. In addition, one
advantage of this approach is that the measure can be performed in a
non-intrusive manner (non-intrusive load monitoring), which reduces
the complexity of necessary infrastructure and the associated costs;
while maintaining the privacy of the occupants. Accordingly, we believe
that this approach is a potential future research direction. Even though
some initial works have been done in these directions, more efforts to
investigate its advantages and disadvantages over approaches that use
traditional detection technologies such as CO, can be conducted.

5.1.2. Occupancy detection systems in real-world settings

One of the main drawbacks of occupancy detection methods is the
need of a training set comprising ground truth occupancy data. This is a
problem because the collection of these measurements can be expensive
or in some cases unfeasible, making it difficult to apply these methods in
practice. To address this problem, some studies [02,09,51,59,90] have
explored the use of unsupervised methods as a new alternative for oc-
cupancy detection, because these algorithms do not need to know the
occupancy status of the buildings for their learning process. Accord-
ingly, we believe that this is another potential future research direction
that must be encouraged in order to overcome the existing limitations
for the application of occupancy detection methods in real-world
settings.

6. Conclusion

This paper presents an extensive review of the techniques that have
been exploited to estimate building occupancy information. The re-
searches examined in this work were categorized based on the type of
algorithm as analytical, data-driven, and knowledge-based methods. We
presented a discussion about the advantages and limitations of occu-
pancy detection technologies and techniques to provide a comparison
framework with the aim of helping researchers with their choice of
sensors and algorithms.

We demonstrated the temporal evolution of sensors and algorithms,
used for occupancy detection systems, as well as the factors that have
motivated the development of these systems. Our analysis allows to
observe that data-driven methods such as HMM and ANN are the most
common family of algorithms for occupancy detection. Additionally,
potential fields of research and improvement have been presented.

Occupancy information is crucial to improving building energy
performance and reducing building energy consumption while main-
taining occupants’ comfort. Indeed, several works have demonstrated
that a significant amount of energy can be saved by adopting occupancy-
based control strategies. Although a considerable progress has been
made in occupancy detection systems, further work is required to ach-
ieve viable applications.
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- ABSTRACT Human preferences and lifestyles significantly impact buildings’ energy consumption. Con-
sequently, a better understanding of occupants’ behavior is crucial to decrease energy consumption and
maintain occupants’ comfort. Occupant-centric control (OCC) strategies are effective approaches to fulfil
such a purpose. As such, occupancy detection and prediction are of prime importance, particularly to
manage Electric Space Heating (ESH) systems, due to the relatively slow dynamics of the temperature in
dwellings. This paper proposes an Explicit Duration Hidden Markov Model (EDHMM) for unsupervised
online presence detection and a hazard-based approach for occupancy prediction. Moreover, a control
strategy using a cost function, weighted by occupancy predictions, and a load-shifting strategy based on
time-varying electricity price are put forward. This work initially validates the consistency of the proposed
approach by using synthetic data generated by a Monte Carlo simulation. Subsequently, the performance
of our framework is compared with previous methods presented in the literature through experimental
validation. Results demonstrate that the proposed EDHMM approach is efficient in detecting occupancy
states. Besides, the results of the field implementation show the potential of the proposed control strategy to
preserve occupants’ thermal comfort while decreasing the heating energy consumption.

: INDEX TERMS Occupant behavior, occupant-centric control, hidden markov models, survival analysis.
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GMM Gaussian Mixture Model PCA  Principal Component Analysis

HEMS Home Energy Management System SCS  Splitting Conic Solver

HMM Hidden Markov Models SVM  Support Vector Machines
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IML Interpretable Machine Learning WT Wavelet Transform
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The associate editor coordinating the review of this manuscript and Z Sequence of latent variable

approving it for publication was Alon Kuperman . v Sequence of measurements from the sensors
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k Discrete-time index

s Occupancy state {0, 1}

d Duration

G Number of Gaussian distributions
Ty Initial probability distribution

N Number of days for sliding window
/ Time of day

Tk Transition signal at instant k

8 Kronecker delta

Cin Thermal capacitance of the room
Tip Internal room temperature

T,  Temperature outside of the house

Tae  Average temperature of the surrounding rooms
R,y Thermal resistance heat transfer to the exterior
Ry Thermal resistance of internal walls

®;,  Entering heat flux due to the heating appliance
®4,  Thermal gains and losses of the room

B Predicted occupancy probability

Q; Price of the energy

Xi Predicted internal room temperature

Xi Reference temperature (preset by the user)

u; Predicted power consumption of ESH system
wi Climate variables

Xmin  Minimum allowable internal temperature

Xmay ~ Maximum allowable internal temperature
Umexy ~ Maximum power capacity of the heating system

I. INTRODUCTION

Due to the increasing energy consumption of the residential
sector, energy efficiency, and grid reliability have become
significant concerns for the Distribution System Operators
(DSOs), especially in Nordic countries like Canada. In Que-
bec, where this study is conducted, ESH systems account
for about 62% of the yearly household energy consump-
tion [1]. These systems can significantly increase power
demand during peak load hours as a great number of cus-
tomers simultaneously heat their homes [2]. Over the last
decades, many electricity suppliers have promoted Demand-
Side Management (DSM) strategies based on price [3] and
incentive-penalty [4] to exploit energy demand flexibility [5].
These conditions alongside the growing availability of smart
appliances have led to the rapid development of Home Energy
Management Systems (HEMSs) [6]. Energy consumption
in residential buildings is influenced by building charac-
teristics, climate, indoor environment quality, and occu-
pants’ behavior [7]. Among these factors, human behavior
has been revealed as a major issue towards ensuring the
effectiveness of the deployed residential energy management
strategies [8]. Occupants’ behavior refers to the interaction
between occupants and buildings in order to preserve a
healthy indoor environment and acquire the desired comfort
and security [9], [10]. Occupancy is an essential aspect of
the occupants’ behavior concept, which deals with tracking
the presence/absence of people in a building space [1 1]. Sev-
eral occupancy detection methods have been integrated with
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control strategies to mainly manage lighting and HVAC sys-
tems. These OCC strategies focused on the presence/absence
of occupants (occupancy-based controls) have demonstrated
up to 30% of energy savings [12]. However, instantaneous
occupancy detection is not adequate for ESH systems as
they require some time to affect the temperature of a room.
Moreover, occupancy is a stochastic process complex to be
anticipated and difficult to be directly measured. Therefore,
the combination of indoor temperature slow dynamic and the
stochastic nature of the occupants’ presence is revealed as a
challenging problem to be solved.

A. LITERATURE STUDY

Several techniques have been proposed for occupancy detec-
tion systems. Rueda et al. [13] categorized them into ana-
lytical, data-driven, and knowledge-based methods. Among
them, data-dniven methods, such as Artificial Neural Net-
works (ANN) [14], Support Vector Machines (SVM) [15],
K-nearest neighbors (KNN) [16], and Hidden Markov Mod-
els (HMM) [17], are considered as the most utilized ones
for occupancy detection [13]. However, supervised learning
algorithms, like ANN, SVM, and KNN, need a training data
set comprising ground truth occupancy evidence which lim-
its their application in practice. As an alternative approach,
some studies [ 17]-[23] have explored the use of unsupervised
learning methods for occupancy detection in which HMM has
been one of the most popular ones, demonstrating an accuracy
between 80% and 90% [13]. Most of the used HMMs are
nonetheless first order which means that they are memoryless
stochastic processes and their inherent state duration follows
a geometrical distribution that is inadequate to model real-
world occupants’ behavior [12]. Moreover, the use of time-
variant transition probabilities on HMM has been mostly
neglected, restricting the temporal dependency of occupancy
dynamics representation [24].

Concerning the occupancy prediction  methods,
Kleiminger et al. [25] grouped them into schedule-based
and context-aware approaches. Schedule-based algorithms
predict occupancy using historical data on the household
occupancy state. Kleiminger et al. [25] and Li and Dong [26]
present a comparative performance analysis of the state-
of-the art of these approaches, stressing that predictions
of up to 90% accuracy can be achieved. Moreover, algo-
rithms, such as ANN [27], KNN [28], k-means, expectation-
maximization [23], and Markov models [26], [29] have been
explored as alternative to predict occupancy at horizons from
15 minutes up to 24 hours ahead. Context-aware approaches
estimate future occupancy states of a home according to its
occupants’ current context (e.g., location or activity). For
instance, Krumm and Brush [30] and Gupta ef al. [31] use
information from GPS to estimate when a person would be
at home or away and dynamically control the thermostat of
the rooms. Although context-aware approaches are promoted
as one of the best-performing techniques for occupancy pre-
diction, they depend on the permanent operation of specific
devices by individuals (e.g., smartphone and GPS). As a
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result, these methods are more intrusive regarding individ-
uals’ lifestyles, and are more sensitive to human errors, such
as forgetting the phone at home. Therefore, in this work,
schedule-based algorithms are preferred.

Several occupancy detection and prediction methods have
been integrated with control strategies, such as model pre-
dictive control (MPC), to manage HVAC systems [32].
For instance, in [29], Dobbs et al. present an occupancy-
predicting control algorithm for HVAC systems of a build-
ing and compare their approach with a scheduled controller
and an occupancy-triggered controller. It is shown through
simulation that the proposed approach can achieve up to
19% of energy savings compared to the scheduled controller.
Furthermore, other approaches have reported energy savings
between 6% to 17% [25] by combining occupancy informa-
tion and MPC strategies. However, most of the occupancy-
based controls (OBCs) field implementations have been done
in academic and office buildings. In fact, only 10% of OCC
studies have been performed in residential buildings [33].
Another worth noting aspect is that the main objective of
OBC strategies is to reduce energy consumption while few
studies have integrated load-shifting demand management
strategies to improve user’s flexibility [32]. Therefore, more
efforts to integrate OBC strategies and time-of-use (ToU)
pricing programs are still required.

B. CONTRIBUTION AND ORGANIZATION

In light of the discussed matters, this paper proposes an online
unsupervised technique for automatic occupancy detection
and prediction in residential buildings. This study falls within
the overall objective to optimize residential energy con-
sumption by intelligently managing ESH system (baseboard
heaters) concerning the presence of the occupants, preserving
their thermal comfort. Considering this, the main contribu-
tions of this work are summarized as follows:

o Firstly, an Explicit Duration Hidden Markov Model
(EDHMM) is developed for unsupervised online occu-
pancy detection.

o Secondly, a hazard-based model is proposed to predict
the occupancy probability of each zone of the residence
with a 24-hour horizon.

o Finally, a finite-horizon adaptive optimization approach
based on a cost function, weighted by occupancy pre-
dictions, and a load-shifting strategy for TOU price is
formulated.

Unlike the other existing papers in the literature, this work
considers the limitations of Markov models for occupancy
detection to consistently capture presence/absence duration
and realistically predict individuals’ presence. Moreover, this
study utilizes an adaptive learning strategy based on a sliding
window of fixed size (last N days) to daily retrain the system.
It should be noted that only a few studies have integrated
OBC techniques with load-shifting strategies to manage ESH
systems in dwellings. The proposed approach minimizes
human intervention during the system learning process and
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provides an online occupancy detection and prediction by
thermal zone. Therefore, the HEMS is empowered to detect
and anticipate the presence/absence of occupants, allowing it
to automatically adjust the thermal preferences of each room,
maintaining a balance between comfort and energy cost.
An experimental proof of concept of the proposed framework
has also been carried out. In this regard, the proposed method
has been thoroughly tested for three months during Winter in
an apartment located in the province of Quebec in Canada.

The rest of this paper is organized as follows. Section 1l
presents the combination of an EDHMM formulation and a
Hazard-based model to detect/predict occupancy. Section 11
illustrates the use of occupancy predictions, an Interpretable
Machine Learning model, and a Finite-Horizon controller to
improve the performance of the HEMS in residential envi-
ronments. Section IV describes the design of the case study
for the validation purposes. Section V presents the obtained
results through simulation and experiments. Finally, the con-
clusions of the work are drawn in Section VI.

Il. OCCUPANCY DETECTION AND PREDICTION STRATEGY
Environmental variables inside a closed space and power con-
sumption are highly correlated with humans’ presence [10].
In this sense, due to the difficulty in directly measuring
occupancy, Hidden Markov Models (HMMs), are stressed as
a suitable method for modeling household/room occupancy
through unsupervised learning [20]. HMMs can effectively
model the temporal structure of data. Moreover, they allow
the use of a priori knowledge and supports the explicit inte-
gration of duration as well as the time dependency of states.
The latter is indispensable for a realistic representation of the
occupancy profiles [24], [34].

Let v = v, v2,..., vk be a sequence of measurements
from the sensors and let z = zy, 22, ..., 2x be a sequence
of latent variable taking values from two possible occu-
pancy states s = {0, l}, where K is the length of the
sequence. In a HMM, two assumptions are made. First,
the probability of a particular state only depends on the pre-
vious state, P(zx (|21, ..., %) = P(zx41lzx), where k is the
discrete-time index. Second, the probability of an observa-
tion, only depends on the state that produced the observation,
Plvelzy, vz o2k Vi oo vk - vE ) = Pkl ze).

Nonetheless, literature has revealed that traditional first-
order Markov models are not able to consistently predict
state duration and thus, their generated occupancy profiles
often fail to reflect a realistic behavior [35], [36]. In this
regard, this work puts forward an Explicit Duration Hid-
den Markov Model to effectively handle this issue. In an
EDHMM, a hypothesis of medium-term independence is
introduced. Such hypothesis implies that the probability of
changing a state depends not only on the current state, but

also on its duration, as shown in (1).
P(zigilzi 2, oo 21, ) = Plawp i lze, di) (D

where d; is the duration of the current state. It is consid-
ered as a deterministic incremental counter restarted when a
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transition is made, expressed by,

ey +1
| otherwise

ifzx =z

di = 2)

Furthermore, as presented in [12], the transition probability
between the states can be formulated as,

hs(d") if Zg1 £ s

3
1 — hy(d') otherwise 3)

Pzkrilzx =s,dv =d') = ‘

where h;(d’) is the discrete hazard function of state s, given by
equation (4), which can be estimated either using a parametric
or a non-parametric approach.

fd) | Sdd'+ D)
Ssd) Ss(d’)

where fi(d’) and S5(d’) are the state duration probability
and the survival function, associated with state s, respec-
tively. Besides, due to the time-dependent dynamics of occu-
pancy [24], the use of a time-variant transition probability
A 1s proposed. Therefore, the hazard function is computed
in hourly intervals ¢ € [0, I, --- , 23]. This results in a haz-
ard function with the form h'(d’). The transition probability

matrix A for the two-state EDHMM can be represented by,
A [1 — hy(d") hiy(d") }

hi(d") I — A\ (d"

hs(d") =

“4)

4)

where hy(d") and k' (d") are the discrete hazard functions for
the absence (s = 0) and presence (s = 1) states, respectively.

Following the above-presented mathematical formulation,
this work proposes an occupancy detection and prediction
approach through a three-step process. First, Section II-A
explains the start-up process that solves a cold-start problem
to collect the necessary information to initialize the EDHMM
leaming. Second, Section II-B describes an online detection
procedure to detect occupancy at five-minute intervals. Third,
Section II-C presents the utilized approach to predict the
occupancy probability with a 24-hour horizon.

A. START-UP PROCESS

Since the hidden states are unknown, measured data are used
to estimate the transition matrix and emission distributions.
For this purpose, the start-up process depicted in FIGURE |
1s proposed.

1) DATA PRE-PROCESSING

Measured signals can contain noise from different sources
(e.g., the sensor itself, EMI, and acquisition/communication
errors). Therefore, a denoising process based on a ker-
nel smoother (KS) and a decomposition process using the
Wavelet transform (WT) are proposed in this work. Kernel
smoother is a statistical technique widely used to reduce sig-
nals noise [37]. In this work, a Gaussian kernel is used in order
to give less weight to the more distant neighbours. Wavelet
transform has been widely employed for image denoising,
edge, and transient detection [34], [38]. Accordingly, WT is
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FIGURE 1. Block diagram of the start-up process.

used to decompose the denoised signal into low and high-
frequency components, represented by the approximation and
the details of the measured variables. Principal Component
Analysis (PCA) is also performed to ensure a new set of
decorrelated variables [39].

2) CLUSTERING AND PARAMETER LEARNING

Due to the lack of prior knowledge and hidden states informa-
tion, a Gaussian Mixture Model (GMM) is utilized to estimate
a preliminary occupancy profile from the set of observations.
GMM is an unsupervised probabilistic model that assumes
that all the data points are generated from a mixture of a finite
number of Gaussian distributions N (v | w;, a;), expressed
by,

G
(GiN (v | i, 07) (6)

=1

fvi 10) =
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where 6 = {[p),....ugllor, ..., 06l (¢, ..., ¢c1}
denotes the set of parameters, 1; and ¢; arc the mean and
variance of the i”* Gaussian distribution, G is the number
of Gaussian distributions, and ¢ is the mixture component
weight, which must satisfy the condition Z,G:l ¢; = 1. The
probability that an observation belongs to a given distribution
1s estimated from (7) through,

pi = G¢1N(Vk | i, 07) . forie[l, Gl 7

Yot ON e | i, 0d)

where p; is the probability vector in which each element
indicates the probability that an individual belongs to a cluster
and G is the number of clusters.

Before applying the GMM, the number of clusters G
should be fixed. In this respect, approach based on mini-
mizing the Root-Mean-Square Error (RMSE) between the
model estimation and a prior average occupancy profile is
employed. Due to the close correlation between the motion
information captured by the PIR sensors and occupancy, these
data are used as a reference to estimate an initial average
profile for each zone. In accordance with the above-explained
case, this work assumes that the conditional probability of
PIR events given the time of day converges to the likelihood
of occupancy at that instant over a long analysis period.
Therefore, the average daily motion profile detected by the
PIR sensors converges to the actual daily occupancy profile
of the dwelling/room. Furthermore, this work presumes a
stationary hypothesis which leads to discarding the effects of
seasons, vacations, and other long-term behavioral changes.
Therefore, as depicted in FIGURE 2, a threshold on the
average daily motion for each zone is used to automatically
decide on the reference average profile that will be used as
the prior information to determine the value of G.

Iy
o

o
©

-

| __IThreshold=0.5

o
'S

o
N

= PIR sensor
- Prior

Average motion detection

o
=]

00:00 04:00 08:00 12:00 1600 2000 24:00
Time of day

FIGURE 2. Zone 2 priors estimation based on two weeks of motion data.

Once the prior information for each zone is determined,
the performance of the GMM is evaluated for a maximum
number of 12 clusters, and the value of G that minimizes
the RMSE is selected to estimate the preliminary occupancy
profile, z.

After estimating z, this profile is used to fit the emission
distributions and compute the survival functions. To do so,
maximum likelihood estimation algorithm and the Kaplan-
Meier estimator are utilized. In the case of emission distribu-
tions, three distributions (Normal, Weibull and LogLogistic)
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are used to fit the observations, v, corresponding to each
occupancy state, M = {f(v; | @Sl), oo f i | D). Sub-
sequently, the distribution with the best fit M, is calculated
using the MLE algorithm, as follows,

m = argmax (L{M,)) 8

m

where L is the log-likelihood operator, and M, represents
each of the distributions with their parameters.

FIGURE 3 shows an example of the estimated emission
distribution for the first principal component of living room
observation. For the case of absent state, the three tested
distributions are presented to illustrate the suitability of using
MLE algorithm to achieve a good distribution fit to the data.

Absence
0.4 Log-logistic Presence
E (best fit)
7 ~
§03 R
v Weibull Normal
B ™,
Z 0.2 "
g0
B Weibull (best fit)
[ e
a 0.1 r
0.0 -
-10.0 -75 -5:0 -5 0.0 25 5.0 7.5 10.0

Principal component 1

FIGURE 3. Example of estimated emission distribution for zone 1 data.

On the other hand, the non-parametric Kaplan—Meier esti-
mator (KME) is used to compute the survival functions.
Unlike the parametric models, KME, expressed by (9), does
not restrict the survival function shape to a particular distri-
bution. Therefore, KME assists with a better representation
of duration distributions with multimodal shape.

s@h= ] == ©)

n;
idd;<d’ !

where ¢; is the number of events (arrive/depart) that hap-
pened, d' is the duration, and n; is the number of pres-
ence/absence periods that are still active within d'.

3) STATE SEQUENCE ESTIMATION

Once the learning procedure of the parameters is performed,
the most probable occupancy sequence, z, must be estimated
considering the observation sequence, v,. For this purpose,
a dynamic programming approach is used that follows the
classical procedure of the Viterbi algorithm while explicitly
including the state duration to compute the transition proba-
bilities. The proposed decoding algorithm is divided into two
stages:

o Recursive Step: To estimate the most probable sequence
of hidden states at each time-step, the next hypothesis is
followed: if the state s = {0, 1} is part of the optimal
sequence, what would be its best previous state? In this
regard, it ¥, x| represents the highest probability along
a single path for the first k — I observations, which ends
at state ¢ € s, and the transition probabilities from state
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g to s are given by the matrix A, ; (equation (5)), then,
the best previous state ¢ for the current state s is esti-
mated by solving the following optimization problem,

QOs.x = arg max (In (Aq,s) + 1;[/q,k—l) (10)
qel0,1]

where the initial values ¥ | for all the states s are

estimated by using the initial probability distribution g

and the likelihood of the first observation v, of each

state, as follows,
Y1 = In(ms) +In(f (vi | ©y)) (1)

Therefore, knowing the best previous state ¢ = QOs,
the probability of the sequence for each state is updated
by including the probability of the observation at time-
step &, which can be expressed as,

Vs =In(f O | ©5)) + In (A5 ) + g1 (12)

Additionally, in order to estimate transition probabili-
ties, at each time-step &, duration needs to be computed.
For this purpose, an incremental counter & 1s used. This
counter is restarted (ds , = 1) when a transition between
the best previous state g and the current state s is made,
based on,

dsp =06 (2], S) dl‘]-kfl + 1 (13)

where § (2] 5) is the Kronecker delta, defined by,

R 1 ifg=s
é(g,s) = 14
([ ) 0 otherwise (14)
e Backtrack the Most Probable Path: Once the recursive
step is completed, the last hidden state is calculated by
maximum likelihood, based on,

2k = argmax (¥ k) (15)
se[0.1]
Then, the most likely sequence is selected by taking the
most probable previous state, expressed as,

=@k k=K-1L,K-2,.--,2,1 (16)

Algorithm | summarizes the decoding procedure to esti-
mate the most probable sequence of states for a finite state
machine (FSM) with two-states.

4) PARAMETERS UPDATE

Once the new occupancy sequence z is estimated, it is used
to update the emission and duration distributions by applying
the same procedure as presented in Equation 8.

B. ON-LINE PROCESS

After the start-up procedure, as shown in FIGURE 4, two
processes are executed to estimate the real-time occupancy
state and to perform the model parameters adaptation over
fime.
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Algorithm 1: Occupancy Detection

Input: - Observations sequence: vy, v, -+ , Vg
- Emission distribution parameters ©;
- Duration distributions

Output: Hidden states sequence: 7, 22, -+ , 2k

1 begin

2 Define number of states s = {0, 1}

3 Define initial probability distribution ()

4 Define matrices ¥, Q and d of dimension [s| x K

5 for s € [0, 1]do

6 Y51 = In(my) +In(f (v | By))

7 ds.1 =1

8 end

9 fork =2,3,...,K do

10 Update matrix A

11 for s € 10, 1] do

12 Oy« = argmax (In (Ags) + Ygx—1)
ges

13 g = Qs

14 Wsk = In(f (i | ©9) +1In (Ag.s) + ¥gx—

15 ds.k =4 (2], S) d[],k—] + 1

16 end

17 end

18 zk = argmax (Ys k)

se[0.1]

19 fork=K-1,K—-2,...,2,1do

20 | k= sz+|,k

21 end

22 end

1) ONLINE OCCUPANCY DETECTION

Maximum a posteriori (MAP) estimation is computed at
S-minutes intervals to determine at instant k& the most prob-
able hidden state z; of each of the house zones, expressed
as,

a =argmax (In(f (e | ©) +In(4g)) (17
s€f0.1]

where § = 74— is the estimated occupancy state at the
previous instant (5 minutes ago), and v is the observations
at instant k.

2) PARAMETERS UPDATE

HEMS and occupancy detection systems operate in time-
varying environments. Therefore, adaptive capabilities are
essential for them. As shown in FIGURE 4, every day
at midnight, the system performs an update of the model
parameters. To do so, a sliding window with a fixed size
of N days is utilized, in which the most recent informa-
tion is included in the model and the oldest is discarded.
It should be noted that studying the appropriate size of
the learning window and when new data could be relevant
for retraining the model is outside of the scope of this
work [40].

109811



IEEE Access

L. Rueda et al.: Online Unsupervised Occupancy Anticipation System Applied to Residential Heat Load Management

t=midnight

Query last N Query last 2
days of data Database hours of data
v 4 I
Data Data
pre-processing pre-processing

¥

Parameters

Stales sequence
update estimation

EDHMM Current occupancy
parameters state

FIGURE 4. Block diagram of the online process.

C. OCCUPANCY PREDICTION

This step aims to predict the presence probability of each
zone of the dwelling at a 24-hour horizon, N. This pre-
dictive model is an essential step for the control strat-
egy to determine optimal control actions considering future
observation forecasts. Accordingly, a hazard-based model
and a Monte-Carlo simulation are utilized. Literature study
shows that hazard-based models are a suitable generative
approach for modeling occupancy profiles and occupants’
behavior [12]. In fact, this method has proved its potential
for applications, such as in-home and out-of-home activities
generation [41], and windows opening and closing behavior
modeling [42].

The prediction technique takes advantage of the duration
distributions estimated during the learning process of the
EDHMM. Likewise, the matrix A (equation (5)) is used
to determine the transition probability of the states during
the prediction horizon. Algorithm 2 describes the process
used for the prediction of the zonal occupancy probability 8.
In this procedure, the transition signal, 7, € {0, l} is sam-
pled in every time-step using a Bernoulli distribution with
o = h’;"_ l(&') (see line 7 of the Algorithm 2). According
to this transition signal, the algorithm updates the probable
occupancy state, z; by using an XOR function, and restarts
the duration counter, (7,-, which determines the elapsed time
in each state. The prediction technique takes as initial state
the current occupancy status, estimated by the EDHMM, and
computes the current duration according to the information of
the last detected transition (arrival/departure). The process is
repeated M times, and the average of the generated profiles
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Algorithm 2: Occupancy Prediction

Input: - Transition probability matrix A
- Current occupancy state and duration
Output: Predicted occupancy probability sequence 8
1 begin
2 Define zas aM x N matrix
3 form=1,2,...,Mdo
4 initialize 2, j— = 2t
5 initialize &i:k = current duration
6 fori=k+1,k+2,....k+Ndo
7 sampling 7; ~ Bem(h;"‘__I d =d;i_p)
8 update Zm i = Zm,i—1 ® T
9 update &,- =(l-— t,-)fi,-_| + 1

10 end
11 end

1 k4N M s
12 ﬁ — M Zi:k+| m=1<m,i
13 end

is used as the presence probability during the optimization
process.

Iil. FINITE-HORIZON ADAPTIVE CONTROLLER

This work proposes a control strategy to adjust the thermostat
set-points of each thermal zone in the residence. By adjust-
ing the thermostat set-points, the control strategy pre-heats
the thermal mass of the residence before peak hours, which
implicitly modifies the energy consumption patterns. More-
over, it utilizes the thermal preferences of the users and the
occupancy predictions to improve the overall performance.
The control strategy has two steps of learning and optimizing
the ESH management. The first step uses an Interpretable
Machine Learning (IML) model to learn the thermal dynam-
ics of the residence using historical data. The second step
employs the results of the IML model and the occupancy
predictions to formulate an optimization problem that mini-
mizes the costs and guarantees the occupants’ comfort within
a finite horizon. Section lII-A explains the learning proce-
dure of the thermal dynamics, and Section I1I-B presents the
optimization formulation of the proposed controller. Another
worth noting feature of the proposed control strategy is the
deployment of an event-based adaptation approach which
allows the re-estimation of control signals when changes in
occupancy states are detected. Section III-C describes the
event-based adaptation method.

A. LEARNING OF THE RESIDENCE THERMAL DYNAMICS
In this work, a linear model based on an equivalent
Resistance-Capacitance network (2RLC) is used to estimate
the thermal dynamics of the house in each thermal zone [43].
Equation (18) presents the energy balance between the heat
flux imposed into the environment by the space heaters and
the thermal losses of the rooms [2].

Te,rl - Tin Tavg - Tin

Cin 7.‘in =
R ext R wl

+ ‘Din + ‘Ddb (18)
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where Tj, is the internal temperature, 7, is the outside
temperature, and Tgy, is the average temperature of the sur-
rounding zones, which allows to account for internal heat
exchange between the house rooms. ®;, is the rated electrical
power consumption of the heating system (applied thermal
flux), and ®4p, are the thermal gains and losses of the room
(e.g., solar gains and air infiltration). The latter have not
been considered in this study. Additionally, C;,, Ry and
R, represent the internal thermal mass, the thermal resis-
tance that isolates the building, and the thermal resistance of
internal walls (thermal zones divisions), respectively. There-
fore, the mathematical expression of the state-space model
for a residence with two thermal zones (»; and 7;) can be
expressed as,

k1 k k
Ting;l ) Ting;l) (Ding;l)
— A +B +c[rd]
k+1) (k) k )
Tingﬂ Tin,ﬂ (Dingn)
(19
where A € R¥!, B € R?>! and C € R'™ are the

parameter matrices that the IML model finds by minimiz-
ing the sum-of-squares loss function between Equation (19)
and the actual measured output ¥ over a set of historical
data.

B. OPTIMIZATION

To maximize the individual welfare of the customers,
a bi-objective cost function is introduced in this study to
perform the optimization process. The first term of the
cost function guarantees the occupants’ thermal comfort,
and the second one minimizes the customer’ payments for
any type of dynamic tariff. Occupants’ thermal comfort is
expressed by the difference between the predicted tempera-
ture )E,."“ (obtained by Equation (19)), and the reference tem-
perature xl."" (preset by the user). Moreover, the occupancy
predictions, ﬂ,."” are used as weights for the comfort term.
This allows the control strategy to guarantee the thermal
comfort of the customers when they are actually present in
a specific room of the residence. Consequently, a seamlessly
integration of the occupancy predictions into the control
strategy, as shown in Equation (20), is achieved using this
formulation.

k+N 2

J(u) = Z Z (,3’.'7“ (E,.”“ — xin”)z - Q,-u,'-"‘) (20)

i=k a=1

In Equation (20), §2; represents the dynamic tariff and u;*
is the predicted power consumption of the ESH. Thereby,
considering the cost function and system constraints, Equa-
tion (21) shows the complete formulation of the optimization
problem.

Maximize J(u)
u
subject to X;11 = g (Xi, uj, wi)

Xi € [Xmin, Xmax |
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u; € [0, tmax]
[Au;| 2 0.25umax
xo = Initial state

ug = Initial state 20

where xmyin and xmax are the possible allowed tempera-
ture interval in the rooms of the house (user-defined),
Umax 15 the maximum output power of the ESHs at each
thermal zone, and |Aw;| denotes the changes in heating
power which is restricted to 25% of wumax with the aim
of avoiding discomfort to users. Equation (21) follows the
rules of Disciplined Convex Programming approach that
ensures the convexity of the formulation. [t guarantees
that if a solution is found, it will be unique and globally
optimal [44].

C. EVENT-BASED ADAPTATION

An event-based adaptation strategy is developed in this paper
to reduce the risk of discomfort to users when unexpected
events occur. This strategy utilizes the changes of the occu-
pancy state detected by the EDHMM as a trigger to re-
estimate control actions. FIGURE 5 shows an example of how
the adaptation process works. The system plans a series of
control actions based on the energy price and the predicted
occupancy probability for the control horizon. Accordingly,
the system seeks to provide a temperature close to the pre-
defined setpoint when the occupancy probability indicates
a high likelihood of presence in the house. However, there
may be cases in which occupants arrive to/leave the res-
idence earlier than expected. These can cause discomfort
since the temperature will be below the predicted value.
Hence, to reduce the users’ discomfort and energy waste,
this work takes advantage of the information provided by
the online occupancy detection system. Accordingly, once an

: W Arrival detected

|
1.0 — ...-
/ H

/ / Expected arrival

0.54

Probability
Current time

0.0 -

23 T8 S
2 Setpoint H

21 1
20 1
19 1
18

Temperature °C

7min

= Detected occupancy === Predicted occcupancy probability

== Control actions === Adjusted control actions

FIGURE 5. Control action adaptation according to occupancy changes
detected.
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FIGURE 6. Architecture of the sensor network deployed.
arrival/departure is detected, the control system automatically TABLE 1. Sensors description.
updates its plan.
Sensor Variable Range Accuracy
IV. DESCRIPTION OF THE CASE STUDY AirLab  CO, 3000 ppm £70 ppm
The EDHMM, the IML model, and the finite-horizon adap- Temperature ~30~70°C < £0.5°C
. I data-driven models. For this rea Relative humidity 0~ 100 % 5% RH
tive controller are data- odels. For this reason, SNZB-03 Motion 0~ 1 NA
the proposed framework uses a network of sensors to monitor SNZB-04 Door/Window contact 0 ~ 1 NA
the environmental variables and the energy consumption of Flexs Q5 Current 4 ~ 20 mA -
Voltage +60V 0.05 mV

appliances. From the collected data, the proposed occupancy
detection and prediction approach are trained and validated.
Moreover, the gathered information is used to tune the ther-
mal model of the house employed on the optimization prob-
lem. Hereinafter, Section [V-A presents the design of the
experimental setup, and Section IV-B describes the perfor-
mance metrics of the study.

A. EXPERIMENTAL SETUP
Occupancy detection systems are mainly based on the deploy-
ment of environmental sensors (e.g., carbon dioxide (COy),
temperature, humidity, and light sensors), specialized devices
(e.g., PIR sensors, smart meters, and cameras), and other
technologies such as WiFi and Bluetooth [13], [45]. Litera-
ture reveals that each of these sensors has unique advantages
and limitations for occupancy detection applications [16],
[46], [47]. Consequently, sensor fusion has been promoted as
an efficient way to leverage the strengths of different sensors
to improve system performance. In this work, information
on CO; concentration, movement, relative humidity, temper-
ature, heating, and lighting consumption are collected. For
this purpose, the sensors network described in FIGURE 6
has been deployed in an apartment located in the province
of Quebec, Canada. TABLE | presents the list of the sensors
used and a brief description of their specifications. Further-
more, FIGURE 7 shows a floor plan of the apartment with the
location of the sensors.

The deployed sensors network leverages the WiFi com-
munication infrastructure already available in place. Mes-
sage Queuing Telemetry Transport (MQTT) and Hypertext
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il &1 @

B Smart thermostat
B Environmental sensor
W DoorWindow sensor
PIR sensor

m Embedded system

5517 Baseboard spaca heater

FIGURE 7. Location of the sensors and the smart hub (Rasperry pi 3 B+).

Transfer Protocol (HTTP) are the main communication pro-
tocols used for data exchange between the devices and
weather data acquisition. Furthermore, Telegraf, Influxdb,
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FIGURE 8. Ground truth occupancy data used for validation.

and Chronograf! are used for collecting the information trans-
mitted through the MQTT broker, time-series data storage,
and as a graphical interface to monitoring the system, respec-
tively. A Python module utilizing the BACnet IP? proto-
col is also used to get information from the environmental
variable sensors. Occupancy app and HEMS app modules,
presented in FIGURE 6, correspond to the occupancy detec-
tion/prediction model and the controller discussed in Sec-
tions II and IlI, respectively. To validate the performance of
the proposed methods, the occupants of the apartment were
asked to fill out a form with the actual occupancy. FIGURE 8
illustrates a portion of the ground truth occupancy data for the
two zones of the apartment.

It should be noted that the proposed experimental setup is
based entirely on open source development tools. Besides,
a container-based infrastructure has been adopted to deploy
the framework on the embedded system. A Raspberry Pi
3 B+ along with the open platform Docker [50] are used in
this regard.

B. PERFORMANCE METRICS
In order to evaluate and compare the performance of the
proposed system, the following metrics have been used.

Mnfluxdb, Telegraf, and Chronograf are all open-source developments of
the Influxdata company, which provide a platform for developing time series
applications [48].

2Building Automation and Control Networks (BACnet) is a data com-
munication protocol for building automation and control networks. In a
BACnet IP network, its devices use the TCP/IP family of protocols for their
commupication [49].
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o Accuracy: This metric is used to quantify the proportion
of correct estimations performed by the model. The
accuracy can be expressed as,

K
| .
ACC =+ k; 2 = @) (22)

where, z; and z; are the estimated and actual occupancy
states sequences, respectively. Moreover, [zx = z;] is a
Iverson bracket, defined by,

R L ifze =z
L& 2 0 otherwise (23)

o Precision and Recall: Precision, also called positive
predictive value (PPV), is the fraction of retrieved posi-
tive instances among all retrieved instances. Recall, also
known as true positive rate (TPR), is the fraction of
positive instances retrieved from all the positive cases.
These metrics can be expressed as,

TP
PPV = —— (24)
TP+ FP
TP
TPR = ——— (25)
TP+ FN

where TP, FP, and FN are the true positives, the false
positives, and the false negatives, respectively.

o F1-Score: This metric is the harmonic mean of precision
and recall, and is approximately the average of the two
when they are close. The Fl-score can be expressed as,

PPV x TPR
X —
PPV + TPR

o MCC: The Matthews correlation coefficient (MCC) is a
balanced measure that can be used even if the classes
have very different sizes. The MCC returns a value
between —1 and +1, where +1 represents a perfect
prediction, 0 no better than a random prediction, and
— I indicates total disagreement between prediction and
observation. This indicator is defined by,

Fr=2 (26)

_ TPXTN—FPxFN
~ J(TP+FP)YTP+FNYTN+FPYIN+FN)
27

MCC

V. SIMULATION AND EXPERIMENTAL VALIDATION

In this section, numerical examples are provided to illus-
trate the performance of the proposed framework. In this
regard, the collected data over three months of cold weather
during 2020-2021 are utilized. Initially, the consistency of
the EDHMM under variations in the input data is eval-
uated through simulation in Section V-A. Afterwards, in
Section V-B, the effectiveness of the proposed occupancy
detection approach and the control strategy is investigated
using an experimental case study.
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FIGURE 9. Occupancy detection accuracy over time - Zone 2.

TABLE 2. EDHMM performance over 200 simulations.

TABLE 3. Performance comparison.

Mean Std Min Max HMM IHMM-MLR  EDHMM
Accuracy 0.958 0.023 0.894 0.971 Accuracy 0.8408 0.9056 0.9573
= Precision  0.963 0.007 0.947 0.979 = Precision 0.9161 0.8772 0.9694
S Recall 0.973 0.033 0.885 0.991 € Recall 0.8166 0.9904 0.9647
N Flscore  0.968 0019 0.915 0.978 N Fl-score 0.8635 0.9303 0.9671
MCC 0.912 0.047 0.781 0.937 Mmcc 0.6804 0.7998 0.9063
Accuracy  0.945 0.013 0.914 0.964 Accuracy 0.8594 0.8787 0.9279
& Precision 0911 0.025 0.876 0.957 o Precision 0.9311 09171 0.8756
g  Recall 0.972 0.017 0.893 0.982 § Recal 0.7669 0.8078 0.9766
N Flscore  0.940 0.013 0910 0.959 N Fl-score 0.8410 0.8590 0.9233
McC 0.898 0.024 0.829 0.927 MccC 0.7279 0.7579 0.8602

A. SIMULATION ANALYSIS

This work uses the Monte Carlo simulation method to gen-
erate 200 synthetic lighting consumption and environmental
variable profiles in order to evaluate the consistency of the
EDHMM. Thus, the in situ data collected by the sensor
network is modeled, assuming they follow a normal distri-
bution. The simulation analysis is carried out for a period
of two months of systematic data. Once the data is gener-
ated, the EDHMM is used to estimate the occupants’ pres-
ence. Then, for each of the simulated scenarios, the model
performance is evaluated using the metrics described in
Section IV-B. TABLE 2 summarizes the obtained results. The
results show that the model efticiency for detecting the pres-
ence of individuals yields an average accuracy of 95.8% and
94.5% over the 200 cases evaluated for zone | and 2, respec-
tively. Furthermore, TABLE 2 illustrates that the difference
between the maximum and minimum performance values
and the standard deviation is slight. This slight difference
confirms the consistency of the model performance under
variations in input data.

B. EXPERIMENTAL VALIDATION

1) OCCUPANCY DETECTION

In order to validate the performance of the proposed
EDHMM, it is compared with two other generative meth-
ods in the literature. The first one 1s an homogeneous
first-order HMM, presented by Candanedo ef al. [17], and
the second one is an in-homogeneous first-order HMM with
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multinomial logistic regression (IHMM-MLR), introduced
by Chen et al. [24]. To perform the validation analysis, this
work utilizes the data collected over a period in which win-
dows and internal doors were usually closed. Furthermore,
in this case study, the system uses a time window of N = 21
days for the learning process, and the occupancy of each zone
is detected at 5S-minute intervals.

TABLE 3 shows the results of the three approaches
under five evaluation criteria. These results illustrate that
among the baseline approaches, the IHMM-MLR has a better
estimation of occupancy states. It can be attributed to the
in-homogeneous character of its transition matrix which cap-
tures the occupancy time-variant dependency. Moreover, it is
seen that the proposed EDHHM outperforms the state-of-
the-art methods under the five criteria, achieving an accu-
racy up to 95.7%. In fact, this improvement highlights the
potential of explicitly integrating the state duration and tem-
poral variability in HMM for applications, such as occupancy
state detection. It should be noted that the number of the
states of the proposed model can exceed two. Accordingly,
the EDHMM can be exploited in other applications, such as
activity detection or the estimation of the number of people
in residential and commercial buildings.

FIGURE 9 shows the EDHMM daily average accuracy for
about two months of data. These findings reveal that for 80%
of the testing days, the model accuracy is higher than 88.5%.
Furthermore, over the analysis period, some outlier days have
been identified in which a decrease in model performance can
be observed. On these atypical days, the EDHMM accuracy
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has been between 75% and 80%. Such findings are expected
since the model has little or no information about these
anomalous patterns in the learning data, making it difficult
to anticipate these sporadic changes in behavior.

2) CONTROL STRATEGY
As presented in Section 11, an occupancy-based control strat-
egy is proposed to control the ESH systems. In fact, for the
considered case study, two electric baseboard heaters with
nominal power of 1.5kW and 1kW are controlled for zone
I and 2, respectively. Moreover, to deploy the proposed strat-
egy, this work uses the Python-embedded modeling language
for convex optimization (CVXPY) [51] combined with the
Splitting Conic Solver (SCS). The latter is selected due to
its suitability to solve very large convex cone programs [52].
Furthermore, this work defines a fixed optimization horizon
of 24 hours with a discrete time-step of 15 minutes.
Occupancy prediction is an nontrivial part of the con-
trol strategy. FIGURE 10 shows an example of the results
obtained by the proposed hazard-based approach and the
Monte-Carlo procedure while using 500 iterations to predict
occupancy. In that figure, the actual occupancy value for
zone 2, the predicted occupancy probability (8) for a 24-hour
horizon, and the uncertainty of the prediction (& + o) are
illustrated. These results show that occupancy probability is
a time series that can take values between 0 and |. How-
ever, due to the binary nature of occupancy, a threshold to
transform occupancy probability values into a binary signal
is often used in the literature [23]. Nevertheless, selecting a
suitable threshold value to minimize the prediction error is
necessary.

- Real -~ Prediction pxo

1.0 ,—
z { /
‘s 0.8 ;
§ 0.6 5 |
a i
S04 gl
c H
@
002
b
a

0.0 - 4 -

Dec 27 Dec 28 Dec 28 Dec 28 Dec 28 Dec 28
20h 0lh 06 h 11h 16 h 21h
Time

FIGURE 10. Zone 2 occupancy prediction.

An analysis to evaluate the impact of the threshold value on
the prediction error is performed. As shown in TABLE 4 and
FIGURE 11, the prediction accuracy is considerably aftected
by the selected threshold value. Furthermore, it is observed
that the RMSE of the predicted presence probability is similar
or even lower than the one obtained by the optimal threshold
value. Consequently, this work uses B to put more or less
pressure on the comfort objective of the cost function.

Furthermore, to validate the performance of the proposed
control strategy, it is compared with an always-on strategy,
which seeks to maintain the reference setpoint at all times,
regardless of whether the room is occupied or not. Besides,
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TABLE 4. Average RMSE of the occupancy prediction.

Average th=0.3 th=0.4 th=0.5 th=0.6 th=0.7
Zone 1 10.81 11.35 10.78 11.68 13.35 15.23
Zone 2 10.03 14.79 12.98 11.27 1028  10.07

20

) ¥

; | 1§
g+ B

Th=04

RMSE

. Average Th=0.3 Th=05 Th=0.6 Th=07

FIGURE 11. Zone 1 occupancy prediction error.

I Cl1{95.5%)

-0.5 0.0 0.5
Temperature °C

FIGURE 12. Internal temperature error distribution when using the
occupancy-based control strategy.

it should be noted that a deterministic control is performed
for this work. However, the uncertainty of the occupancy
prediction and weather variables are not integrated into this
study.

To compare the two control strategies, each of them is
applied for several days in the testing apartment. In order to
make a fair performance comparison, a similar day strategy
1s used. Since the focus of this study is thermal comfort and
the heating system energy consumption, five days on which
the outside temperature maintains a similar daily average (in
this case —1°C) are selected for each of the control strategies.
Likewise, for each of the analysis periods, weekdays and
weekends are included.

TABLE 5 presents the obtained results by the two control
strategies. As expected, the minimum discomfort is obtained
in the always-on strategy. Although the discomfort MAE and
deviation are higher in the proposed OBC strategy, as pre-
sented in FIGURE 12, the internal temperature difference is
less than £0.85°C at 95.5% of the time. This result confirms
that the proposed approach can guarantee people’s comfort.
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TABLE 5. Summary of the results according to the control strategy.

Discomfort (°C) Final cost Cost reduction
_ - = = - Energy (kWh) (CAD) (%)
. (/]
MAE (2, | 29) Variance (z; l 22)
Always-on 0.049 0.185 0.091 0.273 33.51 3.08 0%
OBC 0.095 0.292 0.213 0.419 21.78 2.10 31.8%
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FIGURE 13. Comparison of results without and with occupancy-based optimization strategy.

From TABLE 5, the proposed OBC strategy can reduce
the consumed energy for heating by 31.8%. FIGURE [3(a)
to FIGURE 13(d) depict that these savings are achieved
because the system reduces the room temperature during
periods of absence. Moreover, as shown in FIGURE 13(e) and
FIGURE 13(f), some of the energy consumption is shifted
away from the periods when energy has the highest price.
Therefore, the preheating of rooms is performed when it is
estimated that a period of presence may begin shortly or if
a period of peak cost starts soon. Likewise, the setpoint is
reduced when it is predicted that the occupancy will end in
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a short time. In this way, energy reduction is achieved while
the occupant’s comfort is ensured.

Vi. CONCLUSION

This paper presents an unsupervised online system for auto-
matic occupancy detection and prediction applied to a resi-
dential space heating control scheme. To do so, an EDHMM
is developed for unsupervised online presence detection, and
a hazard-based approach is devised for occupancy predic-
tion. Furthermore, a control strategy based on a weighted
cost function and a load-shifting strategy based on dynamic
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pricing are suggested to enhance the energy and cost
economies. Compared to other similar methods, the strengths
of the proposed EDHMM lie in its unsupervised learning,
the integration of occupancy state duration, and its real-time
capability, which are of prime importance for accurate occu-
pancy modeling and its application in real-life scenarios. The
deployment of the proposed occupancy-based control strat-
egy has resulted in 35% of energy savings and 31.8% of cost
reduction in the analyzed case study. Furthermore, the exper-
imental tests demonstrate that the system has ensured the
thermal comfort of the occupants over 95.5% of the time. It is
worth noting that the experimental setup has been developed
using low-cost embedded systems, open source development
tools, and common communication standards for IoT imple-
mentations to be conveniently replicable and scalable. The
obtained results through simulation and experiments indicate
that the features of the proposed occupancy-based control
strategy regarding the anticipation of the occupants’ presence
and use of a dynamic energy price are highly effective in
proactively managing ESH systems and minimizing the costs
as well as users’ discomfort. Moreover, up to three months
of simulation and experimental results confirm the model
consistency.

In future, it is expected to expand the analysis performed
in this article to a scenario with multiple residences, for
example, a neighborhood. Therefore, it will be essential to
study the design of tariff schemes and identify the number of
customers needed to change the load profile in the distribution
network without creating new peaks.
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4.4 Synthese du chapitre

L’objectif de réaliser une étude approfondie de la littérature scientifique en lien avec les
techniques de la détection et la modélisation de la présence des occupants dans les batiments a
partir des mesures sur place a été atteint par I’article de revue présenté dans ce chapitre. A cet
égard, nous avons proposé une approche non supervisée pour la détection de I’occupation des
logements en utilisant un modele de Markov caché a durée explicite basée sur des données
mesurées sur place. Le modele s’appuie sur les HMM traditionnels, en incluant explicitement
des informations sur la durée a partir de I’utilisation des analyses de survie non paramétriques,
notamment I’ utilisation de la technique de Kaplan-Meier pour estimer les fonctions de survie.
De plus, le modele est non homogene, faisant varier sa probabilité de transition non seulement
en fonction de la durée, mais aussi de I’heure de la journée.

Pour aborder le probleme de I’apprentissage non supervisé€, nous exploitons la forte
corrélation entre les capteurs PIR et la présence humaine. Nous nous basons sur I’hypothése
que la probabilité conditionnelle des événements PIR étant donné I’heure de la journée
converge vers la vraie probabilité d’occupation & ce méme instant sur une longue période
d’analyse. Par conséquent, le profil de mouvement quotidien moyen détecté par les capteurs
PIR converge vers le vrai profil d’occupation quotidien du logement ou de la piece. De plus,
nous utilisons une hypothese de stationnarité, écartant ainsi les effets des saisons, des vacances
et d’autres changements de comportement & long terme. De cette fagon, les informations de
mouvement recueillies par les capteurs PIR sont utilisées pour la génération automatique de
connaissance préalable. Ensuite, ces derniers sont utilisés avec un GMM pour estimer une
premiere séquence d’états d’occupation qui est utilisée pour I'initialisation des parameétres
du EDHMM. Une fois cette initialisation effectuée, une étape d’optimisation basée sur des
méthodes de programmation dynamique est réalisée, en particulier la méthode de Viterbi
est utilisée pour réestimer la séquence d’occupation et ainsi mettre a jour les parametres du
modele.

Une fois I’étape d’ apprentissage complétée, I’estimateur du maximum a posteriori (MAP)
est utilisé pour effectuer la détection en ligne de I’occupation. De plus, un modele basé sur le

hasard est utilisé pour anticiper la présence d’individus sur un horizon de 24 heures, ce modele
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se sert des distributions de durée dérivées de la construction du EDHMM. Les approches
proposées ont €té évalu€es par simulation et expérimentalement, en comparant sa performance
avec d’autres méthodes déja présentées dans la littérature. Il faut noter que le pas de temps
utilis€ pour les analyses de validation était de 15 minutes. Ainsi, avec la proposition du modele
de Markov caché a durée explicite et du modele pour la prévision de |’occupation, le troisieme
objectif de cette thése est atteint.

Par ailleurs, le quatrieme objectif de la thése est satisfait a travers le développement
d’une stratégie de gestion de la demande résidentielle basée sur les prévisions de la présence
d’occupants, pour la gestion des systemes de chauffage par plinthe électrique en tenant compte
d’un prix variable de I’énergie. Les résultats expérimentaux de |’approche proposée mettent en
évidence leur potentiel pour réaliser une gestion prédictive du systeme de chauffage. Ceci est
démontré par la capacité du systeme a préchauffer les pieces lorsqu’une période de présence
est anticipée, ou si le prix de I’énergie est élevé. De méme, la consigne est réduite lorsqu’il
est prévu que I’occupation se termine dans peu de temps. De cette maniere, une réduction de
I’énergie est atteinte tandis que le confort thermique des occupants est respecté.

Enfin, la conception et la mise en ceuvre d’une architecture expérimentale, grace a laquelle

la validation expérimentale des approches proposées a €t€ réalisée sont décrites.



Chapitre 5 - Conclusions et recommandations

Les travaux entrepris dans cette these ont été centrés sur la modélisation du comportement
des occupants, en particulier I’occupation. Notamment, nous avons abordé ce probléme a partir
de deux optiques différentes. La premiere était orientée vers le développement d’un modele
génératif axé sur les applications pour la simulation énergétique des batiments résidentiels.
La seconde portait sur le développement de modeles d’occupation pour des applications de
gestion de la demande dans des environnements réels.

Dans la premiere partie de ce travail, nous répondons au besoin soulevé a plusieurs reprises
dans la littérature de modéliser de maniere réaliste le comportement des occupants dans des
environnements simulés axés sur I’analyse énergétique des batiments. Concrétement, nous
abordons les limites des méthodes existantes dans I’état de I’art, concernant la modélisation
de la dynamique temporelle des profils d’occupation et d’activités, ainsi que leur variabilité
en fonction des caractéristiques de chaque individu. Pour parvenir aux résultats, nous présen-
tons une méthode générative issue de I’analyse statistique bayésienne pour la modélisation
des profils de présence des individus acquis a partir des enquétes d’emploi du temps. Plus
particulierement, dans cette thése nous avons proposé un modele de Markov a durée explicite
dans lequel les probabilités de transition entre les états sont basées sur la fonction de hasard
discrete (fonction de risque) issue des analyses de survie.

De plus, étant donné la variabilité du comportement humaine, les caractéristiques so-
ciodémographiques des individus sont incorporées dans 1'analyse de la durée des états. En
effet, nous avons formulé une approche pour estimer a chaque pas de temps la probabilité
de transition entre les états d’occupation, en la conditionnant non seulement a la durée mais

aussi aux variables calendaires et aux caractéristiques de chaque individu. De cette fagon, une



102

modélisation plus consistante de la dynamique temporelle des profils de présence est effec-
tuée, ce qui est constaté par les résultats obtenus lors de I’analyse comparative avec d’autres
méthodes existantes. Par ailleurs, grace a la nature semi-paramétrique de la méthode proposée,
les résultats de validation ont montré qu’il est possible d’obtenir un meilleur ajustement des
distributions de la durée, par rapport aux autres méthodes de référence de la littérature. Cela
est particulierement évident dans les cas ou les distributions ont une forme multimodale.

Compte tenu de ce qui précede, la méthode proposée s’est avérée étre une alternative ayant
le potentiel de fournir une représentation réaliste des profils d’occupation. Ceci est d’une
grande importance au moment de réaliser par exemple la simulation d’un parc résidentiel, ol
I’hétérogénéité de la consommation énergétique est largement influencée par la diversité du
comportement humain.

La deuxiéme partie de cette these met I’accent sur le défi de modéliser 1’occupation d’un
espace intérieur dans des environnements réels. Pour répondre a cette problématique, nous
avons d’abord effectué une revue détaillée de la littérature scientifique reliée a la détection
et a la modélisation de I’occupation a partir de mesures sur place. Comme résultats, ce
travail nous a permis de contribuer a I’état de I’art a travers un article de revue, qui met en
évidence les avantages, les difficultés, les lecons apprises, les applications et les perspectives
de travaux futurs qui peuvent étre explorés dans ce domaine. De ce fait, le travail réalisé sert
non seulement de référence pour notre travail de recherche, mais aussi pour les personnes
intéressées par le domaine de la modélisation du comportement.

Suite au travail de revue effectué, nous avons axé la suite de la these sur la difficulté
d’obtenir explicitement et en temps réel I’information sur I’occupation d’un espace intérieur,
ainsi que du défi d’anticiper les heures d’arrivée et de départ des individus. Cette partie
du travail est basée sur des mesures in sitiu de ’environnement interne de la maison, de la
consommation électrique et du mouvement des personnes, en tant que mesures indirectes de
la présence et du comportement humains. En conséquence, nous exploitons le potentiel des
chaines de Markov cachées et de 1’analyse de survie comme base pour proposer un EDHMM
qui permet d’effectuer la détection non supervisée de I’occupation. Ainsi, nous présentons
un modele basé sur le hasard pour estimer la probabilité de présence dans un horizon de 24

heures. Le EDHMM proposé effectue I’estimation de I’occupation a partir des observations
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obtenues d’un réseau de capteurs, en conditionnant explicitement a la durée de 1’état actuel
et a ’heure de la journée, les probabilités de transition entre les états. Les résultats de la
validation du EDHMM ont été€ présentés dans la section 4.3 (article 3). Ces résultats montrent
que I'inclusion de la dynamique temporelle (durée et heure de la journée) dans les HMMs
traditionnels est une approche qui a du potentiel pour des applications telles que la détection de
I’occupation. Pour le cas étudié, la performance du EDHMM améliore celle d’autres méthodes
de référence issues de la littérature. De plus, le modele a démontré la consistance de ses
résultats face aux variations de ses variables d’entrée, qui a ét€ validée par simulation sur 200
scénarios synthétiques générés.

Par ailleurs, en s’appuyant sur le travail effectué dans la premiere partie de la these, les
modeles basés sur le hasard sont exploités comme mécanisme pour anticiper la présence
des occupants. Cette analyse est d’une grande importance pour la gestion des systemes de
chauffage, en raison de la dynamique lente de la température intérieure des batiments. En
fonction de ces prévisions, nous proposons une architecture de gestion basée sur I’occupant
pour faire la gestion du systeme de chauffage par plinthe électrique. Ce type de systeme
de chauffage est sélectionné en raison de sa grande importance dans le contexte québécois,
ainsi que de sa flexibilité de controle a partir de thermostats communicants, qui permettent
de moduler la consommation électrique. Les résultats du cas d’étude analysé ont révélé la
possibilité de réduire la consommation d’énergie tout en gardant le confort des occupants
dans un contexte sans sources d’énergie alternatives ni systemes de stockage thermique.
L architecture de gestion a la capacité de déplacer la charge en fonction d’un tarif dynamique,
ce qui pourrait contribuer a la réduction de la pointe de puissance vue par Hydro-Québec.
Cependant, dans un scénario avec un groupe de résidences, une étude sur les profils tarifaires
et la coordination de la gestion des maisons doit étre réalisée a I’avenir pour éviter la création
d’un nouveau pic de puissance.

Une validation exhaustive de chacune des propositions a permis de corroborer leur per-
formance individuellement et dans I’ensemble de I’architecture de gestion. Pour effectuer
cette validation, le systeme de mesurage et de gestion proposé a été installé dans un logement
situé dans la province du Québec, ce qui nous a permis d’obtenir les informations nécessaires

pour effectuer les analyses dans un cas avec des conditions réelles. Nous considérons que ce
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type de développements expérimentaux a faible coit et basés sur des logiciels open source
ont un grand potentiel pour !’ utilisation lors de campagnes de mesurage impliquant plusieurs
ménages.

Ce projet de recherche contribue a une utilisation plus efficace des ressources énergétiques
dans les milieux résidentiels, avec une possible application aux systemes institutionnels, dans

le nouveau contexte des REI et par la voie d’une participation active et automatisée des clients.

5.1 Recommandations

D’apres les résultats et les limites des travaux accomplis, des possibles travaux a venir

dans les domaines reliés a cette these peuvent étre :

e En raison de la nature stochastique du comportement humain et compte tenu du fait
que les méthodes proposées ont été testées dans des études de cas spécifiques, nous
suggérons d’explorer les limites des méthodes proposées. De plus, étant donné la
difficulté d’accéder a des données détaillées provenant d’un nombre représentatif de
clients, ’utilisation de données synthétiques générées par des techniques telles que

Monte-Carlo pourrait étre une alternative.

e Etudes conduisant 2 la proposition et a I’évaluation de nouvelles plate-formes de simula-
tion/cosimulation orientées vers les analyses transactionnelles, incluant simultanément

des modeles comportementaux tels que celles proposées dans le cadre de cette these.

e Développement de programmes permettant la réalisation de campagnes de mesurage
impliquant plusieurs ménages. A travers ces initiatives, il serait possible de valider
Iefficacité des HEMSs qui prennent en compte les préférences et les habitudes des utili-
sateurs, en plus d’autres tendances actuelles du REI comme 1’énergie transactionnelle,

et I’intégration de la blockchain.

e Etudes conduisant 2 la proposition des stratégies pour élargir I’analyse de I’occupation
proposée dans cette these afin de modéliser d’autres composantes du comportement
humain telles que les activités, I’ interaction avec les fenétres et les portes, et les habitudes

de consommation. Ces études sont nécessaires afin de mieux gérer la consommation
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d’énergie tout en assurant le confort et la qualité optimale de I’air intérieur pour les

occupants.

Analyse de la taille optimale de la fenétre d’information a utiliser pour I’apprentissage
des modeles. De plus, afin d’assurer la robustesse dans ’adaptabilité du modele, une
étude des techniques d’adaptation, des mécanismes d’oubli et des stratégies d’apprentis-

sage est recommandée.

Développement des outils permettant I’apprentissage automatique et adaptatif des
préférences des utilisateurs (par exemple, la température de confort désirée), en réduisant
I’utilisation de parametres prédéfinis qui peuvent conduire a des actions de contrdle
susceptibles d’entrainer un inconfort pour les usagers. Cette approche permettrait au
systeme de gestion d’apprendre et de s’adapter en fonction du feedback des utilisateurs,
par exemple dans les cas ou ceux-ci modifient manuellement les actions de controle

estimées par le controleur.

Réalisation d’une étude pour déterminer le placement optimal des capteurs environne-
mentaux, ainsi que des capteurs PIR, afin d’analyser I'impact que cela peut avoir sur les

performances du modele de détection et de prévision de la présence.

Etudes conduisant 2 la proposition et évaluation de stratégies visant a élargir I’approche
de gestion centrée sur I’occupant, en permettant I'intégration d’utilisateurs de type
« producteur/consommateur ». De plus, développez des stratégies de gestion visant
plusieurs charges domestiques importantes telles que le chauffage, le chauffe-eau et
les véhicules électriques, ainsi que I’intégration de technologies telles que le stockage

électrique et thermique.

Il faut noter qu’en raison des contraintes de temps, la performance de la stratégie de
gestion centrée sur I’occupant proposé dans la Section 4.3 n’a été comparée qu’a un
scénario de référence avec une température de consigne constante. Toutefois, il est
recommandé de réaliser une étude comparative avec d’autres cas de référence plus
représentatifs des réglages typiques (p. ex. scheduled setpoints). De cette maniere, la
performance en termes de cofit et de confort de chacune des méthodes pourrait étre

évaluée de maniere plus exhaustive.
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5.2 Annexe

Finalement, au-dela du travail déja discuté dans cette these, I’annexe B présente 1’analyse
du signal de puissance totale et de quelques charges domestiques, a savoir, le chauffage, le
chauffe-eau et I’éclairage. Le but de ce travail est d’identifier les événements récurrents et les
habitudes de consommation des utilisateurs, ainsi que leur relation avec les périodes de plus
forte consommation d’énergie d’une résidence. Les résultats préliminaires de cette analyse
révelent le potentiel de ce type d’approches pour modéliser les habitudes de consommation des
utilisateurs. Cela pourrait contribuer a améliorer I’efficacité des HEMSs, pouvant aussi servir
par exemple a la détection des événements déclencheurs permettant d’anticiper 1’utilisation de
certains appareils ou I’arrivée d’une période de forte consommation d’énergie du résidence.
De plus, une meilleure compréhension du comportement et des habitudes des utilisateurs en
matiere de consommation peut aider les utilités et les distributeurs a mettre en ceuvre des

programmes de réponse a la demande plus efficaces et des services plus personnalisés.
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Annexe A - Systéme de mesurage et de controle déployé

Cette annexe présente des informations complémentaires sur le systeme de mesurage et
I’architecture de contréle utilisée dans cette these. De plus, le formulaire utilisé pour recueillir

les valeurs réelles d’occupation pendant la période d’analyse y est décrit.

A.1 Systeme de mesurage

La FIGURE A-1 montre I’architecture du syst¢eme de mesurage et de controle qui a €t€ mise
en place pour la validation expérimentale réalisée dans cette theése. L’architecture présentée

permet de mettre en évidence chacun de ses composants :

e Capteurs : Le systeme déployé est composé de capteurs PIR, de capteurs d’ouver-
ture/fermeture de portes et de fenétres, ainsi que de capteurs permettant de mesurer des

variables environnementales telles que la concentration en CO,, I’humidité relative et la
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FIGURE A-1 Schéma de I’architecture proposée.
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température intérieure (FIGURE A-2c¢). Un compteur intelligent (FIGURE A-2a) a €gale-
ment ét€ installé pour surveiller la consommation électrique des systemes d’éclairage et
de chauffage. De plus, les thermostats de chacune des pieces ont ét€ remplacés par des
thermostats communicants (FIGURE A-2e), lesquels fournissent des informations sur la
température intérieure de chaque zone thermique et permettent de contrdler a distance

la température de consigne.

Concentrateur (HUB) : Le concentrateur est constitué d’un Raspberry Pi1 3 (FIGURE
A-2e), doté des fonctionnalités suivantes.
— Réalise I’acquisition et le stockage des données mesurées par chacun des capteurs.

Le HUB dispose d’une base de données locale.

— Réalise des requétes aupres du serveur de données météorologiques pour obtenir les

valeurs actuelles et les prévisions de variables telles que la température extérieure.

(c) Capteur AirLab

(d) Thermostat (e) Concentrateur (Raspberry pi)

FIGURE A-2 Photos du montage expérimental.
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— Exécute le modele pour effectuer la détection et la prévision de I’occupation, qui a

été présentée a la Section 4.3.

— Exécute le contrdleur prédictif et envoie les actions de contrdle résultantes a chacun

des thermostats.

— Utilis€ comme une passerelle pour communiquer avec les dispositifs utilisant
le protocole Zigbee, en combinaison avec le module USB CC2531 de Texas
Instruments.

e Interface utilisateur : Elle est composée d’une interface web, a travers laquelle les

utilisateurs peuvent visualiser les données stockées dans la base de données.

e Serveur avec des données météorologiques : Les données météorologiques sont re-
cueillies via la plateforme web Climacell [150]. Elle fournit des informations sur les
valeurs actuelles, les prévisions et I’historique des variables telles que la température

extérieure, le rayonnement solaire, etc.

A.1.1 L’impact des portes et fenétres sur les variables mesurées

L’étude de cas analysée dans cette thése a €t€ réalis€ée dans un appartement comportant
deux zones, le salon et la chambre, lesquels sont séparés par une porte. Une fois le systeme
installé, des tests préliminaires ont €té réalisés afin d’analyser I'impact des portes intérieures
sur les variables environnementales de chaque zone thermique. A titre d’exemple, la FIGURE
A-3 montre une comparaison de la concentration en CO, et I’humidité relative de 1’air dans
chacune des pieces de la résidence. Les figures A-3a, A-3b présentent le cas ol la porte
séparant les zones est laissée ouverte en tout temps, et les Figures A-3c et A-3d montrent le
cas ou la porte est fermée pendant la nuit. Ces résultats révelent que lorsque la porte reste
ouverte, les variables environnementales ne présentent pas de variations considérables tout
au long de la journée, présentant une dynamique similaire dans toutes les zones de la maison.
Cependant, lorsque la porte est fermée, les espaces sont « isolés », ce qui permet de mieux
observer les variations produites par le comportement humain. Par exemple, la FIGURE A-3c
montre I’augmentation de la concentration en CO?2 dans la chambre a coucher pendant la nuit
lorsque les utilisateurs vont dormir, et montre la diminution de la concentration en CO2 dans

le salon lorsqu’il n’y a personne dans la piece pendant cette période de temps.
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FIGURE A-3 Exemple de I’impact des portes intérieures sur les variables mesurées.

Par ailleurs, la FIGURE A-4 montre qu’en laissant les portes intérieures de la maison
ouvertes, il se produit un échange de chaleur entre les zones, ce qui peut a son tour affecter la
consommation €électrique de chaque plinthe chauffante. Cela est illustré par les Figures A-4a,
A-4c et A-4e, ou i1l est évident qu’en gardant la porte ouverte, la plinthe chauffante du salon
n’est pas utilisée pendant la nuit, car la chaleur provenant de la chambre a coucher maintient
une température supérieure a la valeur de consigne du salon. Contrairement a ce qui se passe
lorsque la porte est fermée, ou chacune des plinthes chauffantes doit entrer en fonctionnement
pour maintenir la température de consigne dans sa propre zone.

Suite a cette analyse, pour le travail présenté a la section 4.3, les portes et les fenétres de la
résidence ont €té maintenues fermées la plupart du temps. De cette maniere, |’objectif est de

favoriser I'indépendance entre les variables environnementales de chaque zone de la résidence.
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FIGURE A-4 Exemple de I’impact des portes intérieures sur le systeme de chauffage.

A.2 Modélisation de la dynamique thermique du batiment

Le contrdleur prédictif comporte trois parties essentielles : le modele thermique du bati-

ment, |’algorithme d’optimisation, et la fonction de coiit. Les deux derniéres ont été discutées

en détail dans la Section 4.3 (Article 3), cependant, le développement du modele thermique

mérite quelques clarifications et informations complémentaires, qui sont présentées ci-dessous.

Pour reproduire la dynamique thermique de la maison, un modele linéaire basé sur la
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représentation semi-physique par analogie électrique-thermique de type nRC [151] est utilisé.
Cette analogie permet d’utiliser les notions d’analyse de circuits dans le domaine thermique
de la méme maniere que dans le domaine électrique [118]. Comme illustré dans FIGURE A-5
et formulé sur I’équation (A.l), une analogie de circuit 2R1C est utilisée pour représenter
I’équilibre énergétique entre la chaleur introduite dans I’environnement et les pertes thermiques

des pieces [10].

Y/ 6} db R'wl

A A T
\ Rext

‘I’-m __ Cin,

FIGURE A-5 Circuit équivalent RC de la dynamique thermique des pieces.

; Te - Tin T, vg T'n
CinTin = 2+ 25— 4 Dy + Dy (A1)
Rexr Rwl

ou T;, est la température intérieure, Ty, est la température extérieure, Ty, est la température
moyenne des zones adjacentes, ®;, est la consommation électrique du systeéme de chauffage et
d,, sont les gains et les pertes thermiques de la piece (par exemple, gains solaires, infiltration
d’air, occupation), qui n’ont pas été pris en compte dans cette étude. De plus, Ci,, Rex €t Ry
représentent respectivement la masse thermique interne, la résistance thermique qui isole le
batiment et la résistance thermique du mur interne divisant les zones.

Ensuite, I’expression mathématique du modele d’espace d’état pour une résidence avec

deux zones thermiques (1) et M2) peut étre exprimée comme suit,
k1 k k
Tim(]|+ ) Tim(]l) cbim(]])
—A +B +c| 1l | (A2)

k41
Tim(q-z ) Tim]g ¢ii1‘l]2
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oll A € R¥?, B € R*? et C € R™! sont les matrices de parametres que le modele trouve
en minimisant la norme ¢, au carré entre 1’équation (A.2) et la sortie réelle mesurée Y sur un
ensemble de données historiques.

La FIGURE A-6 montre un exemple des résultats obtenus avec le modele thermique
construit. 11 est évident que le modele est capable de reproduire la dynamique thermique de
la maison. Cependant, il est important de noter que, vu qu’il s’agit d’un modele linéaire, son

application est limitée aux cas ol il n’y a pas de transfert de chaleur par convection forcée.
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FIGURE A-6 Circuit équivalent RC de la dynamique thermique des pieces.

A.3 Formulaire pour collecter la valeur d’occupation réelle du logement

Pour valider le modele de détection de présence proposé dans cette these, la valeur réelle
d’occupation est nécessaire. C’est pourquoi le formulaire présenté dans le Tableau A-1 a été
congu pour que les utilisateurs puissent noter les périodes de présence/absence quotidiennes
dans chacune des zones thermiques de la résidence. La résolution du formulaire est de 15
minutes, ce qui fournit des informations détaillées sur la présence des occupants. La période
de collecte des données s’est déroulée entre décembre 2020 et mars 2021.

Les indications suivantes ont été¢ données aux utilisateurs pour remplir le formulaire :

e Les périodes de présence sont enregistrées comme 1 et les périodes d’absence comme 0.

e La piece est considérée comme occupée si au moins une personne est présente.
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o Il est considéré qu’il y a présence sur la piece pendant un intervalle de 15 minutes
du formulaire si au moins une personne est présente pendant une période égale ou

supérieure a 5 minutes.

Tableau A-1 Formulaire pour collecter la valeur d’occupation réelle du logement

Temps | 20/12/08 | 20/12/09 | 20/12/10 | -~ | 21/03/18 | 21/03/19 | 21/03/20

00 :00h - - ‘ - - - - -
00 :15h - -

00 :30h - - . - - - -
00 :45h - . - - - - .
01 :00h - . - - - - -
01 :15h . - - - - - -

22 :30h : - . . : . .
22 :45h : - - : : : .
23 :00h ! ! . : . : .
23:15h . -

23 :30h . ; ‘ . . - . -

23 :45h - -




Annexe B - Caractérisation du signal de puissance

Cette annexe présente la caractérisation du signal de puissance qui a été réalisé en tant
qu’une étude complémentaire de cette these. Différents travaux tels que [45], [46] et [47] ont
montré qu’en identifiant les habitudes de consommation et la relation entre les différentes
charges domestiques, il est possible de détecter les appareils qui ont un impact plus important
sur la consommation de la résidence, ainsi que de modéliser le comportement des occupants
et leurs variations dans le temps, ce qui peut étre utilis€ pour améliorer I’efficacité énergétique
des logements. A travers cette étude exploratoire, nous utilisons un systéme permettant le
sous-mesurage de la puissance, pour analyser le signal de puissance de certaines charges
domestiques et la puissance totale d’un logement situé a Trois-Rivieres, dans le but d’identifier
les événements récurrents et les habitudes de consommation des utilisateurs. Tout d’abord,
nous analysons le signal de puissance totale, ainsi que les habitudes d’utilisation du systeme
de chauffage, du chauffe-eau et de 1’éclairage. Par la suite, la relation entre les habitudes
d’utilisation des charges domestiques et les périodes de forte consommation d’énergie d’une
résidence sont étudiées en utilisant une analyse de corrélation croisée. Enfin, nous présentons

une approche pour la détection d’éveénements transitoires de charge €lectrique

B.1 Caractérisation du signal de puissance totale

La caractérisation du signal de puissance agrégé est effectuée en suivant un processus
en trois étapes, conformément a la FIGURE B-1. Premiérement, une phase de prétraitement
est effectuée pour améliorer la qualité des données, afin d’obtenir des résultats plus précis
et significatifs. Dans la deuxieme étape, une analyse d’autocorrélation est effectuée pour

identifier des patrons périodiques dans le signal de puissance totale. Finalement, la troisieme



133

étape permet la détection de périodes de forte consommation d’énergie de la résidence en

utilisant une méthode basée sur des filtres a convolution.

Etape 2 —_—
]
Etape 1 I Analyse d'autocorrélation I
(T T N I
\
| ftrai | — _ R
ptotale —| Pretral_tement frane s -
| dusignal e T T \
N / Détection de périodes de |
) I pointe locale I
Ptotale: Puissance totale \ Y

FIGURE B-1  Schéma-bloc de I’approche proposée pour la caractérisation du signal de puissance.

La FIGURE B-2 présente sous forme d’exemple la température extérieure et le signal
de puissance totale de la résidence utilisée pour les analyses effectuées dans cette annexe.
Cette maison est située dans la ville de Trois-Rivieres, Québec, Canada et I’information a été

collectée pendant la saison d’hiver 2017-2018, en utilisant le syst¢eme de mesurage présenté

dans [152].

L e |
’*"w o A
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Pulssance (kW)
Température (° C)
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b
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2018 FIRE: | 018 2018 2018 08

FIGURE B-2 Puissance totale d’une maison réelle pendant la saison d’hiver 2017-2018.

B.1.1 Prétraitement du signal

Premiérement, une étape de détection et de correction des données manquantes a €té
effectuée. Ensuite, tel que proposé part Hart [153], I’équation B.1 est utilisée pour réduire les

fluctuations du réseau électrique et obtenir un signal de puissance normalisé a 120V.

2
Prorm(1) = 120%Y (1) = (%) P(1) (B.1)

ou Y () est I’admittance, P(¢) est la puissance et V(¢) est la tension.
Par Ia suite, une €tape de lissage a été réalisée. Pour cela, Pour cela, une méthode basée

sur I’estimation par noyau est utilisée (Kernel smoothing, en anglais). Cette approche permet



134

de calculer la moyenne pondérée de chaque valeur de signal avec ses voisins. Pour ce faire, le
poids de chaque échantillon est défini par le noyau (K), de telle sorte que les points les plus
proches regoivent des poids plus élevés. Ainsi, le lissage d’une fonction Y est obtenu comme

décrit dans 1’équation suivante :

)’}(x*) — i'V:l K(X*VYI»')Y(XI')
K (xx)

i=1

(B.2)

ol ¥(x*) est le signal lisse, K est le noyau, x; correspond au i¥™ point observé, x*
correspond au point estimé et N est le nombre de points observés.

Dans la littérature, les noyaux les plus populaires utilisés pour le lissage sont les noyaux
paraboliques (Epanechnikov), les tricubes et les gaussiens. Pour ce travail, nous avons utilisé

le noyau gaussien, lequel est défini de la facon suivante :

(x" ——.r-_l2
K(x*,x)=e 2 (B.3)
ou b est I’échelle de longueur de I’espace d’entrée.

La FIGURE B-3 présente le résultat obtenu avec I’étape de lissage pour le signal de

puissance totale d’une journée hivernale.

1190 e Pyjssance réel
= Puissance lisse

Puissance (kW)

11 11 14

Temps

FIGURE B-3 Exemple du résultat obtenu avec |'étape de lissage.

B.1.2 Analyse d’autocorrélation

L’analyse de corrélation croisée est utilisée comme mécanisme pour identifier la relation
entre les variables et leur différence de phase dans le domaine temporel. La corrélation croisée

normalisée (NCC) est défini a partir de I’expression suivante :
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L Si{x+i)-S2(i)

\/ZHS] X2y [T S2(0)?

ou §| et S, sont des séries temporelles de longueur N et x représentent le temps de latence

NCC(x (B.4)

(lag) entre S; et S7.

L’autocorrélation est un cas particulier de 1’analyse de corrélation qui permet de détecter
des patrons périodiques dans un signal [154]. Cette analyse consiste a réaliser la corrélation
d’un signal par lui-méme, ¢’est-a-dire que dans 1’équation B.4, il faut rendre S| égal a S,. La
FIGURE B-4 montre le résultat de I’analyse d’autocorrélation sur deux semaines du signal de
puissance totale de la maison de test. Cette analyse permet d’observer que la consommation
€lectrique présente une périodicité toutes les 12 et 24 heures. La périodicité de 24 heures
indique que le comportement de la consommation €électrique de cette résidence est tres similaire
chaque jour. Quant a la périodicité de 12 heures, elle peut €tre attribuée a la présence de la
consommation de pointe du matin (6h - 9h) et de celle de I’apres-midi (16h - 21h), qui sont les

périodes habituelles avec le plus d’activité dans les maisons.

|
W / \"'\/‘\/\_/\_,\J /\"\./\_/-\_’/\

-12 12
Lag [h]

Coefficient de corrélation

!
gt
§

;

|
[
|
Y

FIGURE B-4  Autocorrélation du signal de puissance totale présenté dans la FIGURE B-2.

B.1.3  Détection des périodes de pointe locale
B.1.3.1 Analyse multi-échelle

Pour ce travail, nous considérerons une période de pointe locale a une plage de temps de
plus de 30 minutes pendant laquelle la consommation d’énergie est supérieure a la moyenne.
Afin d’identifier ces périodes de forte consommation d’énergie d’une résidence, I’ utilisation
d’une analyse de convolution multi-échelle basée sur des noyaux est proposé. Le noyau

sélectionné est I’ondelette de Ricker (chapeau mexicain), et comme présenté a la FIGURE
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B-5, il a été utilisé avec quatre échelles de temps : 30 minutes, 60 minutes, 90 minutes et 120

minutes.

i —— by =30min
- —— by =60min
—— by =90min
0.05 ba =120min
-0.0%

FIGURE B-5 Noyaux multi-échelles utilisés.

De plus, en se basant sur [155], la signal de puissance totale a été normalisé en utili-
sant I’équation B.5. Cette normalisation permet d’éliminer toute composante DC du signal,

produisant un signal couplé AC et normalisé en amplitude avec une moyenne nulle.

(B.5)

ou x est une série temporelle de longueur N — 1 et le dénominateur est la norme 2 du
numérateur.

11 faut noter que lorsqu’on travaille avec des signaux ayant une moyenne égale a zéro, le
résultat de la convolution nous permettra d’identifier facilement les valeurs de consommation
supérieures ou inférieures a la moyenne. La FIGURE B-6 montre le résultat de I’analyse
multi-échelles pour une journée d’hiver de la maison de test. La figure ne montre que des
valeurs de convolution supérieures a z€ro, c’est-a-dire tout ce qui est au-dessus de la moyenne,
car les résultats ont été tronqués. Ces résultats révelent que les échelles de temps plus petites
permettent d’identifier les périodes de consommation élevée de courte durée (événements a
haute fréquence). Cependant, en augmentant I’échelle de temps, les pointes de courte durée
sont éliminées, ne laissant que des événements de basse fréquence, qui peuvent se produire en

raison de I’ utilisation de plusieurs charges a faible ou forte consommation d’énergie.

B.1.3.2 Analyse du début et de la fin des périodes de pointe locale

Une fois I'analyse multi-échelle effectuée, la distribution de probabilité pour qu’une

période de pointe commence ou finisse pendant la journée est déterminé. La FIGURE B-7
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FIGURE B-6 Exemple des résultats obtenus avec I’analyse multi-échelle.

présente la distribution de probabilité pour les échelles de 30 et 120 minutes afin de comparer
leurs résultats.

Dans le cas de I’échelle de 30 minutes (FIGURE B-7a), on observe que la probabilité du
début et de la fin d’une période de pointe est similaire tout au long de la journée. Ce résultat
est dii au fait que I’échelle de 30 minutes permet d’identifier les périodes de consommation
élevée de courte durée, qui peuvent €tre présentes a tout moment de la journée en raison de
charges telles que le chauffe-eau. Cependant, pour les résultats de 1’échelle de 120 minutes
(FIGURE B-7b) on observe qu’entre 4h et 6h du matin il y a une forte probabilité d’avoir le
début d’une période de forte consommation d’énergie. De plus, il est évident que cette période
de pointe du matin peut &tre prolongée jusqu’a 8h ou 10h.

Par ailleurs, on peut aussi identifier la présence d’une période de pointe dans I’apres-midi,
qui commence vers 14h - 16h et peut continuer jusqu’a 19h ou 21h. Ce résultat présente une
concordance avec les périodes de pointe définies par Hydro-Québec [20], qui indique que les
pointes quotidiennes se produisent le matin entre 6h et Sh et a la fin de la journée entre 16h et
20h en fonction de grand nombre de clients actifs dans les logements. Pour cette raison, pour
la suite de ce travail, nous avons décidé d’utiliser les résultats obtenus avec 1’échelle de 120

minutes comme référence pour les périodes de pointe locale.



138

msm Début des périodes de pointe s W Début des périodes de pointe

Probahilité
Probabilite

000l ' i ﬁ I o001
o.0ac 2 0.000 ——

W= Fin des périodes de pointe

Probabllite
Probabliité

Ton oL 02 03 o4 4 07 OB 09 1D 1L 12 13 14 15 18 47 18 19 20 21 22 1)
Tamps

(a) Résultats pour I’échelle de 30 minutes. (b) Résultats pour I’échelle de 120 minutes.

FIGURE B-7 Distribution de probabilité pour le début et la fin des périodes de pointe obtenues
avec ["échelle de 30 minutes et 120 minutes.

B.2 Analyse de charges domestiques

Au Québec, le chauffage électrique des espaces et de I’eau sont des charges affectant
considérablement le profile de consommation d’électricité des résidences. Par ailleurs, bien que
[’éclairage ne représente qu’environ 5% de la consommation totale d’'un ménage [156], ceci
est un charge fortement li€e a la présence et au comportement des occupants. Par conséquent,

I’analyse des habitudes d’utilisation de ces trois charges est présentée ci-dessous.

B.2.1 Chauffage des espace et éclairage

Pour identifier les patrons d’utilisation du chauffage et de 1’éclairage, la méme méthodo-
logie présentée dans la section B.1 est utilisée. Ainsi, on commence par appliquer I’analyse
de convolution basée sur des noyaux pour identifier les périodes de la journée ou la demande
d’énergie est la plus élevée. Un exemple des résultats obtenus avec cette analyse peut €tre
observé a la FIGURE B-8.

Ensuite, les moments de début et de fin de chacune des périodes de forte consommation
sont identifiés. Avec ces événements, les distributions de probabilité sont ensuite calculées,
permettant ainsi de connaitre les moments de la journée et la durée pendant laquelle les charges
sont plus sollicitées. D’un coté, les Figures B-9a et B-9¢ montrent que le chauffage des espace
a une consommation d’énergie importante et récurrente entre 4-5h et 8-9h, qui peut étre li€e au

moment de la journée ol les personnes se réveillent et augmentent la température de consigne



139

)
)
L
E a
i
0.68
= Analyse de convolution
A5
0.23
i 5
00 o1 o2 o1 o4 05 08 07 pE 09 10 1 12 13 1 1516 17 B 1w m on 2
Temps
(a) Résultats de I’analyse de la consommation de chauffage des espace.
= 030
$ 025
!. 020
E 015
i o0
& oos
Q.00 -
431
= Analyse de convolution
034
01
o P\

00 o 7] 03 o4 a5 o8 or a8 o9 10 1 12 13 1 15 16 17 18 1% 10 2 22 n
Temps

(b) Résultats de ’analyse de la consommation de d’éclairage.

FIGURE B-8 Exemple des résultats obtenus avec |’analyse de convolution.

pour maintenir le confort thermique. De plus, le soir, vers 21-22h, une réduction de I’ utilisation
du chauffage est évidente, ce qui peut étre attribuée a une réduction de la température de
consigne pendant la période ou les gens dorment. D’un autre coté, les Figures B-9b et B-9d
montrent que I’ utilisation de I’éclairage est clairement liée a la période de présence et d’activité
des personnes dans la résidence (entre 5 h et 21 h). Par ailleurs, la relation de ce systeme
avec les périodes d’obscurité de la journée est évidente, ce qui se reflete par une fréquence

d’utilisation plus élevée le soir ou tot le matin.

B.2.2 Chauffe-eau

Parmi la répartition de la consommation d’énergie dans le secteur résidentiel du Québec,
les systemes de chauffage de I’eau représentent environ 17 a4 20% de la consommation[156],
[157]. Le chauffe-eau €lectrique est le systeme de chauffage de I’eau le plus utilisé au Québec
et I'une des charges électriques les plus énergivores dans les maisons canadiennes apres le

chauffage des locaux [158].
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FIGURE B-9 Distribution de probabilit€ pour le début et la fin des périodes de plus forte demande
d’énergie pour le chauffage des espace et I’éclairage.

B.2.2.1 Détection des événements

En raison de la nature résistive du chauffe-eau et de sa forte consommation électrique,
il s’agit d’une charge relativement facile a identifier. Pour cette raison, tel que présenté a la
FIGURE B-10a, la détection de ses événements transitoires de connexion et de déconnexion
a été effectuée a partir d’une analyse basée sur la dérivée de son signal de puissance. De
cette facon, il est possible d’identifier les variations soudaines de puissance, lesquelles sont
comparées a une valeur K constant, afin de déterminer si le transitoire détecté correspond a

I’un des événements recherchés.

Détection des évenements

AP,

O

Mombire d'echantiilons

On
P Détection des j
WH transitoires
| APy
- k.
Py, Puissance de chauffe-eau ) " puissance !
(a) Schéma-bloc de I’approche proposée. (b) Histogramme des valeurs de puissance.

FIGURE B-10  Approche proposée pour la détection des événements du chauffe-eau.
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La sélection du constant K s’effectue en fonction de I’analyse de la distribution des valeurs
de puissance (FIGURE B-10b). Selon I’histogramme obtenu on observe que la puissance
prend des valeurs comprises entre 0 et 5000 w, en observant deux grands groupes, I’un avec
une consommation inférieure a 1000 w et I’autre supérieure a 4000 w. Alors, parce que la
consommation du chauffe-eau ne prend pas une grande nombre de mesures intermédiaires, K
est choisi égal a 3000. Un exemple de résultats obtenus a partir de cette approche de détection

d’événements est présenté a la FIGURE B-11.
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FIGURE B-11 Détection des événements du chauffe-ecau.

A partir d’événements détecté, il est effectué une analyse de la durée des états de fonc-
tionnement du chauffe-eau («on-off»). La FIGURE B-12a permet voir que la durée de I’état
«on» se trouve généralement entre 5 et 11 minutes, cependant, des périodes de fonctionnement
plus prolonges sont possibles comme conséquence d’une utilisation intensive de I’eau chaude.
Par contre, la FIGURE B-12b révele que 1’état «off» a une durée qui, dans la plupart des cas,
prend des valeurs allant jusqu’a | heure et demie. Néanmoins, il peut aussi y avoir des cas ou

le temps de repos est plus long.

Erob
Probatiiite

W ANE 4N WY LTH 1307 LT e
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(a) Durée de 1’état «on». (b) Durée de I’état «off».

FIGURE B-12 Analyse de la durée des états de fonctionnement du chauffe-eau.

De plus, I'influence du moment de la journée sur I’utilisation du chauffe-eau a été analysée.
Pour ce faire, la durée moyenne des états de fonctionnement du chauffe-eau pendant chaque

heure de la journée est calculée. Les résultats de la FIGURE B-13b montrent qu’a 6 heures du
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matin, la durée de I’état «off» du chauffe-eau diminue, ce qui signifie que la consommation
d’eau chaude dans la maison augmente. De méme, la FIGURE B-13a indique que la période
d’utilisation plus intensive de I’eau chaude se situe entre 16 et 21 h, ce qui se reflete dans

[’augmentation du temps de fonctionnement du chauffe-eau.
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(b) Durée moyenne de I'état «off» pendant la journée.

FIGURE B-13  Analyse de la durée des états de fonctionnement du chauffe-eau pendant la journée.

Par ailleurs, de la méme facon que dans les sections précédentes, I’analyse de convolution
est utilisée pour identifier les périodes de plus forte consommation d’énergie du chaufte-eau.

La FIGURE B-14 montre les distributions de probabilité résultant de cette analyse.
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(a) Début des périodes de forte demande d’énergie. (b) Fin des périodes de plus demande d’énergie.

FIGURE B-14 Distribution de probabilité pour le début et la fin des périodes de plus forte
demande d’énergie pour le chauffe-eau.
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B.3 Analyse de corrélation croisée entre les habitudes de consommation

Dans cette section, le but est d’identifier 1a relation entre les habitudes d’utilisation des
charges domestiques et les périodes de plus forte consommation d’une résidence. Pour ce faire,
nous effectuons une analyse de corrélation croisée entre la probabilité d’avoir le début d’une
période de forte consommation et le début de chacun des événements de charge identifiés.

Les résultats de cette analyse, présentés a la FIGURE B-15, nous permettent d’identifier
que le début des événements de forte consommation de chauffage des espace est directement
corrélé au début des périodes de pointe de la résidence. De plus, il est relevé que le début
d’utilisation de I’éclairage et le chauffe-eau est décalé d’environ 30 minutes et | heure,
respectivement. Cela signifie que ces appareils commencent a étre utilisés plus souvent peu

apres le début de la période de pointe.

w=== Chauffage === Chauffe-eau = Eclairage

a
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FIGURE B-15 Analyse de corrélation croisée normalisée.

La littérature montre que les données des compteurs intelligents fournissent de nombreuses
informations sur les comportements et les modes de vie des consommateurs en matiere de
consommation d’électricité [159]. En fait, tel que présenté dans cette annexe, la caractérisation
et le profilage de la consommation des charges domestiques et de la consommation totale
du logement est une approche ayant le potentiel pour extraire et modéliser des informations
sur le comportement et les préférences des utilisateurs. Par ailleurs, ce type d’analyse met en
évidence la possibilité d’identifier la relation existant entre I’utilisation des appareils ménagers.
Cela constitue une alternative pour anticiper la demande ou pour aider les utilités et les
distributeurs a mettre en ceuvre des programmes de réponse a la demande plus efficaces et des

services plus personnalisés.
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B.4 Détection des événements de charge électrique

La détection des évenements de charge électrique est une étape importante pour la sur-
veillance non intrusive des charges (NILM, pour Non-intrusive load monitoring) et la modéli-
sation des habitudes de consommation. Pour le cas de NILM, Hart [153], [160] a été le premier
a montrer comment les changements échelonnés (step-like changes) présents dans le signal de
consommation d’énergie électrique peuvent étre utilisés pour distinguer les appareils [161].
Cependant, pour le cas de la modélisation comportementale, tel que discuté précédemment
dans cette annexe et dans la littérature scientifique, a partir de I’analyse du signal de puissance
et la détection des évenements de charge électrique, il est possible d’extraire des informations
reliées aux préférences de consommation et du comportement des occupants [45]. De cet fait,
une analyse exploratoire sur la détection des événements transitoire a été réalisée. Ce travail

est présenté sous la forme d’un article scientifique, comme précisé ci-dessous.
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Abstract—Detailed information about load behavior and
home’s occupancy is important to implement Home Energy Man-
agement Systems (HEMS) capable of reducing energy consump-
tion while maintaining user comfort. This is why Non-intrusive
Appliance Load Monitoring (NIALM) and Non-intrusive Occu-
pancy Monitoring (NIOM) have an important role to play in
the new context of smart grid. This paper shows the imple-
mentation of two algorithms for transient event detection and
classification, which is the first key step of a NIOM process.
The first method employs Wavelet transform for the feature
extraction and Artificial Neural Networks for the classification
problem. The second method is based on the theory of Matched
Filters to achieve the transient event detection and classification.
Experiments permitted to validate the proposed methods using
a dataset of occupied residential building.

Index Terms—Non-intrusive load monitoring, Non-intrusive
Occupancy Monitoring, Artificial Neural Networks, Wavelet,
Matched Filters, Home Energy Management.

1. INTRODUCTION

Electricity service is a fundamental factor in modern eco-
nomic activity [1]. The electric grid is radically evolving and
transforming into the Smart Grid (SG), which is characterized
by improved energy efficiency and manageability of available
resources [2].

The Smart Grid is a modern power grid that permits bi-
directional communication between energy providers and con-
sumers, the integration of distributed energy resources and the
electric vehicles, real-time demand response and monitoring
of consumers’ energy usage behavior [2], [3].

Energy management (EM) systems, often integrated with
home automation systems, play an important function in the
control of home energy consumption and enable increased
consumer participation. These systems provide to consumers
information about their energy consumption patterns and help
them to adopt energy-efficient behavior [2].

In this new paradigm, the management of residential power
consumption is one of the most interesting alternatives to
permit the balance of demand and production. Thus, the
concepts of Demand Side Management (DSM) and Home
Energy Management (HEM) appear and take relevant places
in research and development efforts of academia and industry.
The implementation and success of such programs depend
on advanced knowledge of the loads characteristics and their
utilization. Thus the modeling and prediction of their behavior
could be an important support for DSM and HEM. In this

978-1-5090-6684-1/18/$31.00 ©2018 IEEE

trend, researchers and industry worked over the last decades
looking for efficient and non-intrusive load monitoring and
identification techniques [4], [5].

Non-intrusive Appliance Load Monitoring is a concept,
which takes an important role in the new context of smart grid.
This idea, with origins in the early 1980s [4] and continuously
evolving can support the implementation and enhance the
performance of Demand Response and Home Energy Manage-
ment strategies. NIALM comprises at least two main parts: the
modeling of loads and the load disaggregation from the total
power. Traditional approaches perform the modeling task from
measurements of each load to obtain individual signatures
that are employed after for disaggregation. However, it might
be more convenient to obtain the models from the global
power measurement and perform the load disaggregation in
an adaptive manner.

In the same way, occupancy detection could be an efficient
tool to favor energy savings in building [6]. Most current
approaches for monitoring occupancy are intrusives, typically
requiring the deployment of multiple environmental sensors
or other dedicated devices [7]. Recent research looks for
Non-intrusive Occupancy Monitoring using electricity data
from smart meters to infer or detect occupancy in residential
buildings and to improve the energy efficiency and reduce
energy consumption [8].

Event detection is important for the occupant detection
and modeling. From the power consumption information, it
is possible to identify some events that trigger a series of
activities that require a characteristic energy consumption
(energy consumption profile). Following this, a good detection
of events and a proper identification of the consumption
profiles will make possible the development of an accurate
occupancy model. This later allows us to anticipate the demand
of energy in the residence and to improve the performance of
residential management systems.

This article shows the comparison between two methods
used for transient event classification. This comparison allows
to identify the advantages and disadvantages of each approach.
The first method is based on Wavelet decomposition and
Artificial Neural Network (ANN) and the second method is
based on Matched Filters. These approaches can be employed
to build the models of residential loads from the aggregated
measure of power consumption at the electric board panel
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level. This models will enable the real-time Non-Intrusive
Load and Occupancy Monitoring (NILM and NIOM) [7], [9].

The structure of this paper is organized as follows: Section
IT gives an overview of event detection approaches used for
NILM in literature. Section III explains the methodology
of the event detection approaches and their implementation.
Section IV shows the experiments and results of the proposed
approaches. Finally, Section V presents the conclusions of the
researh.

[I. RESEARCH BACKGROUND

Hart was the pioneer in the work of NILM [4], [9]. He
was the first to show how step-like changes present in the
power consumption signal can be used to distinguish between
appliances [10]. Our interest in this paper is the events
detection and classification as the first step for the modeling
of occupancy, energy consumption and load utilization in a
residence.

After the work realized by Hart, in the literature, it is
possible to find different event detection approaches. These
publications have been classified by categorizing the ap-
proaches into four categories: 1) Expert Heuristics, 2) Proba-
bilistic approach, 3) Transversal filters approach and 4) Other
approaches.

1) Expert Heuristics: In the Expert Heuristic method, the
changes of power consumption signal in steps enable us to
detect the electrical appliances corresponding to these changes
[11]. In this methodology, the first step of the algorithm is
set the pre-event window and the post-event window. After
that, the average value of power consumption samples in the
two windows is calculated. Then, the absolute value of the
difference between average value of power consumption in the
pre-event window and post-event window is calculate. Finally,
the difference value is compared to pre-determined threshold
values (z) for the on and off power changes associated with
each appliance. If the difference is larger than the z, an event
is detected [10], [11].

2) Probabilistic approach: The problem of detecting abrupt
changes in time series data is known as change detection
[10]. In the literature, there are many techniques that have
been applied to the problem of detecting events in power
signals. A comparative study of event detection methods is
presented in [11], that paper provides a comparison between
a statistical approach, namely Goodness-of-Fit (GoF) and a
Expert Heuristic method. In [12] a Generalized Likelihood
Ratio (GLR) approach is introduced, that approach, calculates
a “decision statistic from the natural log of a ratio of proba-
bility distributions before and after a potential change in mean
value”. Similar methods are proposed in [10] and [13].

3) Transversal filter approach: Transversal filter or
Matched filtering is a process for detecting the presence of
a known piece of signal (mask) in the unknown signal [10].
Transients are identified by matching events in the incoming
aggregated power stream to previously defined transient sig-
natures (start-up or turn-off transients of different appliances).
The work related in [14] presents the details of a transient

event detection algorithm based on transversal filters approach
that identifies turn-on transients by examining spectral en-
velopes. This same approach was used for the works presented
in [15] and [16].

4) Other approaches: In the literature it is possible to find
other different approaches for event detection. For example,
the classification of different transient appliances based on
the utilization of Stockwell Transform (S-Transform) and
Support Vectors Machines (SVM) has been investigated in
[17]. In [18] a grid-based clustering algorithm is utilized in
order to segment the power signals into transient and steady-
state sections. Also, in [19] the Wavelet Transform (WT) is
employed to analyze and detect the transient physical behavior
of loads during the load identification. Finally, in [20] it is
possible to see a last example. In that work the WT is used
to identify simpler electrical consumption patterns as a part of
total consumption curve.

[II. EVENT DETECTION IMPLEMENTATION
A. Data-set

To evaluate the performance and robustness of the studied
approaches, we used the sub-metering system presented in [21]
as a tool for data collection. Fig. | presents the architecture
of the sub-metering system. In the proposed architecture, two
main parts can be differentiated: an embedded and electronics
part and a microprocessor and software part.

Fig. 1. Simplified diagram of proposed sub-metering system [21].

For this work, we used one electricity load data-set (time
resolution of 10 samples per second) of ten (10) different
weeks from an occupied house in Trois-Rivieres (Canada).
The data-set is divided into three non-overlapped subsets as
detailed in Table 1. The training subset is used for feature
selection, training of the ANN and to calculate the template
for the Matched Filters. The validation subset is used to verify
the performance of the ANN during training and also it is used
to stop the training if the validation error increases or does not
change for 10 consecutive epoch in order to selecting the best
setting of the ANN. In the same way, the tests’ subset is used
to generalize the classification and to evaluate the classification
accuracy with a different data set than the one used for training
and validation [21].

TABLE 1
DIVISION OF THE DATASET.

Training subset |  Validation subset

70% of the
ficst three weeks

| Tests® subset

The last seven
weeks

30% remaining
of the first three weeks
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In the literature, there are different ways to perform the sig-
nature extraction. However, in this work, the events of interest
are identified from the sub-metering information obtained with
the system presented in [21] and [22]. For the classification,
we identified the events of interest and then we extracted a
window of 300 samples for each event as illustrated in Fig. 2.

| k|
1
|

Window

Fig. 2. Selection of the windows of each event.

B. Wavelet Neural Network (WNN)

The methodology used for the implementation of this
method is shown in Fig. 3.

[RefrigeratorJ

.

Water
heater

Wavelet Wavelet

Feature | Feature
selection selection

Trafned NN

—

Fig. 3. Methodology used for the implementation of Wavelet Neural Neiwork.

1) Discrete Wavelet Transform (DWT): 1t allows to decom-
pose the signal into a set of low frequency components called
approximations and high frequency components called details.
The approximations represent the general trend of the signal;
the details represent irregular fluctuations [23].

D1,2

Fig. 4. DWT multlevel decomposition tree.

DWT can be implemented efficiently by repeated filtering
of the signal to build a multilevel decomposition tree. Fig.
4 shows the DWT decomposition tree until depth 3. At
each level [ the approximation A is further decomposed to
approximation and details at level [ + 1, while the details D
are not decomposed.

For the DWT decomposition we used the Haar wavelet as
mother wavelet defined by (1). This is a wavelet commonly
used for the analysis of signals with sudden transitions, such as
monitoring of tool failure in machines and electrical transients.
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Once the DWT decomposition tree has been obtained, it
is necessary to identify the approximations and details that
contain the most important information for the analysis to be
performed. In the literature, there are different cost functions
that we can use to select the best DWT decomposition sub-
tree: 1) entropy [23], 2) ' norm [24], 3) logarithm of energy
[25] and 4) the rate-distortion framework [26].

For this article, the first detail (D) and the last approx-
imation (A3 1) were arbitrarily selected to continue with the
implementation of the method. Fig. 5 shows the components
Az and D 5 obtained from the DWT decomposition for a
refrigerator connection window. For future work, the analysis
and comparison of the different ways to select the best DWT
decomposition sub-tree will be carried out.

2000 A3

1500 -
1000

500

0 50 100 150 200 250 300

100 k =il
1 1
- 100 !
i
- 200 ‘
. . , : .
0 50 100 150 200 250 300

Fig. 5. DWT decomposition for a refrigerator connection window.

2) Feature selection: Feature selection is the process of
choosing a small set of informative variables that are necessary
and sufficient for accurate event classification {23]. Appropri-
ate feature selection is one of the critical factors for successful
prediction and has been an active area of research [27].

In this study the features used for the classification are
shown in Table I[. The feature selection is conducted sepa-
rately for each wavelet component.

3) Classification model: Artificial neural networks (ANNs)
are computing systems inspired by the biological neural net-
works that constitute animal brains [28]. ANNs are suitable
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TABLE 11
SELECTED FEATURES FOR EACH WAVELET COMPONENT.

Wavelet Feature Feature
Component  number description
Fl Standard deviation
A3l F2 Maximum power
! F3 Variance
F4 Skewness
F5 Standard deviation
F6 Maximum power
D12 F7 Variance
F8 Skewness

as they can model complex linear and non-linear relationships
between the predictor variables and the target variable, and
can learn these relationships from examples, instead of fitting
a model based on prior assumption about the input-output
relationship [23].

We used a multi-layer perceptron neural network with one
hidden layer as depicted in Fig. 6 for the event classification.
The NN has eight (8) input neurons, corresponding to the
features from Table II, and four (4) outputs neurons, corre-
sponding to the results of classification for the four (4) events.
The number of neurons in the hidden layer is set to ten (10).

Water heater ON
Water heater OFF
Dryer ON

Refrigeratar ON

Fig. 6. Result of training and validation of the ANN.

As training algorithm we employed the Momentum algo-
rithm and the error function used was the Mean Squared Error
(MSE). The ANN training process stops when there is no
improvement in the error of validation during 10 consecutive
epochs or if the error of validation increases for 10 consecutive
epochs or a maximum number of 1000 epochs is reached.

C. Matched filters approach

In signal processing, a matched filter is equivalent to con-
volving the unknown signal with a conjugated time-reversed
version of a template. The matched filter will maximize
the signal-to-noise ratio (SNR) in the presence of additive
stochastic noise [29].

Fig. 7 shows the methodology used for the implementation
of this method.

Average | Average
template template

v v

el e
{normalization * * *|normalization
Time |..... Time
reversed reversed

Fig. 7. Methodology used for the implementation of Matched Filters

1) Template extraction: We manually identify all templates
in the training and validation subsets and then we calculate an
average template as illustrated in Fig. 8.

(a) Templates (b) Average template

Fig. 8. Example of the calculation of the average template.

2) Normalization. Normalization is important to avoid
adding DC components to the signal. An “AC coupled” and
normalized version of the template, can be computed as:

z }i_ Z{V-nlal’l (2)
[fe—% " =il

where the denominator in (2) is the 2-norm of the numerator
[14]. Thus, T,0rm 1S a unit length vector with zero mean (Fig.
9a). After that, it is necessary to calculate the time-reversed
version of the normalized version of the template (Fig. 9b).

Lnorm =

(a) Template normalization (b) Time-reversed

Fig. 9. Example of the normalized and time-reversed template.

3) Classification model: For the classification, it is neces-
sary to do the convolution into the input signal with a time-
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reversed version of all four templates simultaneously (Fig.
10). After that, the results of the convolution are compared
to the better fitting. Notice that, the maximum value among
the results corresponds to the better match between the input
and the filter.

Fig. 10. Classification model with the Matched filters approach.

IV. EXPERIMENTS AND RESULTS

The Fig. 11 shows the result of the training and validation
of the ANN. In order to avoid neural network overfitting, at
the end of each epoch, the validation database is used to verify
that the new ANN architecture is working properly. We can see
that the validation error decreases during the whole training
process and because of this the training is only stopped at the
last epoch.

1.6 4 — Training error
Validation error |

-
|
|

Training
stopped

Training error (MSE)
©
'
'
[
'
'
i
1
'
¥
L}

094

0 500 1000
Epoch number

Fig. 11. Result of neural network training.

To verify the performance of the methods studied, a first
validation with the original data is performed. Then, to verify
the robustness of the classifiers methods, random white noise
with a normal (Gaussian) distribution is added to the tests’
subset (Fig. 12) and a new event classification is performed.

Fig. 13 shows the results of the classification (confusion
matrix) obtained with the tests’ subset. Figs. 13a and |3b show
the results of the classification using the original raw data. The
results in Fig. 13c and 13d are obtained after adding white
noise to the tests’ subset (Fig. 12).

The Fig. 13a shows an 99.45% of accuracy in the classifi-
cation with the Wavelet Neural Network approach. Likewise,
with the Matched Filters approach an accuracy of 99.33% was

(a) Template normalization (b) Time-reversed

Fig. 12. Information with White Noise.

obtained (Fig. 13b). A total of 2547 events were used for
validation.

The results obtained with the noisy signals shows that under
the Wavelet Neural Network approach the accuracy decreases
to 96.89%. This is due to the fact that the template of the dryer
connection is very similar to the template of the refrigerator
connection, which causes the mistakes in the classification.
(Fig. 13c).

Similarly, Fig. 13d shows that with the noisy signals the
accuracy of Matched Filters approach decreases to 98.74%. In
this case, the confusion between the dryer connection and the
refrigerator connection is less than with the Wavelet Neural
Network approach.

V. CONCLUSIONS

This paper shows the comparison between two different
methods used for the classification of transient events as the
first step to build a model of occupancy and residential loads
from the aggregated measure of consumption at the electric
board panel level. We described the step by step process for
the implementation of the two approaches and the validation
was done using a laboratory test bench and data of occupied
residential building.

Comparison of experimental results with the original data
shows that Wavelet Neural Network approach and Matched
Filter approach provide similar performance (99.45% and
99.33% of accuracy respectively). However, the results ob-
tained with the experimental database with noise show that
although the number of errors increases with the two methods
analyzed, the classification is better with Matched Filter ap-
proach (98.74% of accuracy). Nevertheless, in both cases the
accuracy of classification remains higher than 96.89%.

With the wavelet analysis it is possible to break down the
signals into different frequency components, which allows a
deeper analysis of the signals and also makes possible to
extract discriminant parameters that allow the classification
of events in an easier and precise way. Also, Matching Filter
is an interesting technique that it is easy to implement and it
is also possible to parallelize. Which allows to increase the
calculation speed with less complexity compared to ANNs.

The utilization of detailed information of power consump-
tion makes possible to perform deeper analysis of the ap-
pliances behavior utilization. Also, the sub-metering system
permitted the implementation of the methods analyses in this
paper, in order to achieve on-line experimental validation.
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True labes

Confusion malnx Confusion matny

Water hastes ON o g e Water heater ON
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(a) WNN approach

Pradicrad labe

(b) Matched filters approach

(c)
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WNN approach with noise ~ (d) Matched filters approach with
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Fig. 13. Results of the classification.

ACKNOWLEDGMENT

This work was supported in part by the Laboratoire des
technologies de I'énergie (LTE) d’Hydro-Québec, the Natural
Science and Engineering Research Council of Canada and the
Fondation UQTR.

(1}

2]

3]

[4]

[5]

[6

{7

(8l

19

[10]

[11]

L2

(131

REFERENCES

S. Tatsa and M. en Economique, “Modélisation et prévision de la con-
sommation horaire d’électricité au québec,” Master’s thesis, Université
Laval, 2013.

S. Aman, Y. Simmhan, and V. K. Prasanna, “Energy management
systems: state of the art and emerging trends,” /EEE Communications
Magazine, vol. 51, no. 1, pp. 114-119, 2013.

W. Tushar, C. Yuen, B. Chai, S. Huang, K. L. Wood, S. G. Kerk, and
Z. Yang, “Smart grid testbed for demand focused energy management in
end user environments,” J[EEE Wireless Communications, vol. 23, no. 6,
pp. 70-80, 2016.

G.W. Hart, “Residential energy monitoring and computerized surveil-
lance via utility power flows,” /EEE Technology and Sociery Magazine,
vol. &, no. 2, pp. 12-16.

S. B. Leeb, “A conjoint pattern recognition approach to nonintrusive load
monitoring,” Ph.D. dissertation, Massachusetts Institute of Technology.
1993.

G. Tang, K. Wu, J. Lei, and W. Xiao, “The meter tells you are at home!
non-intrusive occupancy detection via load curve data,” in Smart Grid
Communications (SmartGridComm), 2015 IEEE International Confer-
ence on. IEEE, 2015, pp. 897-902.

D. Chen, S. Barker, A. Subbaswamy, D. Irwin, and P. Shenoy, “Non-
intrusive occupancy monitoring using smart meters,’ in Proceedings
of the 5th ACM Workshop on Embedded Systems For Energy-Efficient
Buildings. ACM, 2013, pp. 1-8.

W. Kleiminger, C. Beckel, T. Staake, and S. Santini, “Occupancy
detection from electricity consumption data,” in Proceedings of the Sth
ACM Workshop on Embedded Systems For Energy-Efficient Buildings.
ACM, 2013, pp. 1-8.

G. W. Hart, “Nonintrusive appliance load monitoring,” Proceedings of
the IEEE, vol. 80, no. 12, pp. 1870-1891, 1992.

K. D. Anderson, M. E. Bergés, A. Ocnecanu, D. Benitez, and J. M.
Moura, “Event detection for non intrusive load monitoring,” in J[ECON
2012-38th Annual Conference on IEEE Industrial Electronics Society.
[EEE, 2012, pp. 3312-3317.

C. C. Yang, C. S. Soh, and V. V. Yap, “Comparative study of event
detection methods for non-intrusive appliance load monitoring,” Energy
Procedia, vol. 61, pp. 1840-1843, 2014.

D. Luo, L. K. Norford, S. R. Shaw, and S. B. Leeb, “Monitoring hvac
equipment electrical loads from a centralized location—-methods and field
test results/discussion,” ASHRAE Transactions, vol. 108, p. 841, 2002.
M. Berges, E. Goldman, H. S. Matthews, L. Soibelman, and K. Ander-
son, “User-centered nonintrusive electricity load monitoring for residen-
tial buildings,” Journal of computing in civil engineering, vol. 25, no. 6,
pp. 471480, 2011.

[14]

[15]

[16]

[17]

(18]

[21])

[22]

(23]

[24]

[25]

[26]

1271

[28]

[29]

837

S. Leeb, S. Shaw, and J. K. Jr, “Transient event detection in spectral
envelope estimates for nonintrusive load monitoring,” /EEE Transactions
on Power Delivery, vol. 10, no. 3, pp. 1200-1210.

S. R. Shaw, S. B. Leeb, L. K. Norford, and R. W. Cox, “Nonintrusive
load monitoring and diagnostics in power systems,” /EEE Transactions
on Instrumentation and Measurement, vol. 57, no. 7, pp. 14451454,
2008.

C. Laughman, K. Lee, R. Cox, S. Shaw, S. Leeb, L. Norford, and
P. Armstrong, “Power signature analysis,” /EEE power and energy
magazine, vol. 99, no. 2, pp. 56-63, 2003.

Y. Jimenez, C. Duarte, J. Petit, and G. Carrillo, “Feature extraction for
nonintrusive load monitoring based on s-transform,” in Power Systems
Conference (PSC), 2014 Clemson University. IEEE, 2014, pp. 1-5.
K. S. Barsim, R. Streubel, and B. Yang, “An approach for unsupervised
non-intrusive load monitoring of residential appliances,” in Proceedings
of the 2nd International Workshop on Non-Intrusive Load Monitoring,
2014.

H.-H. Chang, “Non-intrusive demand monitoring and load identification
for energy management systems based on transient feature analyses,”
Energies, vol. 5, no. L1, pp. 4569-4589, 2012.

F.-J. Ferrdndez-Pastor, J.-M. Garcia-Chamizo, M. Nieto-Hidalgo,
V. Romacho-Agud, and F. Fldrez-Revuelta, “Using wavelet transform
to disaggregate electrical power consumption into the major end-uses,”
in International Conference on Ubiquitous Computing and Ambient
Intelligence.  Springer, 2014, pp. 272-279.

C. Guzman, L. Rueda, G. Romero, S. Biscans, K. Agbossou, and
A. Cardenas, “Enabling winter behavior analysis on electrically heated
residential buildings by smart sub-metering,” 2018 IEEE International
Conference on Industrial Technology (ICIT), pp. 1213-1218, 2018.

A. Cardenas, K. Agbossou, and C. Guzmdn, “Development of real-time
admittance analysis system for residential load monitoring,” in /ndustrial
Electronics (ISIE), 2016 IEEE 25th International Symposium on. 1EEE,
2016, pp. 696-701.

M. Rana and I. Koprinska, “Forecasting electricity load with advanced
wavelet neural networks,” Neurocomputing, vol. 182, pp. 118-132, 2016.
L. Brechet, M.-F. Lucas, C. Doncarli, and D. Farina, “Compression
of biomedical signals with mother wavelet optimization and best-basis
wavelel packet selection,” IEEE Transactions on Biomedical Engineer-
ing, vol. 54, no. 12, pp. 2186-2192, 2007.

M. V. Wickerhauser, “Lectures on wavelet packet algorithms,” in Lecture
notes, INRIA. Citeseer, 1991.

K. Ramchandran and M. Vetterli, “Best wavelet packet bases in a rate-
distortion sense,” [EEE Transactions on Image Processing, vol. 2, no. 2,
pp. 160-175, 1993.

I. Guyon and A. Elisseeff, “An introduction to variable and feature
selection,” Journal of machine learning research, vol. 3, no. Mar, pp.
1157-1182, 2003.

F. B.-M. Verleysen and F. BLAYO, “Les réseaux de neurones artificiels,”
Presse Universitaire De France, 1996.

J. C. Bancroft, “Introduction to matched filters.” CREWES Research.
2002.



