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Abstract

Simulation tools support engineers to size Heating, Ventilation, and Air Conditioning
(HVAC) systems and optimize the building design. It is proved that occupant behaviors
are important to explain the discrepancy between simulated and actual energy
consumption. Better information on the occupant activities might reduce this gap.
Recently, many scientists have focused on modeling occupants’ activities to improve
the performance of the simulation. Though, an activity is affected by the context in
houses, which gives the information to fully understand this activity. To address this
question, stochastic approaches were proposed with statistical data to model activity
profiles based on household characteristics (building type, income, etc.). Nevertheless,
their outputs only provide average information based on different contexts (locations,
appliances, etc.). Thus, they are not specific and are unverifiable for particular
houses. The agent-based approach is another way to model, in a contextualized
manner, the occupants’ behaviors in houses. It has been developed to satisfy occupant
needs. However, the agent-based approach is challenging to implement in households
with many members due to their numerous interactions. Data-based models with
measurements have also been proposed to estimate occupant activities. They aim
to determine the systematic relationships between variables using machine learning
techniques. Due to the measurements, the context is considered. However, most
of these models are not analytical and they do not provide occupant-understandable
explanations. The problem tackled by this thesis is to use data from a given context,
which comes from sensors and questionnaires, to estimate contextualized occupant
activities (cooking, sleeping, taking a shower, etc.) and their related energy impacts.
The necessary features for the estimation should be determined to reduce data noise
and save the instrumentation budget. Activity estimations should consider the context

to have more precise results. These approaches must be verifiable and provide
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understandable information for inhabitants to help them enhance their behaviors in
order to reduce energy consumption. In this thesis, a mobile application has been
developed to collect labels of activities from the occupants. These labels have then
been combined with the data from sensors and the context information of the house to
detect and simulate occupants’ activities and their related energy impacts. The proposed

method focused on three steps:

e estimating occupant activities with sensors, the context, and the activity labels.
It starts by determining the most relevant features for the activity estimation.
Then, a consequences-based Bayesian Network is built using context factors and
the knowledge coming from observations and questionnaires which are given to
occupants to ask about their activities. Two houses have been used for testing.
Cross-validation and F1-score are used to evaluate the model quality. The results
show that it could estimate several activities (cooking, washing dishes, washing

clothes, etc.) with the F1-score from 0.77 to 0.88.

e evaluating the energy impacts of occupant activities with a set of sensors,
knowledge, and activity labels. The thesis focuses on the effects of activities on
electricity consumption. A Bayesian Network is built for each activity to evaluate
its impacts on electricity consumption. The model has been tested with several
activities in the studied houses. To validate, the model compares statistically the

electricity consumption between activities and between the weekdays.

e simulating occupant activities and their energy impacts, which is particularly
useful in the building renovation. Results from previous models are re-used
and combined with Monte-Carlo simulation to simulate sequences of occupants’
activities and their associated electricity consumption. Comparisons between
simulated and actual electricity consumption of appliances are made to verify the

model quality.

Keywords : occupant activity modelling, building energy simulation, Bayesian

Network, machine learning, contextualized occupant activity, instrumented dwellings.
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Résume en francais

Depuis la révolution industrielle au milieu du XVIII® siecle, parallelement au
développement des applications de haute technologie, I'influence des activités humaines
sur 'environnement, et en particulier sur le climat, a considérablement augmenté. La
production de gaz a effet de serre (GES) a augmenté de 260 % depuis 1750. L’émission
accrue de GES tels que le CO, par la combustion de combustibles fossiles est a 'origine
du déreglement climatique de la planéte, I'un des problemes les plus graves auxquels
le monde est confronté aujourd’hui. Alors que la consommation d’énergie représente
plus de 80 % des GES mondiaux, en Europe, les batiments résidentiels en représentent
plus de 25 % en 2018, d’ou la nécessité de réduire la consommation d’énergie dans les
batiments résidentiels. Les outils de simulation aident les ingénieurs a dimensionner
les systémes Chauffage Ventilation Climatisation (CVC), a optimiser la conception
d’'un batiment et a améliorer son efficacité énergétique. Cependant, la performance
énergétique d’'un batiment n’est pas seulement influencée par ses caractéristiques
physiques mais aussi par les impacts des occupants a travers leur présence et leurs
activités. Ces impacts sont considéres a chaque phase d’un projet de construction
ou de rénovation, depuis les premieres esquisses jusqu’a I'exploitation. En phase de
conception, dans la plupart des cas (y compris pour l'outil réglementaire), des scénarios
horaires de température de consigne et d’occupation des locaux sont pris en compte
pour décliner les profils types de puisage d’eau chaude sanitaire et d’utilisation des
appareils électroménagers, d’éclairage artificiel, d’ouverture des volets, etc. Cependant,
le retour d’expérience montre souvent une différence considérable entre les valeurs
prédites et la consommation réelle. Il s’avere que I'impact des occupants est I'un des
principaux facteurs expliquant cet écart. Une meilleure information sur les activités
des occupants pourrait améliorer les performances des outils de simulation énergétique

et réduire cet écart. Récemment, en plus d’améliorer 'enveloppe du batiment, des
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efforts ont été faits pour améliorer les systemes de gestion et de contréle de I'énergie
dans les batiments résidentiels en considérant les activités des occupants comme faisant
partie du systéme. L’objectif n’est pas seulement de réduire la consommation d’énergie
mais aussi de satisfaire le confort des occupants. Il est donc crucial de modéliser
les comportements des occupants et leurs impacts sur la performance énergétique du
batiment.

Dans cette thése, les activités des occupants sont définies comme ce qu'une personne
ou un groupe fait ou a fait dans un certain endroit pendant un certain temps.
Actuellement, de nombreux scientifiques s’attachent a modéliser ces activités afin
d’améliorer les performances des outils de simulation énergétique. Initialement, les
scénarios des activités sont programmés et définis pour chaque zone thermique. Ces
scénarios sont déterminés sur la base de conditions standard ou d’une analyse statistique
des observations. Cependant, ces scénarios sont reproductibles pour de nombreux
ménages alors que leurs caractéristiques (membres, type de batiment, professionnel,
etc.) sont différentes. Par conséquent, ils ne sont pas assez adaptés pour modéliser
'activité des occupants avec sa diversité. L’activité d’'un occupant peut en effet étre
affectée par le contexte dans les maisons, qui fournit 'ensemble des circonstances
environnantes qui peuvent étre utilisées pour caractériser la situation de cette activité
(Henricksen et Indulska, 2005; Xuan Hoa Binh et al., 2010). Par exemple, une famille de
quatre personnes cuisine différemment d’'une famille d'un seul membre. Une personne
peut dormir plus longtemps le week-end qu’en semaine.

Pour prendre en compte ces informations, de nombreuses études utilisent des
modeles stochastiques basés sur des données statistiques telles que les enquétes sur
I'emploi du temps. Dans ces modeles, les profils d’activité sont modélisés en fonction
des caractéristiques générales du ménage (membres, type de batiment, occupation,
etc.). Ces profils sont ensuite utilisés pour reproduire et simuler des scénarios d’activité.
Cette approche, facile a mettre en ceuvre grace a la disponibilité de données statistiques,
a permis de résoudre le probleme de la prise en compte de la diversité des ménages.
En conséquence, les modeles stochastiques sont devenus 'approche la plus populaire
de modélisation des activités ces dernieres années. Cependant, les résultats actuels de
ces modeéles fournissent des informations moyennes basées sur diverses maisons dans

des contextes différents (pays, emplacements, habitudes des occupants, appareils, etc.)
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Ainsi, les informations contenues dans les modeles stochastiques sont un mélange de
données, qui sont invérifiables pour un batiment spécifique dans un contexte particulier.

L’approche basée sur les agents est une autre facon d’étudier les interactions
occupant-batiment et occupant-occupant par le biais d’agents auto-organisés, qui
agissent pour atteindre leur confort prédéfini. Ces modeles sont développés pour
satisfaire les besoins des occupants dans des maisons spécifiques afin que le contexte soit
intégré dans le processus de décision pour réaliser des activités. Cependant, 'approche
basée sur les agents est tres complexe et difficile a mettre en ceuvre dans les ménages
composés de nombreux membres en raison de leurs interactions rapidement complexes.
En outre, la diversité des caractéristiques, de la personnalité et des habitudes entraine
la difficulté de définir le confort des agents, qui est un facteur important dans les
systemes a base d’agents. En outre, des modeles basés sur des données mesurées ont été
proposés pour reconnaitre les activités des occupants. Cette approche vise a déterminer
les modeles et les relations systématiques entre les variables connexes en utilisant
des techniques d’exploration de données et d’apprentissage automatique. Grace aux
données mesurées, elle permet de surmonter les limites de 'approche stochastique dans
la vérification et ’évaluation des modeles. Cependant, la plupart de ces modeles ne sont
pas analytiques et ne fournissent pas d’explications compréhensibles aux occupants. En
outre, les résultats de ces modeles sont déterministes, de sorte qu’ils ne tiennent pas
compte de la diversité des activités des occupants. En outre, la dépendance totale aux
données rend cette approche difficile a intégrer avec les connaissances d’experts, qui
sont utiles pour de nombreuses estimations d’activités avec des données limitées.

Le probleme abordé par cette these est de déterminer et de traiter les données
d’'un contexte donné, provenant de capteurs et de questionnaires, qui pourraient
étre utilisées pour estimer les activités des occupants (cuisiner, dormir, se doucher,
etc.) et leurs impacts énergétiques dans une maison spécifique, qui sont utiles dans
la simulation énergétique et les bilans énergétiques. Les variables requises et leurs
caractéristiques utiles pour l'estimation doivent étre déterminées pour réduire les
capteurs redondants et économiser le budget d’installation. Les estimations d’activité
doivent prendre en compte le contexte spécifique pour rendre les résultats plus précis et
spécifiques. Ces approches d’estimation sont vérifiables et fournissent des informations

compréhensibles, ce qui est utile aux habitants pour comprendre leurs activités et
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ensuite améliorer certaines activités inefficaces afin de réduire la consommation
d’énergie et d’améliorer leur confort dans la maison.

Pour répondre aux objectifs ci-dessus, outre les mesures, il faut collecter les
information des activités des occupants. Cependant, cette tache est difficile dans les
logements en raison de la politique privée. Ainsi, dans cette theése, une application
mobile a été développée pour collecter les étiquettes d’activité des occupants. Ces
étiquettes sont ensuite combinées avec les données des capteurs et les informations
contextuelles de la maison pour détecter et simuler les activités des occupants (cuisiner,
dormir, se doucher, etc.) et leurs impacts énergétiques, notamment en termes de

consommation électrique. La méthode proposée se concentre sur trois étapes:

1. Estimer l'activité des occupants a l'aide de plusieurs capteurs, du contexte et
des étiquettes d’activité recueillies auprés des occupants. Cette étape commence
par déterminer les caractéristiques les plus liées a l'activité. Ensuite, un modele
basé sur la connaissance est construit a partir des données des capteurs, de la
connaissance experte de l'activité et du contexte a partir de I'observation et du
questionnaire, qui est remis aux occupants pour les interroger sur leurs activités.
Il s’appuie sur le réseau bayésien pour modéliser I'activité d'un occupant avec
des relations probabilistes de cause a effet basées sur un réseau défini basé sur
les conséquences. Le réseau bayésien est choisi car ses parametres sont faciles a
comprendre et ses résultats sont probabilistes, ce qui est nécessaire pour prendre
en compte la diversité des activités des occupants. Deux batiments résidentiels
en France avec des activités différentes ont été utilisés pour le test. Pour vérifier
la qualité du modele, une validation croisée avec la métrique du score F1 est
utilisée pour évaluer la précision du modele. Les résultats montrent que le
modele est capable d’estimer certaines activités (cuisine, vaisselle, lessive, soins
personnels, etc.) avec un score F1 de 0,77 a 0,88. Pour analyser les profils
d’activité estimés, une comparaison statistique entre les profils d’activité estimés
et observés. Les résultats montrent que le modele peut étre utile pour déterminer
les profils d’activité dans des maisons spécifiques, ce qui est utile dans le processus

de vérification de performance énergitique des batiments.

2. Lorsque l'on considere les activités des occupants, outre les heures et les durées,
leurs influences sur les consomations énergetiques du batiment doivent étre
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prises en compte. La deuxiéme tache de cette these est d’évaluer les impacts
énergétiques des activités des occupants sur le batiment a I'aide d’'un ensemble
de capteurs, de contextes et d’activités collectées. La these se concentre sur la
consommation d’électricité induite par les activités des occupants. Les appareils
dépendants d’une activité sont déterminés sur la base des connaissances recueillies
aupres du ménage. Ensuite, un modele d’utilisation est construit pour chaque
activité des occupants afin de déterminer et d’évaluer comment les occupants
utilisent les appareils électriques pour mener cette activité dans la maison. Le
modele a été testé avec plusieurs activités dans les maisons étudiées. Plus
précisément, le modele compare et évalue la consommation d’électricité entre les
activités et entre les jours de la semaine. Pour valider la méthodologie, I'électricité
utilisée par les appareils a été reproduite et simulée avec les étiquettes d’activités
observées. La comparaison entre cette simulation et la mesure montre que la
méthodologie est utile pour déterminer 1’électricité consommeée par les appareils
dans les activités des occupants. Cependant, la qualité du modele n’est pas
constante lorsque les données d’entrainement sont limitées ou que les occupants

effectuent des changements de comportement dans l'utilisation des appareils.

. Pour rénover des batiments, des simulations énergétiques sont généralement
utilisées pour estimer leur performance énergétique actuelle et pour étudier des
stratégies de rénovation. Afin d’améliorer les performances de ces simulations
dans des logements spécifiques, il est nécessaire d’utiliser des activités des
occupants contextualisées plutot que des activités représentatives issues de
modeles statistiques. Ainsi, cette tache vise a simuler les activités des occupants
et leurs impacts énergétiques, notamment sur la consommation d’électricité
domestique dans des ménages spécifiques. Dans ce travail, les résultats des
modeles précédents sont réutilisés et combinés avec une simulation de type Monte
Carlo pour simuler les séquences d’activités des occupants et leur consommation
d’électricité sur une longue période. En particulier, les profils d’activité sont
déterminés a partir du modele d’estimation des activités. Ces profils sont
utilisés pour prédire l'information des activités des occupants. Une fois ces
activités déterminées, le modele d’utilisation des appareils est utilisé pour simuler

I'électricité utilisée par chaque appareil dans cette activité. Différentes activités
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ont été utilisées pour la validation dans les études de cas. L’électricité consommée
par les appareils impliqués dans les activités est simulée sur une longue période.
Ensuite, ces résultats sont comparés aux mesures pour vérifier la performance du
modele. Il est démontré que la méthodologie proposée est utile pour simuler la
consommation électrique des appareils dans des maisons spécifiques. Cependant,
cette méthode est limitée dans le traitement des changements d’habitudes des
occupants dans l'utilisation des appareils, changements pouvant intervenir dans

le temps ou dépendre de la saison.

En résumé, la méthodologie proposée comprend trois modeles pour aborder différents
sujets liés a la modification d’activités contextualisées des occupants dans les batiments
résidentiels. Premiérement, un modele d’estimation des activités basé sur un réseau
bayésien est proposé pour estimer les activités des occupants a partir des données des
capteurs et du contexte de la maison. Ensuite, un modele basé sur les conséquences est
proposé pour chaque activité afin de prédire la consommation électrique des appareils
liés a cette activité. Enfin, les deux modeles ci-dessus sont combinés pour simuler les
activités des occupants et leurs impacts énergétiques, ce qui pourrait étre utile dans la
sélection des stratégies de rénovation des batiments. Cette méthodologie a été mise en
ceuvre dans des études de cas spécifiques, et les résultats montrent que la méthodologie
peut estimer plusieurs activités des occupants dans les logements et prédire 1’électricité
consommeée par les appareils associés. En outre, en analysant les données antérieures
sur les activités des occupants et leurs effets sur 'environnement, les scientifiques
pourraient fournir un retour d’information et des recommandations aux occupants pour
qu’ils améliorent certaines de leurs pratiques. De cette facon, ils pourraient a la fois

réduire leur consommation d’énergie et améliorer leur confort dans les batiments.

Keywords : modélisation de l'activité des ménages, simulation énergétique des
batiments, réseau bayésien, l'apprentissage artificiel, l'activité contextualisée des

occupants, batiment résidentiel instrumenté.
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Introduction

Context

Since the Industrial Revolution in the mid-18" century, along with the development
of high-technology applications, human activities have had dramatically increase in
influence on the environment, especially climate. Productions of greenhouse gases
(GHGs) has risen by 260% since 1750 (Julia, 2012). The increased emission of
GHGs such as CO2 concentration via the combustion of fossil energy, results in global
warming, one of the most serious issues that the world is facing today. To tackle
these issues, the European Union (EU) has formulated targets for 2020 since 2012.
By 2020, the GHGs emission in the EU should be reduced by 20% from 1990 levels
and 20% of primary energy consumption should be saved (Directive Parliament, 2012).
Recently, in 2016, the target of the reduction of GHGs emissions was set to 45%, and
the reduction of primary energy consumption was targeted to be at least 30% by 2030
(European Commision, 2016). While energy consumption accounts for over 80% of
global GHGs, in Europe, residential buildings contribute more than 25% of them in
2018 (Eurostat, 2018). It leads to the necessity of reducing energy consumption in
residential buildings.

To deal with it, European Commision (2015) stated that the goal of reducing energy

consumption in buildings could be achieved by three main approaches:

e Concerning building’s envelopes: building envelopes, or shell, innovative building
materials, components, and designs of buildings.

e Dealing with building installations: Smart energy monitoring and management
systems (EMMS) for heating, cooling, ventilation, and other systems can be used
in new constructions or renovated buildings.

e Taking into account renewable energy technologies: Nearly-zero—energy buildings
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take advantage of renewable energy technologies.

There is a wide range of technologies that can be used in each of these approaches.
For example, using a combination of optimal design techniques to minimize heat gain
in summer and heat loss in winter, using passive heating and cooling techniques
or using daylight to reduce lighting needs. However, there is still potential for
enhancing these approaches because building performance is not only influenced by
its physical characteristics but also governed by occupant activities (Jia et al., 2017). In
recent years, efforts have been made to improve the EMMS in residential buildings
by considering occupant activities as a part of systems. The goal is to not only
reduce energy consumption but also satisfy human comfort in buildings. For example,
occupants’ locations help HVAC systems determine which zone needs heating/cooling.
The lighting systems could work efficiently with occupants’ presence and their activities
such as sleeping, cooking.

Building energy simulation is a useful tool to optimize building’s envelopes. During
the building design phase, energy simulations can be repeatedly performed to support
architecture in sizing HVAC systems and selecting building elements. To renovate
an existing building, energy simulation tools can be used to verify its current energy
performance and to evaluate impacts of potential retrofitting actions.

However, despite the development of building energy performance simulation,
there is still a significant difference between simulated and actual energy consumption
in residential buildings. Many scientists believe that occupant activities are major
factors in explaining discrepancies between simulated and actual energy consumption
in residential buildings. Better information on occupant activities might improve the
performance of energy simulation tools and reduce this gap (Guerra-Santin et Itard,
2012; Julia, 2012; Hong et al., 2017). On the other hand, by analyzing energy impacts
of occupants’ activities, we could give feedback and recommendations to occupants.
This information is useful for occupants to reduce energy consumption and improve
their comfort.

In summary, modeling occupant activities is useful in many applications such as:

e Energy Performance Verification: it is an essential task in renovating existing

buildings. To achieve it, energy simulations are performed to assess current



building conditions. Occupant activity models can contribute useful information
to these simulations.

e Simulation during design phase: energy simulation tools are helpful to predict
building energy performance in the design phase. Occupant activity models can
give useful information to improve the accuracy of these simulations.

e Energy monitoring and management systems (EMMS): objectives of EMMS are
to satisfy occupants’ comforts and reduce energy consumption. To work properly,
the EMMS can not neglect occupants’ activities. For example, it is wasted energy
for turning on light when nobody is at home. Therefore, modeling occupants’
activities is useful to these systems.

e Energy feedback, recommendation: investigating occupants’ activities and their
energy impacts are helpful to enhance occupants’ awareness and recommend

better practices to them.

Recently, many scientists have been focusing on modeling occupants’ activities
to improve energy simulations (Page et al., 2008; Tanimoto et al., 2008; ?; Vorger,
2014; Aerts et al., 2014). In the beginning, fixed schedules of activities were used
popularly but these scenarios were applied for households with different characteristics
(members, type of building, professional, etc.). To consider characteristics, stochastic
models with statistical data have been proposed to model occupant activities and their
energy impacts. This approach is convenient to implement and consider the diversity
of households due to the availability of statistical data. However, this approach aims to
model representative activities of similar households and their results are not specific
and are not verifiable.

To deal with these issues, data-based models with measurement have been proposed
to study occupants’ activities. This approach aims to determine patterns and systematic
relationships between related variables using data mining and machine learning
techniques. These models are specific to particular households so that their results
are verifiable. However, most of these models are black-box, they do not provide
human-understandable explanations. In addition, they are deterministic models so
that they do not consider the diversity of occupants’ activities. Multi-agents is another
popular approach to consider interactions between occupants and buildings. This

approach is developed to satisfy human needs. This approach can work well with
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specific households and its outputs are easy to understand. But, this approach is too

complex and difficult to implement in the case of households with many members.

Problematic

The primary objective of this research is to establish a methodology to generate
estimators and simulators of human practices in specific dwellings. It aims to contribute
in particular to improvements of not only energy simulations but also energy feedbacks
in residential buildings. These estimators and simulators must be verifiable and
understandable, which are limited in existing approaches.

In this thesis, following works are focused on:

A) estimating contextualized occupants’ activities with a set of basic sensors, context
information and activity labels collected from occupants. Necessary sensors
should be detected for the reduction of redundant sensors. Finally, estimated
results should be compared to observed labels to validate model accuracy. This
model is presented in chapter 5.

B) estimating energy impacts of contextualized occupants’ activities with a set of
basic sensors, context information, and activity labels collected from occupants.
Results should be compared to measurements for model verification. This model
is presented in chapter 6.

C) simulating contextualized occupants’ activities and their energy impacts, which
are useful in building renovation. Simulated results should be compared to

measurements for validation. This model is presented in chapter 7.
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1.1 Energy consumption in residential buildings

1.1.1 The important role of residential buildings in energy

consumption

The residential buildings sector plays a crucial role in energy consumption. Households
consume energy to achieve various purposes and satisfy occupants comfort in buildings.
In Europe, a survey examined by Eurostat (2018) showed that the residential buildings
contribute more than 26% of the total final energy consumption in 2018 (see figure 1.1).
Therefore, the sector of residential buildings is a major lever to reduce energy
consumption.

Final energy consumption by sector, EU-27, 2018
(% of total, based on tonnes of oil equivalent)

Agriculture
and forestry ~ Other (%)
29% 0.5 %
Services
14.2 %

Transport
30.5 %

Industry
25.8 %

Households
26.1 %

(") Data on “international aviation” are not included in

category Transport and hence are included in the category

“Other”.

Source: Eurostat (online data code: nrg_bal_s) eu rOStat m

Figure 1.1 — Final energy consumption by sector in EU, 2018 (Eurostat, 2018)



1.1.2 Energy and human practices in residential buildings

Recently, many studies have examined the factors that have significant influences on
energy consumption in residential buildings (Page et al., 2008; Janda, 2011; Eurostat,
2020). They are interested in understanding more precisely the energy consumption
phenomena to address the major problems resulting in wasted energy in residential
buildings. In literature, Eurostat (2020) mentioned five major categories of energy use

in residential buildings:

e Space heating and space cooling: that is the energy required to balance
the thermal gains (HVAC systems, solar gains, internal gains, etc.) and losses
(ventilation, transmission, infiltration, etc.). The purpose is to maintain occupants
in comfortable indoor conditions (temperature, humidity, etc.).

e Domestic hot water: that is the energy required to heat water to a comfortable
temperature for the occupant.

e Cooking: that is the energy required to support occupants during cooking (gas,
electricity consumption of fridge, robot, microwave hot plates, etc.).

e Lighting and electrical appliances: that is the energy required to operate
the electrical appliances, which could be used for different purposes such as
entertainment, study (computer, TV, etc.), and artificial lighting.

e Other end uses: that is the energy required for another end uses.

Specifically, a field study made by Eurostat (2020) shows that in 2018, in residential
buildings in Europe, the final energy for space heating and cooling takes up more than
64% of the total energy consumption. The remaining energy is mostly for domestic hot
water heating (14.8%), specific electricity (14.1%) of plug load, lighting and cooking

(6.1%). This distribution is shown in figure 1.2.



Final energy consumption in the residential sector by use, EU-27,
2018

Lighting and ~ Other end uses

appliances 1.0 %
141 %

Cooking
6.1 %

Water heating
14.8 %
Space heating

63.6 %
Space cooling
0.4 %
Source: Eurostat (online data code: nrg_bal_c) eu rOStat -

Figure 1.2 — Energy consumption by end-use in residential buildings in Europe
(Eurostat, 2018)

The demand for saving energy encourages scientists to improve energy efficiency in

residential buildings and reduce energy consumption in these end-uses.

1.1.3 Energy efficiency in residential buildings

Energy efficiency aims reducing the amount of energy consumed while maintaining or
improving the quality of services provided in buildings. European Parliament (2010)
defined nearly zero-energy building (nZEB) as a standard for reaching energy efficiency
in buildings: "a building that has a very high energy performance. The nearly zero or very
low amount of energy required should be covered to a very significant extent by energy from
renewable sources, including energy from renewable sources produced on-site or nearby".
Sharmin et al. (2014) stated some factors that can improve both energy consumption

and occupants comforts:



space heating/cooling, water heating and electric appliances;

household water usage;

thermal performance of building envelope;

indoor air quality.

In Europe, ambitious action plans have been implemented at the national level focusing
on the residential buildings sector, which includes many objectives: to increase the
mobilization of all building actors, to define more restrictive regulatory rules, to
provide financial incentives for households, to offer significant financial support to
building owners, and to support research and development projects. The European
Energy Performance of Building Directive (EPBD) sets minimum requirements of
energy performance for new buildings and undergoing retrofitting buildings. In
2002, the EPBD was adopted to encourage the development of energy efficiency of
buildings (European Parliament, 2002). EPBD was continued to be recast in 2010 and
amended in 2012 (European Parliament, 2010, 2012). Besides, for the evaluation of
building energy performance, EPBD provides Energy Performance Certificate (EPC)
as a framework for the assessment of the building energy performance. Importantly,
the calculation method considers differences between the retrofitted buildings, the
buildings undergoing renovations and the existing buildings. To take account of existing
buildings, these EPCs are compulsory for residential buildings that are rented or sold.
However, the EPCs do not require these buildings to meet some energy efficiency levels
but assess their current energy performance. The purpose is to compare the energy
performance between the existing buildings and renovated buildings.

In France, the authorities also established several standards and regulations
concerning new buildings. The latest French thermal regulation which defines energy
performance standards of buildings is the "Réglementation Environnementale 2020"
(RE 2020). This regulation extends the focus to six main energy-uses: heating, cooling,
lighting, domestic hot water, auxiliary equipment (ventilators and heat pumps), and
electrical appliances.

In recent years, efforts have been made to develop innovative and smart building
systems to improve the energy efficiency in buildings. For example, Cheung et al.
(2005) proposed an integrated passive design approach to reduce the cooling demand

in the context of Hong Kong. The results showed that more than 30% of the energy
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could be saved by adding extruded polystyrene thermal insulation in walls. In another
article, Zhou et al. (2014) investigated a real-time energy control approach for a home
management system for household economic benefits in UK. However, there is still
potential for enhancing these systems. Building energy performance is influenced not
only by its physical characteristics but also by many other factors such as operations,
maintenance, occupant activities, indoor and outdoor environmental conditions (Jia

et al., 2017).

1.2 Occupant activities and energy consumption in

residential buildings

1.2.1 Impacts of occupant activities on energy consumption

In dwellings, occupants’ actions are what a person or a group does or has done,
which can be represented by controlling events on the indoor equipment. Activity
is a consistent set of actions with the same intention. An activity covers a time slot
whereas actions are events. For example, occupants can do actions such as opening
doors/windows or turning on the light. They can also perform activities like cooking,
studying and watching television, which include sets of actions with different possible
sequences. As mentioned above, activities are considered as an important factor
regarding energy performance in residential buildings. Page et al. (2008) explained
that the impacts of occupants on building energy performance could be assessed by
their presences (internal heat gains, emissions of CO,, water vapor, etc.), the activities
they perform (daily activities such as cooking, lighting or actions of door/windows) and
their interactions with the controls of building systems. Janda (2011) also stated that
"buildings don’t use energy: people do". People use energy to satisfy specific daily life
activities such as preparing food, supplying heat and light, and maintaining health and
comfort (Kashif et al., 2011).

Hong et al. (2017) grouped occupant activities into two categories: adaptive

behaviors and non-adaptive behaviors, which are described in figure 1.3.
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“if a change occurs such as to produce discomfort, people :
react in ways which tend to restore their comfort”
- Humphrey and Nicol, 1998

Changes to adapt the Change§ to adapt themselves to i i« reporting discomfort * occupant presence

environment to their needs i i the environment inaction i1+ operation of plug-in
: . Opening/closing WindOWS ; H R - and equipment :
g Joweringblinds t i, adjusting clothing P e
: +  adjusting thermostats i i+ drinking hot/cold beverage
i+ turninglightingon/off : . moving through spaces i

Operati@n Ofplug-ins E TN A SR - IR

Figure 1.3 — Two categories of occupant behaviors (Hong et al., 2017)

Humphreys et Nicol (1998) stated that "if a change occurs such as to produce
discomfort, people react in ways which tend to restore their comfort". Thus, adaptive
behaviors are performed by occupants to make changes to adapt the environment to

their needs/comfort. To do it, Hong et al. (2017) explained that occupants either adapt:

e the indoor environment to their needs or preferences: opening or closing
windows/doors, turning lighting on/off, etc.
e their behavior to their environment: adjusting clothing or moving through the

building, drinking, etc.

Non-adaptive behaviors such as occupant presence, operations of electrical equipment,
as well as reporting complaints regarding discomfort influencing the final building
performance. These actions are more related to occupant habits such as daily
activities (cooking, cleaning, relaxing, etc.) or occupant preferences than adapting the
environment for their comforts. However, uses of plugs also refer to adaptive operations
of the personal heater, fans, and electrical appliances.

But, how do occupant activities affect building energy performance? Hong et al.
(2017) mentioned that the relationship between occupant activities and building
energy performance is two-fold. On the one hand, environmental conditions trigger
occupants to interact with the building control systems, causing changes to energy
loads. On the other hand, adaptive activities performed by occupants make changes to
indoor environmental conditions. For example, occupant activities influence the energy
demand for space heating in two ways: the presence of people with its impacts (CO,,
heat gain, etc.) leads to changes in indoor temperature and heating/cooling demand,
occupants adjust the heating system, windows or other appliances to maintain their
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comfort. In another example, occupants might open the window to achieve better
comfort conditions regarding the CO, concentration. This action leads to changes in
the building’s environmental conditions and energy flows: an increase in heating energy
consumption due to an increase in the ventilation airflow rate.

Many studies examined that energy consumption at household level is largely due
to occupant activities, and this is an international phenomenon (Fathi et Kavoosi, 2021;
Chen et al., 2021; Pang et al., 2020). Particularly, Richardson et al. (2008) analyzed the
survey data of energy consumption in the UK to build a model for the energy demand
of domestic buildings. They showed that the energy consumption of buildings was
highly related to the profiles of occupants and their activities while they are at home.
Andersen et al. (2009) also conducted a study in Denmark, the result showed that
the use of heating was strongly related to the action of windows and the average age
of inhabitants, the respondents’ thermal sensation and gender also influenced the use
of lighting. In another article, Lin et Hong (2013) used statistical analysis to study
occupancy and activities patterns. Based on the results, they stated that "occupants with
a wasteful work style consumed up to double the energy of the standard occupants, while
austere work-style occupants used half of the energy of the standard occupants". Besides,
Yousefi et al. (2017) investigated the influence of occupant activities in residential
buildings in Iran and they showed that occupant activities could change the heating

and cooling loads up to 90% in a warm climate.

1.2.2 Occupant activity models in the simulation of energy

performance

As mentioned in section 1.1.3, improving energy efficiency is a crucial objective not only
to reduce energy consumption and enhance human comfort in residential buildings. To
achieve this goal, many approaches have been proposed, such as using building energy
simulation for the design optimization, installing smart devices for energy monitoring
and HVAC systems management, or considering renewable energy technologies (Jia
et al., 2017; Nagy et al., 2015). Due to the impacts of occupant activities on building
energy performance, many efforts have been made to integrate these activities into

proposed approaches. The goal is to help the approaches to work more realistically and
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more precisely (Hong et al., 2017; Leroy et Yannou, 2018).
Occupants’ activities in these approaches can be divided into two modelling

approaches:

e Representative occupant activities: those are the typical patterns, which represent
the activities in similar households. They are useful in implementing the model
on a population scale when the diversity of dwellings needs to be concerned.

e Contextualized occupant activities: those are the activities of occupants in a specific
type of house or apartment. They are useful in implementing applications and

assessing the impacts of occupants on particular households.

This information of occupant activities is useful in many applications regarding building
energy. Jia et al. (2017) presented three major benefits of the capability of detecting

and modeling occupant activities earlier in the design:

e Integrating occupant activity information in simulation should lead to more
realistic energy consumption results
e Occupant activity models provide fundamental support to building control systems

e Actual occupant information would improve building performance and services

Hong et al. (2017) also stated that occupant activity models could support building
energy designers, modelers, operators, and managers to develop specific energy
efficiency measures and to evaluate technology adoption levels by taking into account
the occupant activity impacts. Furthermore, these studies can help to evaluate retrofit
measures at the building level and to assess the potential for renovation penetration.

Amayri (2017) also presented six services that could gain benefits from the
estimation of occupancy or occupant activities, which comprise: simulation for design,
contributing to physical models (heat gains, heat loss, etc.) of the buildings, explanations
for the energy consumption in the building, behavioral data model for recommending
occupant regarding energy, handling discrepancies in building managements, and mirror
and key performance indicators.

In short, modeling occupant activity is useful and important in:

e energy simulation in residential buildings to improve building design and support

Energy Performance Verification process;
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e energy monitoring and management systems to support HVAC control systems,
electricity load management and reduce wasted energy;
e occupant feedbacks to encourage better practices regarding energy impacts by

enhancing human awareness.

1.2.2.1 Energy simulations in residential buildings

Energy simulation tools have proved to be effective and powerful in studying the
energy performance and thermal comfort during the building’s life-cycle. They combine
dynamic simulation with computational modeling and draw upon the disciplines of
heat and mass transfer, thermodynamics, lighting, building technology, thermal and
visual comfort, numerical methods, and human activity. The purpose of these tools
is to predict or estimate the energy performance of buildings with given parameters
(see in figure 1.4). Balvedi et al. (2018) stated that building energy simulations are
highly efficient and low-cost tools for analyzing and optimizing building design and
system. During the design phase, they help to enable comparisons of different design
alternatives and analysis of uncertain factors influencing the energy performance in

buildings. Moreover, with existing buildings, energy simulations could be used to assess

the current conditions and then evaluate refurbishment scenarios.
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Figure 1.4 — General parameters for energy simulation (Maile et al., 2007)

Today, numerous energy simulation tools (EnergyPlus, TRNSYS, eQUEST,
PLEIADES, etc.) are available to support the design phase of high-performance
buildings. They can be divided into two types: design tools, which focus not only
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on sizing HVAC equipment but also on the building’s envelope, and simulation tools,
which simulate the comfort analysis. In France, the Pleiades software is one of the most
popular dynamic thermal simulation tools. These tools have become essential for the
design stage or renovation of energy efficient buildings (Maile et al., 2007).

Despite the development of energy simulation tools, there are still issues, which
need to be solved. Many energy simulation tools pay more attention to the building
envelope than the interaction between occupants and buildings. Most of the world
standards for buildings consider occupant impacts by typical patterns and deterministic
scenarios. Regulations state that one building should meet all occupants’ expectations
and requirements. Thus, they consider predefined schedules (occupancy, activities)
and responses to an exceeded threshold. These standards and scenarios are used
as inputs for building energy simulation. Nevertheless, in low-energy buildings, the
impacts of occupants become a important consumption factor. Occupants consume
energy and affect indoor conditions through their interactions with the building.
They cause a significant discrepancy between the simulated and actual energy use.
Many studies stated that occupants’ activities are the major elements in explaining
discrepancies between simulated and actual energy consumption (Delghust et al., 2012;
Gram-Hanssen, 2013; Laurent et al., 2013).

Yang et al. (2014) showed that the fixed operation schedule based on certain
codes or the surveys could lead to energy wastes and occupants’ discomfort since
the different preferences (hobbies, habits, needs, etc.) of humans. Hoes et al.
(2009) also studied that in a standard type of buildings, the metabolic heat gain was
found to be an essential and sensitive input parameter for energy simulation tools to
assess the building performance. The heat gain has a direct relation with occupants’
activities. Therefore, they are important input parameters influencing the results of
building performance simulations. In another study, Aerts et al. (2014) mentioned
that a systematic error could exist between predicted and actual energy consumption.
The consumption of high-energy buildings is usually underestimated, whereas the
consumption of low-energy buildings is often overestimated. D’Oca et al. (2014) also
examined that the impacts of occupants’ activities have been attributed to discrepancies
between predicted and actual building performance: the gap may exceed 300% in

extreme cases. In this study, the energy consumption simulated could increase by 61%
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when integrating the occupant activity model. By only modifying configurations of two
parameters (windows opening and thermostat set-point schedules) related to occupants’
activities, the simulated consumption could increase by 50%.

To deal with it, many scientists are interested in modelling representative occupants’
activities in residential buildings instead of using scenarios. The most popular approach
is the stochastic model, which simulates representative profiles of occupant activities
based on statistical data. An example of these profiles is presented in figure 1.5, which
was determined by Wilke et al. (2013) with a statistical model. This model is based on
three types of time-dependent quantities: the probability to be at home; the conditional
probability to start an activity whilst being at home; the probability distribution function

for the duration of that activity.
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Figure 1.5 — Profiles of the merged activity types whilst people at home
(Wilke et al., 2013)

Although the objective of the Energy Performance Certificate (EPC) is to
compare buildings for policy reasons rather than accurately predict the actual
energy consumption, it is essential to reduce the gap between predicted and actual
consumption. Guerra-Santin et Itard (2012) stated that "more accurate information on
the actual user behavior and the identification on behavior patterns to build energy-user
profiles might improve the energy predictions in the energy performance regulations.
Although accurate energy prediction is not the aim of EPC, a better estimation of the
actual energy performance and the actual energy savings expected from the introduction of
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tightening of building regulations, could be achieved".

In the design phase, representative activities are commonly used in energy
simulation due to the flexibility and availability of the survey data. However,
contextualized activities should be used in energy simulation to help the results to be
more precise when renovating particular houses. It is useful in evaluating the building
design proposals.

Besides, energy simulation is also essential in the energy performance verification
process. To achieve this objective, contextualized activities could be used in simulation
to assess the current conditions in existing buildings, then suggest the renovation plans

to improve their energy performances.

1.2.2.2 Energy Monitoring and Management Systems (EMMS)

Modeling occupant activities is not only useful in the design phase but also in the
operation phase. Integration of occupant activity can help smart systems (HVAC,
lighting, etc.) to operate more effectively and to reduce wasted energy. For example,
if people are not at home, HVAC and lighting systems should switch to standby mode
to reduce energy use. Besides, considering occupant activity could help these systems
operate more efficiently in case of unexpected situations, such as leaving work without
turning off light.

In a study, Masoso et Grobler (2010) analyzed the energy consumption in
commercial buildings in Botswana and South Africa. The research was examined in the
hot and dry climates and the results show that more energy is used during non-working
hours (56%) than during working hours (44%) and the golden rule is "if you don’t need
it, don’t use it".

Recently, many scientists have proven that the estimation of occupant activity could
significantly enhance the efficiency of the EMMS in buildings. For example, Agarwal
et al. (2010) showed that detecting occupancy and using its information for the HVAC
control module could reduce by 10% to 15% its energy consumption. In another
research, Nagy et al. (2015) presented that artificial lighting systems could also gain
benefits from occupant activities estimation. Particularly, by detecting occupant status
and integrating it into the lighting systems, they achieved 38% energy savings but still

maintained occupant visual comfort.
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On the other hand, Dong et Lam (2014) also proposed a methodology for integrated
building heating and cooling control based on the prediction of occupant activity
patterns and local weather conditions. The results show that the energy consumption
could be reduced by 30% in the heating season and by 18% in the cooling season,
compared to a conventional scheduled temperature set-points control rules. In these
systems, contextualized activities are popularly focused because they aim to optimize

the energy performance and human comfort in specific houses.

1.2.2.3 Occupant feedbacks and recommendations

Besides the techniques interacting directly with the buildings, many scientists focus
on occupants to improve energy efficiency in houses. Their objective is to enhance
occupants’ knowledge of their activities and their impacts on consummed energy.
Then they could adjust their practices for reducing wasted energy and improving
their comfort. Consequently, many energy feedbacks and recommendation approaches
were proposed to occupants (Zhang et al., 2021; Wang et al., 2022; Trinh et al.,
2021). The feedback tools aim to provide insights of the impacts of their activities on
building energy, especially in energy consumption (Lee et al., 2020). This information
helps occupants to understand and handle the finances related to energy usages, e.g.
electricity bills, gas bills, etc. On the other hand, the recommendation systems could
support occupants evaluate their activities regarding energy consumption and humans’
comfort. Their past activities could be analyzed to suggest better practices (Ben-Haim,
2021; Varlamis et al., 2022).

For example, Hong et al. (2017) mentioned that using direct feedback and
recommendations could improve occupants’ activities and save up to 20% of energy
consumption in houses. Based on the energy feedback and the recommendations,
occupants tended to change their activities positively to save energy consumption and
enhance their comforts.

Pal et al. (2019) proposed a framework to unmask the relationship between
occupants’ behaviors (actions of doors/ windows) and indoor conditions in buildings.
As an example shown in figure 1.6, this approach helps occupants to better understand
the consequences of their actions and activities. For example, opening doors and

windows could increase the airflow between indoor and outdoor and improve the air
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quality of a room. From these explanations, occupants could enhance their activities to

achieve better thermal comfort and air quality.
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Figure 1.6 — An example of differential explanations for occupants to understand the
impacts of their behaviors on doors/windows (Pal et al., 2019)

In another study, He et al. (2021) proposed a framework to estimate the
energy-saving potentials of occupant activity improvement. They divided these
potentials into four groups: baseline, wasteful, moderate and austere, which represent
different levels of their energy-saving consciousness. The framework was implemented
in a case study and the results showed that the building energy consumption could be
reduced by up to 9.5% with the moderate activity improvement, and up to 21% with
the austere activity improvement.

Azar et Al Ansari (2017) stated that "Significant energy savings can be achieved in
buildings by altering how occupants use and operate various building systems. The first
step to successfully induce such change requires a thorough assessment and understanding
of the actual drivers and motivators of existing behaviors". Vassileva et Campillo (2014)
also mentioned that providing occupants feedbacks on their energy usages is an effective
way to save energy in the domestic sector. This information could lead to behavioral
changes and help reduce energy consumption between 15% and 25% in some cases. In
another article, Yu et al. (2011) used clustering and classification analysis to identify
energy-inefficient/energy-efficient occupant behaviors. The results obtained could help

occupants to modify their behavior to reduce about 2092 MJ per capita per year.
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1.3 Conclusion

To deal with the issue of climate change, it is essential to reduce greenhouse gases
emissions, which are mostly produced through energy consumption. The sector of
residential buildings plays a crucial role in total final energy consumption in Europe,
so saving energy consumption in houses is essential. Among many factors, occupants
with their activities have significant impacts on the energy performance of residential
buildings. These activities are diverse depending on households. Investigating them
could help reduce the energy wasted and enhance the energy performance in dwellings.

Specifically, modeling of occupants’ activities is useful for many services to improve

energy efficiency in residential buildings:

e reducing the uncertainty related to occupant behavior and decreasing the
discrepancies between simulated and actual energy consumption. These
contributions are important for the design phase of the building and the energy
performance verification process.

e helping energy monitoring and management systems (HVAC, artificial lighting,
etc.) to work more efficiently i.e. reducing energy waste and improving occupant
comfort.

e providing feedbacks and recommendations on occupants’ activities.  This
information could enhance the occupants’ knowledge, which could encourage
them to change some of their activities to reduce energy consumption and improve

their comforts.

Thus, it is definitely interesting to model occupant activities in residential buildings.
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Chapter 2

Existing works dealing with occupant

activity modelling
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2.1 Modeling occupant activity in residential buildings

In general, occupant activity modeling aims to determine information related to
occupants’ behavior in residential buildings. To do it, scientists have been interested
in exploring the relationships between occupant activity and other variables such as
indoor, outdoor conditions, the house size, occupants’ professional status, or the time

of day. These relationships could help to deduce the impacts of occupant activities
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on energy consumption. A causal model structure for modeling occupant activity is

presented in figure 2.1.

Activity Model

- presence
- indoor environment - number of occupants

- oungor environment - actions on doors/windows

- building parameters o - name of an activity

- household characteristics - energy impacts of an activity
- etc. - etc.

Figure 2.1 — The general model for occupant activity estimation

Depending on expected purposes, required input variables and expected output
information are different among existing models. Balvedi et al. (2018) divided occupant
activity models into two groups: those concerning occupancy and those about actions on
components of objects of a building (windows, doors, blinds, etc.). To support building
energy simulation (BES) softwares, many scientists were interested in the modeling
of more information such as numbers of occupants, occupant activities, and activity

profiles, etc.

2.2 Existing approaches for occupant activity modeling

In the literature, Gaetani et al. (2016) sorted occupant activity models into four
main categories: fixed-schedules, data-based (deterministic), probabilistic (statistic,
stochastic), and agent-based (multi-agents). In addition to these categories, many
recent studies have proposed knowledge-based approaches with Bayesian networks to
model occupant activity in dwellings in recent years (Tijani et al., 2015; Amayri et al.,

2017).

2.2.1 Fixed-schedules approach

The fixed schedules approach is the simplest form of occupants’ activity model. It

focuses on conventional values of occupants’ behavior. Occupants’ activities are
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considered as fixed actions/reactions to the building depending on the convention
values. This approach usually studies the occupancy (presence, number of occupants)
or occupants’ actions on doors/windows. The scenarios/schedules of this information
are fixed and then could be set hourly for each thermal zone. Occupants could adjust
them to be more comfortable in their environment (Vorger, 2014; Gaetani et al., 2016).
For instance, the action of windows opening/closing can be set based on the indoor
temperature (if the indoor temperature is greater than 27°C, then the windows will be
opened, or there is a probability for it to happen).

This approach is commonly used in BES softwares because of its simplicity.
Scenarios/schedules are generally extracted from occupants’ calendars, standard
conditions or statistical analysis of actual observations. To do it, clustering methods
could be applied to determine the typical patterns, which are then used to construct the
scenarios of occupant activities. After that, these scenarios are implemented as inputs
for BES softwares (Balvedi et al., 2018; Guerra Santin, 2011; Aerts et al., 2014). A basic
example of occupancy inputs (number of occupants) for BES is presented in figure 2.2.

This scenario of the occupancy is generally set based on the calendar of occupants.

Type R Occupancy

[JRrelative (%) to base value Unit | Occupants v

value/Day/Week yaar 2 Unselect o=
Values

=S Name Value Unit

== @ Single 1 Occupants

== (T) Double 2 Occupants
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Days [Jpisplay name
<=5 Name 0 1 2 3 4 5 6 7 8 L) 10 11 12 13 14 15 16 7 18 19 20 21 2 23
== (@) Day 2 2 2 2 2 = 2 1 1] 0 0 0 o 0 0 0 0 1 2 2 2 2 2 2
Weeks

= Name Monday Tuesday Wednesday Thursday Friday Saturday Sunday

= Week Day Day Day Day Day Day Day

Figure 2.2 — An example of occupancy schedules (number of occupants) input in the
software Pleiades

While simple, predefined rules and scenarios have some limitations. Firstly,
scenarios and schedules are defined for a long period and rarely change over time.
Hence, they lead to fully repeatable and predictable activities and the variations of
occupant activity are not considered (Borgeson et Brager, 2008; Fabi et al., 2013).
These scenarios and schedules are applied to all buildings and all types of occupants. It

is not realistic because configurations and characteristics of each building and occupant
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significantly influence activities. Gram-Hanssen (2010) stated that personal preferences
or habits play an essential role in operating activities. Thus, it is not efficient for

operating occupant activity based on predefined rules and scenarios.

2.2.2 Data-based approach or deterministic approach

The second approach is data-based (deterministic) approach. In this approach, an
activity is defined as a meaningful label representing what occupants do in an interval
of time. The objective is to determine these activities by exploring consistent patterns
and systematic relationships between them and environment variables (Jia et al., 2017).
This approach generally works as a supervised learning model, which classifies labels
of activities depending on other information. Data mining and machine learning are
popular techniques in that context. To validate these models, a dataset is divided into
two parts: training part and testing part. The models are built with the training dataset
and then validate estimated labels with the testing dataset.

Recently, many researchers have used data-based models to estimate both occupants’
presence, their actions on components in the building (doors, windows, appliances,
etc.) and their daily activities (cooking, eating, etc.). For example, Amayri (2017)
applied Decision Tree (DT) and Support Vector Machine (SVM) to estimate levels of
occupancy in an office, which is based on measurements captured by power sensors
for three years. The estimated occupancy level, the power consumption for each
laptop and the electricity consumption for the visitor’s desk were then applied DT
to determine activities (presentation, working computer, absence) in the office. In
another study, Ren et al. (2015) combined data mining technique, clustering technique,
and DT to gain knowledge about the behavior of occupants adjusting their thermostat
settings and heating system operations in houses. Yu et al. (2011) also analyzed
the information of end-use loads (electricity, gas, kerosene), indoor temperature, and
occupants’ behaviors (actions on electrical appliances, lighting, heating water, etc.) in
a residential building, then applied the K-Means algorithm for clustering and the C4.5
algorithm for classifying. The goal was to identify energy-efficient and energy-inefficient
activities (using appliances, heating water, lighting, etc.) in order to motivate occupants
to improve their practices at home. From datasets containing power and environmental

variables measurements captured by sensors and volunteers survey, Alhamoud et al.
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(2015) applied Random Forest classifier to recognize some occupant activities (eating,
watching, etc.) and to extract activity patterns that were then used for energy
consumption estimation and energy-saving recommendation systems. In another study,
Li et Dong (2017) installed sensors to capture indoor environmental variables in four
residential buildings. Then, they applied Artificial Neural Network and Support Vector
Regression to predict the presence of occupants in both room-level and house-level.
The data-based approach is the most popular method to recognize occupant activity
in buildings in real-time energy monitoring. The advantage of this approach is the ease
of implementation due to the development of machine learning and data mining tools.
Moreover, these models of this approach are flexible to estimate many kinds of activities

in buildings. However, there are some limitations in this approach:

e This approach aims to estimate the deterministic labels. These labels can not
represent the diversity of occupants’ activities. Jia et al. (2017) also stated that
"occupant behavior is complex, which is not in a mode of if-then. Driving factor is
influential but not determinant, and models solely based on driving factors that do
not have sufficient prediction performance". Therefore, these models are limited to
integrate into BES.

e Data-based models are generally black-box models with complex mathematical
functions. As a result, it isn’t easy to understand the causal-effect relationship

between the activities and their related variables.

2.2.3 Probabilistic (statistical) approach

To deal with the diversity of activities, many researchers have proposed probabilistic
models taking into account the randomness in occupant activities modeling in buildings.
Nicol et Humphreys (2004) suggested that "there is no precise temperature at which
everyone will open a window, but the higher the temperature, the higher probability of
opening the window". In these models, occupants’ activities are represented by the
probability distribution based on predetermined driving factors in each interval of time.
For example, to model an a based on a set of variables x, the probabilistic model aims to
determine the probability distributions p(a|x) that the activity happens in each interval

of time.
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This approach is generally the most common way of modeling occupant activity in
the research context. In BES, probabilistic models are usually used to analyze the energy
impacts of occupants’ activities on energy consumption and on air quality conditions
in buildings. Statistical analysis and stochastic models are two popular kinds of
models in this approach. They are commonly used to model representative activities

of occupants from statistical data.

Statistical analysis

In statistical analysis, the numerical relationship between an occupant activity and
available information (indoor environment, electricity use, time series, etc.) is
estimated. Then, the probability of occurrence of the studied activity is deduced from
related parameter inputs using regression models. In this approach, logistic regression
(logit) is a popular method to estimate the probability p, that the activity a happened

is estimated as in equation 2.1.

logit(pa) = log(1 ﬁap ) = wo + Zwi X T
@ i=1

exp(wo + > i w; X x;)
1+ exp(wo + > i w; X x;)
with w; is a coefficient corresponding to x; - variable affecting the probability that

(2.1)

< Do =

activity a happens.

The work of Haldi et Robinson (2008) is an early study with statistical analysis.
Authors collected the data of activities, thermal comfort, adaptive actions and
environmental conditions in eight Swiss offices. Logistic regression was then applied
to predict occupants’ actions on windows, doors, fans, and blinds to achieve their
predefined comforts. The study also considered personal activity as clothing or
drinking in the model. In another article, Andersen et al. (2013) studied actions on
windows/doors in Danish dwellings. The dataset including environmental parameters,
windows/door states, moments of the day, seasons, and presences, are measured by
sensors in 15 dwellings. Logistic regression was applied to infer the probability of
the actions (opening or closing) on the windows. Vorger (2014) also applied logistic
regression to estimate the transition probabilities among the actions on windows/doors
in dwellings, based on the indoor temperature, the time of day and the day of the week

in survey data. Then, the model was used to simulate the actions on windows/doors in
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a BES software.

Statistic analysis is a popular and flexible approach in modeling actions on
doors/windows (opening/closing) or the occupancy (occupied/unoccupied status) in
buildings. This approach could use both survey data and sensor data, which makes it
possible to be applied in both population scale and in particular buildings. However,

there are still some limitations in statistic analysis as follows:

e Logistic regression model was widely used in this approach. The mathematical
formula in this model is quite difficult to explain the relationships between
occupants’ behaviors and related variables.

e This approach is limited to estimate more complex activities in houses such as
cooking, studying or sleeping due to the complex relationships between these

activities and other variables in buildings.

Stochastic models
Stochastic models aim to determine representative activities in households with similar
given characteristics (building type, owner, etc.). They assumed that in different
buildings, occupants with different attributes (age, gender, etc.) could have different
habits, and they lead to different activities. Thus, building characteristics and individual
attributes should be taken into account. In these models, an activity is generally
represented by a starting probability distribution and a duration distribution or a
transition probability distribution.

Multinomial logit model, a variation of logit model (equation 2.1), is a popular
method to identify the starting probabilities of activities in stochastic models.
Specifically, with M activities (ay, ..., ayen+) and n variables (x4, ..., z,cn+), the logit

function for each activity is described in equation 2.2.
N

Ly = logit(pa,) = w1 + Zwl,z' X x;
i=1

(2.2)
N

LM = logit(paM) = Wm0 + ZwM,i X T
=1
With w;, ; is a coefficient corresponding to an activity a; and a variable z;. A starting
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probability p(a;) of an activity a; has the form as in equation 2.3.
L
M

Z j=1 LJ'

Markov Chain is a popular algorithm to determine transition probabilities among

prob(a;) = (2.3)

activities. A transition probability 7;; is a probability that an activity j starts shortly
after an activity ¢ stops. In Markov Chain, it is assumed that the probability of the
current state depends only on the latest state. In the case of N activities, the transition

probability 7;; has the form as in equation 2.4.
T,(t) :P(aHl :j|at:i),i,j S [1,2,,N] (2.4)

with P(a; = i) is the probability that the activity : happens at the time ¢.
Markov Chain and multinominal logit model are usually combined together to simulate
occupant activities in BES.

An early study in this approach was proposed by Page et al. (2008). Authors
built a generalized stochastic model to simulate the occupancy in buildings. In
this study, occupancy data was collected by motion sensors in twenty zones of a
building. Based on this data, authors estimated probabilities of presence and transition
probabilities (absent — present or present — absent), which were related to the
time of the day. Then, inhomogeneous Markov Chain and Hidden Markov Model
were applied to simulate the occupancy in each building zone. In another research,
Haldi et Robinson (2009) applied a discrete Markov process to study the actions on
windows in offices. The study measured indoor temperature and outdoor conditions
(temperature, humidity, wind speed, etc.) in an office for seven years. Then, a
continuous-time model was inferred that could be efficiently used for a fast calculation
of windows opening and closing durations.

Recently, stochastic models have been applied to study occupants’ activities in
residential buildings. Researchers paid attention to occupant daily activities (cooking,
watching, cleaning, etc.). The objective of these models is to determine representative
activities so that they usually use time-use surveys (TUS) instead of sensors data.
TUS are national surveys conducted to identify how much time humans spend on
various activities (paid work, household chores, family care, personal care, etc.). In
these surveys, both information of activities, household characteristics, and individuals’

attributes are recorded.
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For example, Yamaguchi et al. (2011) proposed a stochastic occupant activity model
based on survey data to simulate a high-temporal resolution electricity demand profile
of a household. In this paper, 27 activities were considered to build profiles of activities
in dwellings. Moreover, 24 variables related to types of day and family attributes were
used to classify the data. With each activity, three parameters were focused: an Average
Ongoing Minutes of the activity that occurs in a day (AOM), a standard deviation of the
AOM, a Percentage of respondents who adopt the behavior (PB) at a specific time of a
day. Similarly, Muratori et al. (2013) developed a stochastic model to simulate usages
of electricity. An inhomogeneous Markov chain with nine activities was calibrated with
a 10-minutes resolution for five types of individuals: employed woman, employed man,
unemployed woman, unemployed woman, and child. The type of the day was also
separated into week-day and weekend. The model of occupant behavior had 2x5x144
profiles of individuals, each of them had a matrix with dimension 9x9 of activities.

In another study, Wilke et al. (2013) also proposed a stochastic model based on
French TUS to simulate occupants’ time-dependent activities in residential buildings. In
this approach, an activity was represented by three types of time-dependent quantities:
a probability to be at home, a conditional probability to start an activity whilst being
at home and a probability distribution function for the duration of the activity. The
model of activities was carried out once the occupancy model had been established.
When an occupant is present at home, activity is determined to start through their
starting probabilities. To estimate these probabilities, authors used a multinominal logit
model with 41 characteristics of the individual (carer, day, healthy, gender, etc.). Then,
once an activity started, its duration was estimated by using the probability duration
function, which was based on the Weibull probability distribution. During the activity, if
occupants leave the house (unoccupied), the activity would be interrupted immediately.
The outline of this model is presented in figure 2.3. Vorger (2014) implemented this
model to simulate 21 occupant activities in Pleiades, a widely BES software in France

(Peuportier et Blanc, 1990).
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Figure 2.3 — Stochastic model of occupant activity of Wilke et al. (2013)

However, the model did not consider different types of activities and possible
interactions between them. To address these issues, Aerts et al. (2014) derived realistic
occupancy and activity data in residential buildings from the Belgian Time-Use Survey
and Household Budget Survey. The author proposed a stochastic activity model, which

is presented in figure 2.4.

HOUSEHOLDS MEMBERS
SIMULATE HOUSEHOLDS GET CLUSTER |
with boundary conditions E f(boundary conditions)
HOUSEHOLD OCCUPANCY : GET OCCUPANCY

1—:—

F{member occupancies) ; flcluster)
GET TASKS ASSIGN TASKS -
f{househald occupancy) ; f(cluster, occupancy)
ALL HOUSEHOLD ACTIVITIES GET PERSONALACTIVITIES
S(member tasks & personal : f(cluster, occupancy, tasks, o
activities ) i other personal activities)

Figure 2.4 — Probabilistic model of occupant behavior of Aerts et al. (2014)
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In this model, three occupancy patterns (at home or awake, sleeping, absent) were
identified based on six socio-economic features (age, type of day, type of dwelling,
employment, gender, household size). Then, among 272 activities, a stochastic activity
model was developed to deal with nine activities in dwellings. Aerts et al. (2014)
defined an activity as a label describing what occupants do during a period of time
with three parameters: a start distribution, a duration probability distribution, and
an assignment probability distribution. Activities were divided into two groups: tasks
and personal activities (figure 2.5). Tasks were usually performed by only one of the
household members. Personal activities can be performed independently from other
household members. Tasks were first modeled at the household level, and then they
were assigned to the available household member. After the tasks were assigned,
personal activities were supplemented. When an activity started, a duration was
assigned based on the duration probability distribution. The assignment probability
distribution was used to assign this activity to a household member. Once the activities
were simulated, they were used linked to the use of appliances for simulating the

electricity demand in the dwelling.

Activities Type
| preparing food task
2 vacuum cleaning task
3 ironing task
4 doing the dishes task
5 doing laundry task
6 using a computer personal activity
7 walching television personal activity
8 listening to music personal activity
9 taking a bath or shower personal activity

Figure 2.5 — Two groups of activity in dwellings according to Aerts et al. (2014)

Stochastic models with TUS data are popular to deal with more human activities
in houses, which are limited in statistic analysis. The development and the availability
of time-use survey data help these models to be more convenient and more flexible to
apply in population scale. Moreover, these models are useful in BES in the building
design phase, in which the dataset of the household cannot be available. However,
there are still some limitations as follows:
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e Aerts et al. (2014) and Vorger (2014) showed that even with dwellings having
similar building characteristics and individuals attributes, there are still significant
discrepancies of the heating needs and the thermal comfort, which were mainly
linked to the diversity and the average of occupant activities in the survey data.
Therefore, stochastic models with representative activities are not specific in terms
of particular households with their contexts.

e Because the representative activities of stochastic models are average, they could
not be specific to actual households. In this case, it is difficult to verify these

results.

2.2.4 Agent-based (multi-agent) approach

In efforts to reduce energy consumption in residential buildings, many researchers
have been interested in investigating interactions between occupants and building
and among occupants in specific buildings. To address these issues, the agent-based
approach was proposed to model complex systems composed of interacting agents
in an environment. Agents can be occupants or building components. They have
behaviors, often described by simple rules and interactions with other agents, which in
turn influence their behaviors. A special feature of these agents is the self-organization,
which was defined by Di Marzo Serugendo et al. (2005) as "the mechanism or the process
enabling a system to change its organisation without explicit external command during
its execution time. Macal et North (2010) mentioned three elements of an agent-based
model (see figure 2.6): a set of agents with their attributes and behaviors, the relationships
and methods of interaction between agents and an environment that agents interact with
each other. Each agent plays an important role in the whole system. The state of each
agent influences other agents via relationships and interactions. In contrast, the state
of the whole system also affects the state of each agent. According to Lee et Malkawi
(2014), "the purpose of the agent-based modeling is to mimic a real-world occupant: an
autonomous agent that interacts with both its environment and other agents, and makes
behavior decisions based on the level of its thermal comfort".

There have been many studies applying the agent-based approach to model
occupants’ activities. In 1997, Sierhuis et Clancey (1997) proposed BRAHMS (Business

Re-design Agent-based Holistic Modeling System), an activity-based multi-agent
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modeling environment, allows to model knowledge in situated actions and learning
in human activities. Each activity is considered as an agent with pre-conditions,
actions, and consequences. BRAHMS focuses on collaboration, communication, and

the situation in daily activities.

Agent Interactions with
Other Agents

Agent
Attributes:
Static: name,...
Dynamic: memory, resources, neighbors,...
Methods:
Behaviors
Behaviors that modify behaviors
Update rules for dynamic attributes

Agent Interactions with
the Environment

Figure 2.6 — Structure of an agent-based model according to Macal et North (2010)

In addition, to represent the agent’s activity, Ha et al. (2006) proposed a model of
activity which includes a context 5SW1H (What, When, Where, Why, Who and How),
and mapped it in a home context (object, time, space, occupant and environment)

(figure 2.7).
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Figure 2.7 — The context factors of an agent’s activity from Ha et al. (2006)

Kashif et al. (2013) proposed an agent-based model with the BRAHMS language and
the 5SW1H context to study occupant activity patterns in energy management strategies.
In this model, authors defined activity as "the actions or reactions of occupants, in relation
to its environment, to satisfy occupants’ needs. Specifically, the model is connected
to a dynamic thermal simulation software that interacts with agents and adapts the
environmental conditions in each time slot. Agents do not react immediately in response
to environmental conditions. They have their own perceptions, which are influenced
by their characteristics (psychological, physiological) and their knowledge (experience,
comfort). Agents use these perceptions to deliberate and make decisions on their
activities. For example, an agent feels discomfort due to a high indoor temperature and
wishes to open the window because from experience, it knows that opening the window
could help to be more comfortable. Then, it asks other agents to open the window, if
they accept, it is ready to open the window. The agent deliberates its comfort with the

opening of windows based on other conditions (outdoor environment), if the comfort is
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acceptable, the agent decides to open the window. Consequently, after this action, the
environmental conditions are updated, and due to the comparison between perceived
comfort and expected comfort, the knowledge of the agent is modified. This model is
attractive because it seems to reproduce the reality of occupants’ behavior, taking into
account the phenomena of perception, memory, and deliberation.

In another study, Guivarch et al. (2012) proposed Amadeus, an Adaptive
Multi-Agent System that could assist the occupants in an ambient system. It assumes
that if Amadeus performs similar to what occupants did in similar situations, these
activities can enhance occupants’ satisfaction. Amadeus can learn from its observation,
how and in what situations occupants perform their activities. Thus, it can adapt its
behavior to the occupants’ activities even if they change their preferences.

Lee et Malkawi (2014) also proposed an agent-based model for occupants’ activity in
commercial buildings. The activity model concerned three essential processes: defining
activities, identifying activity triggers and measuring/quantifying activities. This study
considered activities that affect the occupant thermal comfort such as window use, blind
use, or fan use. To do an activity, an agent uses a process of three steps: perceive, think
and act. Firstly, an agent observes and perceives environmental information and the
thermal conditions of the space. Then, based on the beliefs (user-defined, random
distributed), the expected comfort is estimated for each activity. Then, the agent thinks
and ranks the activities based on their comforts. After that, the activity is decided to be
executed by the agent to maintain or improve its comfort level.

Recently, Albouys et al. (2019) proposed SMACH, a Multi-agent Simulation of
Human Activity in the Household platform, to simulate human activity and its
electricity consumption at the household scale. There are two main elements in
this system: a multi-agent system simulating human activity and its impacts on the
electricity consumption of electrical appliances; a multi-zone thermal model simulating
indoor temperature and the energy consumption for room heating. These elements
are combined to generate load curves linked to human activity, which is useful in
investigating the electrical energy consumption in existing households.

Multi-agent models are advanced in modeling activities at both the individual level
and household level. They outperform if-then rules of occupant behavior because it

considers both the interactions among agents and the relationships between agents and
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environment (Jia et al., 2017). It is efficient for energy monitoring systems such as
HVAC with the interactions among occupant activities in the same zone. For example,
the actions of the fan affect the actions of the windows in the same room. In addition,
the multi-agents approach can be combined with other approaches for modeling the

activities of agents. However, some limitations still exist in this approach as follows:

e The goal of this approach is to determine activities that help occupants to achieve
expected comfort. Thus, these activities represent expected activities rather than
actual activities. In addition, agents usually choose "the optimal activities to achieve
their comforts" so that the diversity of occupants activities could be not considered
(Lee et Malkawi, 2014; Vorger, 2014).

e It is difficult to define the conditions that the agent feels comfortable, the function
that links the environment to the psychological state of the agent is not explained
because of the diversity, the complexity of occupants’ characteristics, sociology,
psychology, personality, and their habits (Kashif et al., 2011). These definitions
are usually defined by the belief of experts, but they are not precise for all
occupants in the building. For example, the comfortable temperature for a child
is different from the comfortable temperature of an old man. Therefore, it is not
precise to define which temperature is comfortable for occupants, which conditions
that occupants need to react to improve their comforts.

e Due to the interactions between agents, the increase of the number of agents
could significantly increase the complexity of the model. Each agent does not
act independently, this approach needs to define the interactions and the impacts
among these agents. This task is very difficult when there are many agents. For
example, it is necessary to define at least 2" interactions with n individuals in a
house. Moreover, each interaction can be related to various variables such as time,

location, environment, personal characteristics, etc.

2.2.5 Knowledge-based approach

Many other research works related to occupants’ behavior are outside the scope of the
mentioned categories. In fact, some experts have experience and their knowledge

can be useful in modeling occupant activity. The expert knowledge could help to
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define the starting probability of the variables related to the activities. Therefore,
knowledge-based models were proposed to use expert knowledge in the occupant
activity model. This kind of model represents human activity with probabilistic
cause-effect relations, which are defined by expert knowledge or are deduced from
observations (Tijani et al., 2015).

Bayesian Network (BN), a probabilistic graphical model, is the popular method
in this approach. BN comprises two main elements: a directed acyclic graph (DAG),
which represents the cause-effect relationship between variables via nodes, edges (X to
Y - cause node to effect node), and a set of parameters in all conditional probability
distributions (CPDs), which represents the conditional probability of relationships
linking causes to effects between variables in the above DAG. These conditional
probability distributions could be deduced from observations or expert knowledge. The
causal graph DAG also has to be determined and refined. To construct this causal
graph, the first approach consists of learning the causality directly from data, the second
approach is based on expert knowledge about occupant cognition in different contexts
and activities.

There are two categories of Bayesian networks: static and dynamic BN. Static BNs
only concern a single slice of time and are not appropriate for analyzing a system
that changes over time. Dynamic BNs describe how variables influence each other
over time based on a model derived from historical data. The main elements in a
BN and an example of dynamic BN are shown in figure 2.8. In addition, figure 2.9
shows an example of a static Bayesian Network, which was proposed by (Amayri et al.,
2016). In this study, the author used the level (L-low, M-medium, H-high) of the
power consumption and of the microphone (acoustic pressure) to estimate the level

of occupancy in an office.
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Figure 2.8 — (a) Dynamic BN (b) Elements of Bayesian Network (Tijani et al., 2015)

L M H
08 01 00
02 06 0.2
P(LO)= 0.1
P(L1)=0.6 00 03 07

P(12)=0.3

09 0.1
05 05
02 08

microphone

Figure 2.9 — An example of static Bayesian Network (Amayri et al., 2016)

Hawarah et al. (2010) proposed a Bayesian Network for predicting the use of ovens
in houses. In this model, the structure of the model is defined by experts, which includes
three causal nodes (hour, type of day, month), which influence the starting probability
of cooking-oven activity. The duration and the energy consumption are two effect nodes
that are caused by cooking-oven activity and the above causal nodes. The conditional
probability distribution at each node is calculated using databases, which consists of the

energy consumed by the services in 27 houses in France.
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Figure 2.10 — Dynamic Bayesian Network for the movements of the door in office
(Tijani et al., 2015)

Tijani et al. (2015) also proposed a dynamic Bayesian Network for predicting the
actions of the door (open, close, move) in an office. In this model, the authors
considered periods of the year (first, second, third), periods of the day (outworking,
break, working), the calendar (busy, free), the visitor presences (yes, no), the occupant
presences (yes, no), the seasons (hot, cold), the levels of CO, concentration (low,
medium, high) and the past door movement as variables influencing the actions of
the door. The structure of this Bayesian Network (figure 2.10) was designed by expert
knowledge and the conditional probability distribution is deduced from the data.

The knowledge-based approach with the Bayesian Network is a flexible and friendly
approach for humans to understand and verify the results of the model. It is useful for
different objectives in activity modeling. It can be used to estimate both deterministic
states as data-based models and probability distribution as probabilistic models. In
addition, two main elements in this approach make it adaptive to changes in the
buildings: the conditional probabilities distribution is adaptive to learn new data and
the network is adaptive to modify the structures of data, which are limited in data-based

models. In addition, this approach allows experts to use their knowledge and experience
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to contribute to the models: define the network, assume the conditional probabilities
between variables, etc. These expert contributions are very useful in terms of lacking
information, or to adjust the model to be more specific to case studies. However, there

are some limitations in this approach as follows:

e To design the network structure and estimate the conditional probability
distributions, this approach requires much data to ensure the consistency and
the accuracy of both the network and parameters. An alternative approach is to
use expert knowledge, it is more efficient and realistic but it also requires the
knowledge of experts in the concerned domain.

e It is quite similar to the multi-agents approach that the network in the model
could be complex when there are many variables. However, it can be helpful to
use expert knowledge to simplify it, and the relationships between variables in
this approach require fewer efforts to be defined than the interactions between
agents.

e Existing models in this approach mostly focused on occupancy or occupants’
actions. There are limited studies in modeling occupants’ activities in residential

buildings and their energy impacts.

2.2.6 Summary

The summary of the above approaches is shown in table 2.1. In general, fixed schedules
and data-based approach with deterministic models can not consider the diversity of
activities, which is important in energy simulation. To address this issue, statistical
approach is used popular because it is easy to implement and it is adaptable to
households characteristics. This approach aims at representative activities so that it
is not specific to particular houses. Only multi-agents approach and knowledge-based
approach are easy for human to explain in modeling contextualized activities in specific
houses. However, multi-agents models are very complex to implement in households
with many members while existing knowledge-based models only focused on the
occupancy or occupants’ interactions on building components. Thus, to improve the
energy simulation in specific households, it is interesting to propose an approach in

modeling contextualized activities that can deal with above limitations.
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Table 2.1 — Summary of existing approaches in occupant activity model

Fixed schedules| Data-based Statistical Multi-agents Knowledge-
based
actions or
fixed conventional| deteministic label p.r°°,ab"."y reaptuons o NPT
How an activity is . distributions satisfy model between
values, describing what L , .
represented ? ) for an activity to | occupants activity and
fixed schedules occupants do ) .
happen needs in a related variables
specific context
Ocunancy' occupancy, ocgupancy, ocgupancy, occupancy,
actions on actions on buildin actions on actions on actions on
Kind of activity building elements . 9 building building o
A components, daily building
(doors, windows, activities components, components, components
thermostat, etc.) daily activities daily activities P
How time is . . continuous or continuous or .
discrete discrete . . discrete
managed? discrete discrete
Can be used for s no os os s
simulation? y y y y
is genevative or deterministic deterministic generative ge.n.e ratlve/deter generative
deterministic? ministic
Is verifiable? no yes no yes yes
Is easy to
frnsform no es es no es
to another Y y y
context?
very complex to | complex if there
define agents are many nodes
Is easy to easy to . easy to and its context, | but experts
. easy to implement | | .
implement? implement implement especially when | knowledge can
there are many | be used to
agents define
defined
How people comforts,
. causal-effect
preferences calendar, rules learn from data learn from data | actions, . .
. . relationship
are modelled? interactions of
agents
Is easy to e .
explain? easy difficult difficult easy easy
Is specific for
particular no yes no yes yes

households ?
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2.3 Conclusion

In the building sector, to take account of impacts of occupants on many useful
applications such as energy simulation, energy management, monitoring systems
and energy feedback, many different approaches have been proposed to estimate
occupant activity. Based on the objective and the complexity of these approaches,
we divided them into five main groups: fixed-schedules, data-based, statistical-based,
knowledge-based, and agent-based.

The objective of this chapter was to present an overview of the advantages and the
limitations of the existing approaches to address the contribution of this thesis. Among
many applications, this research aims to improve the estimation of occupant activity in
energy simulation in residential buildings. There is a significant discrepancy between
estimated occupant activity and actual occupant activity. Most of the existing activity
models in energy simulation are constructed based on survey data. However, the hybrid
of survey data makes these models difficult to be verified and not proper for a specific
house. It leads to the necessity of an approach in estimating contextualized occupant
activity in residential buildings.

Dealing with the above issue, our research aims to consider the context in the activity

models. To do it, our works use the knowledge-based approach to:

e estimate occupant activity in houses with specific contexts, which depends on both
information of contexts and sensors data.
e estimate the energy impacts of contextualized occupant activity in the house in

order to explore the consequences of activities when they are performed.

The methodology and the implementation of these models will be presented in next

chapters (chapter 5, 6).
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3.1 Introduction

In chapter 2, we analyzed and discussed the existing approaches dealing with occupant
activity modeling, their capabilities and their limitations. To better match existing
households, we are going to propose a contextualized activity model. This chapter
includes three main sections with different objectives. Section 3.2 presents the
general definitions and the principles of modeling contextualized occupants’ activities.
Section 3.3 memorizes the capabilities and the limitations of existing occupant activity
models and presents the benefits of contextualized activity model. Finally, section 3.4
states the problem with the objectives, research questions and a proposed methodology

for the design of contextualized occupants’ activity model.

3.2 General definitions and concepts

3.2.1 Time discretization

The time is continuous with a finite number of seconds. Occupants do not change
their activities every second. Considering these activities at every second could be
impractical. In addition, occupants better manage their activities with qualitative and
discrete times. Thus, we define a timestep as a discrete interval of time in which
contextualized activities are investigated.

Timesteps with small resolution (1-minute, 5-minutes, etc.) yield a better precision
about the activities, but it leads to computation time and extra labelling efforts from
occupants. Larger resolution (1-hour, 2-hours, etc.) reduces the labelling effort but the

accuracy decreases (Albatayneh et al., 2015; Haigh et al., 2011).

3.2.2 The home context

There are significant discrepancies in human activities between houses. Context is
an important factor affecting human behavior and explaining this gap (Kashif et al.,
2011). Henricksen et Indulska (2005) defined the context of an activity as "the set of
circumstances surrounding it that are potentially relevant to its completion". Similarly,

Xuan Hoa Binh et al. (2010) defined context as "any information that can be used to
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characterize the situation of an occupant at home". In particular, they identified five main

elements of the home context: the occupants, the time, the location, the environment

and the objects. In a household, individuals could do activities in different locations.

For example, a family member studies in the bedroom, whereas another member does

it in the living room and sometimes in the bedroom. Thus, to specify this information,

this work supplements the above definition with an additional term located activity,

which describes the location where an activity is assumed to be located. The considered

context elements are presented in table 3.1.

Table 3.1 — Proposed context elements at home completed from Kashif (2014)

Context element Definition Example

Occupant It is a person who is at home. | Family = members  (parents,
It can be a family member or | children, etc.), visitors (friends,
a visitor. neighbors, etc.)

Time It is discretized timestep and | Sunday 03-10-2021 18:00:00 to
composed of time slot during | Sunday 03-10-2021 18:30:00
one. It covers day of the
week, day-month-year and
hour:minute:second.

Location It can be a room or an outdoor | Living room, kitchen, bathroom,
location bedroom, garden

Environment indoor environment Air temperature, air relative

humidity, CO, concentration,
lighting

Objects They are domestic electric | Microwave,  toaster, coffee
appliances and others | machine, HVAC, windows, doors
(systems, furniture, etc.)

Located activity | It is the relation between an | Reading in the bedroom and
activity and a location where | reading in the living room are
it happens different activities

Each context element can have some characteristics.

For example, an indoor

environment includes an air temperature, a relative humidity, a luminosity and a CO,

45




concentration. In the same manner, an electric appliance has a name, a location, its
energy consumption, etc.

The context elements can affect occupant activities and reciprocally, occupant
activities could influence some elements of the context (Hong et al., 2017). In order to
model occupant activity in dwellings, the context in which occupant activities happened
must be recorded. A method to collect the information about occupant activities and

the context is presented in chapter 4.

3.2.3 Occupant activity

Milliken et Honeycutt (2004) terms an activity as ways occupants strive to satisfy
their physical needs, to survive or to be comfortable. Similarly, (Kashif et al., 2013;
Xuan Hoa Binh et al., 2010) defined an activity as "the actions or reactions, usually
in relation to its environment, which purpose to satisfy occupant needs according to the
current context". This definition states that an activity could include some actions
and interactions with objects. However, the definition requires to define the needs
of inhabitants, which are complex to identify for households with many activities.

In a statistical approach, Wilke et al. (2013) defines an activity with two parameters:
starting probabilities and probability distributions for durations. Aerts et al. (2014)
divided activities into two groups: tasks and personal activities. Besides the starting
probabilities and the distribution for possible duration, an occupant assignment
probability and an activity compatibility are considered to assign activities to the
most suitable individual. In addition to the starting time and the duration, detailed
information about the impacts of activities on the environment and building energy
consumption is also necessary to consider and evaluate possible energy management
solutions.

In this work, a located activity is defined as what a person or a group does or has

done during a time step in a given place. It includes:

e a label; environment, doors, windows,
e a timestep; domestic appliances, etc.);
e possible actions on some of context e a location;

controllable  variables (indoor e impacts on the context (changing
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temperature, consuming electricity, e participants.

etc.);

During a located activity, occupants can have some actions on some context
controllable variables (turning on the domestic appliances, opening windows, etc.).
These actions could affect some context elements and cause energy impacts as

increasing the air temperature or consuming electricity. An example of this definition is

presented in figure 3.1.

activity
4,

action A
action B
action C

Some context controllable variables
(indoor environment, doors, windows, appliances, etc.)

I B

Building energy and air quality
(Air temperature, humidity, luminosity, electricity, etc.)

affect
affect
affect

Figure 3.1 — Illustration of an activity

In the next, an activity will implicitly denote a located activity. In a simulation,
an activity is usually simulated via representative patterns during the time of the day.
These patterns usually include the probabilities that occupants’ activities happen in each
timestep. To consider it, statistical approaches define the non-located activity profiles
as distributions, which present the conditional probability that non-located activities
are performed given the time of day (Wilke et al., 2013; Aerts et al., 2014; Tanimoto

et al., 2008). Figure 3.2 presents an example of a statistical activity profile in residential
buildings proposed by Wilke et al. (2013).
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Figure 3.2 — Example of statistical activity profile in a residential building studied by
Wilke et al. (2013)

3.2.4 Consequences of an activity

As mentioned above, an activity could comprise related actions that affect the indoor
environment and consume energy in the house (Ouyang et Hokao, 2009; Pal et al.,
2019; Chen et al., 2021). In this thesis, we define the consequences of an activity as its
potential impacts on some controllable variables of the context (environment, actions
on domestic appliances, actions on doors/windows, etc.) regarding building energy
performance and human comfort when the activity happens.

For example, when someone studies in a living room, he can open windows and
doors: these actions lead to a reduction of the CO, concentration in the room. For
another instance, it is assumed that many people are cooking in the kitchen. It increases
the CO, concentration and the air temperature. They often use a microwave or a toaster
that consumes electricity. Investigating these consequences could provide occupants
better understanding of their energy consumption, which could suggest improvements

or changes in their practices.
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3.3 Contextualized activity models: opportunities and

challenges

3.3.1 Difference between representative and contextualized
activities

As mentioned in chapter 2, many proposed statistical approaches did efforts to analyze
the households’ characteristics (number of people, building type, income, etc.) to
estimate occupant activities in residential buildings from time-use surveys data (Aerts
et al., 2014; Vorger, 2014; Wilke et al., 2013). However, representative activities
contain average activities corresponding to aggregated data related to different contexts
(national statistics combined with different types of actions, type of populations, type of
places). Their outputs are not specific to particular households. Even in similar houses,
the patterns of occupant activities are still diverse. For example, in a study carried out
by Zaraket (2014), the author showed that for similar single households, the simulated
electricity consumption of washing machine could fluctuate from 0 kWh/month to 19
kWh/month and the range of watching TV is from 0 kWh/week to 10 kWh/week. In
another study, Aerts et al. (2014) analyzed that with the same building characteristics,
the annual electricity consumption of a Belgian household with two people aged 25-39
working full-time can range from 200 kWh to 12000 kWh.

The objective of the statistical approaches is to model average activities for
households with similar characteristics. Even though a household with average
characteristics could exist and match by chance. Average households are virtual in the
way that an average household behaving like the average of households is difficult to be
found and therefore it leads to the validation issue in these households. More generally,
an approach aggregating different contexts can not aim to address contextualized
activities because it does not correspond to any particular context. Figure 3.3 presents
an example of the above limitations in the statistical approach. To model representative
activities for a household, the statistical data with different households is used to build
an average model to determine representative activities in similar households. Because
this model contains the information of many households, its results are not specific to

any household and they are difficult to be verified. Besides, to estimate contextualized
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activities in a household, a contextualized activity model is built based on the dataset
of this household. It helps the models’ results to be specific to the household and thus,

to be verifiable.
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Figure 3.3 - Differences between representative activities and contextualized activities
approaches

3.3.2 The reminder of limitations in existing occupant activity

models
In chapter 2, some limitations in existing activity models have been presented as follow:

e Firstly, most of existing models focuses only on actions on windows/doors/blinds
or ventilation. Only a few models concern occupants’ daily activities such as
cooking, watching television, and their energy impacts.

e Secondly, some data-based models with measurements were proposed to model
occupant activities. However, the task of collecting labels is challenging. Cameras
could be used but they are rarely permitted except in laboratories since the privacy
concerns.

e Thirdly, most of the models are black-box models, data goes in, labels come
out. These models contain complex mathematical functions to determine the

relationship between the inputs and the outputs so that they are difficult for
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many people to understand. Particularly in artificial neural networks, inputs
are transformed through multiple layers with different functions to estimate the
activity. Thus, in these models, relationships between activities and related
variables are quite difficult to explain. However, these explanations are of
great importance to give feedback and recommendations and enhance occupants’
awareness of their activities compared to other households. Indeed, it could be
useful for them to change some of their practices to save energy and improve their
comfort in the house.

e Finally, statistical models are popular to simulate daily occupants’ activities with
survey data. However, statistical models’ outputs are average and it leads to the

question of the verification of such models in a specific context.

3.3.3 Contributions of contextualized occupant activities modeling

When modeling occupant activity, validation is an important task to evaluate the model
performance. However, this task is challenging with representative activities because
the average households are virtual and they do not have the actual dataset of occupants’
activities. Thus, in existing households where the information of occupants’ activities
can be collected, contextualized activities are more interesting than representative
activities because they are verifiable and more specific.

Modeling contextualized activities and their electricity consumption can contribute
to many applications. To renovate an existing building, verifying its current energy
performance is an important task. BPS software is usually used with the current
building envelope and settings to support this step. In this task, contextualized activities
can contribute some useful inputs (occupancy, actions on doors/windows, electricity
consumption, etc.) to improve the performance of the simulations. Selecting retrofitting
actions is another important task in building renovation. This task usually uses BPS
software to evaluate the energy impacts of potential renovation strategies. Though
occupants’ activities after retrofitting actions can not be known, contextualized activities
can be useful to construct activity profiles in energy simulations. These potential
applications of contextualized activities in building renovation is presented in figure 3.4.

On the other hand, contextualized activity model can provide feedbacks and

recommendations to occupants on their activities and energy impacts. They are
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useful to enhance occupants’ awareness of their practices and their energy impacts.
Besides, contextualized activity model can extend the databases of occupants’ activities
in dwellings. This database is more specific than the statistical dataset. Thus,
when considering a specific household, this database can be used to select the most

representative household of this household.
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Figure 3.4 — Applications of contextualized activities in building renovation

With the above benefits, it is motivating to model contextualized occupant activity
in houses. To deal with the limitations of existing approaches, contextualized activity

models must satisfy these requirements:

e to be human-understandable;

e to consider the diversity of occupant activities.

3.4 Problematic: contextualized activities modeling in

dwellings

This study aims to propose a methodology to overcome limitations of the existing
models of activities in dwellings. In this section, we state the problem of modeling

contextualized activities and their related energy impacts.
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3.4.1 Objectives and research questions
3.4.1.1 Concerned activities

At home, many activities can be investigated. Wilke et al. (2013) modeled twenty
activities such as relaxing, studying, cooking, etc. (see figure 3.2). They include both
in-home activities and outside activities. In addition, many activities are difficult to
distinguish, such as relaxing, reading and watching television. In another study, Aerts
et al. (2014) focused on a set of eight activities related to electricity consumption:
preparing food, vacuum cleaning, ironing, doing the dishes, doing laundry, using a
computer, watching television and listening to music. However, some activities such
as listening to music, using a computer or watching television are challenging to
classify independently except using surveys. Here, the work focuses on modeling
several activities that could have significant impacts on energy, particularly electricity
consumption in houses.

The following activities are concerned:

e Doing personal care; e Cooking (breakfast, lunch, dinner);
e Drying clothes; e Entertaining (using a computer,
e Washing dishes; watching television, listening to
e Washing clothes; audio, etc.).

3.4.1.2 Research questions

The objective of the research is to address the following questions:

Question 1: How to estimate contextualized occupant activities in specific residential
buildings with a set of sensors?

In this question, the objective is to propose a model to use sensors data to
estimate concerned occupants’ activities. The relationship between them needs to
be investigated. Besides, the model must satisfy the requirements mentioned in the

previous section.

Question 2: How to evaluate the electricity consumption of activities in a given context?
Occupants’ activities can cause different types of energy impacts such as electricity

consumption, impacts on HVAC systems or impacts on indoor air quality. However,
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some energy impacts are difficult to measure directly and thus are difficult to validate.
Therefore, this question aims to analyze relationships between activities and electricity
consumed by appliances, which can be measured directly from sensors. For example,
we would like to study when occupants used to cook, which appliances they used, and

how they consumed electricity.

Question 3: How to simulate occupant activities and their consumed electricity in specific
houses?
To support the evaluation of the building design in a renovation strategy, the

objectives of this question is to :

e Investigate activity profiles and simulate occupant activities.

e Simulate the electricity consumption dependent on occupant activities.

3.4.2 Proposed methodology to model contextualized activities

This section proposes a general methodology with three contextualized models

corresponding to three research questions:

1. Activity estimation model

e Objective: estimate occupant activities and construct activity profiles in
specific households with a set of sensors. Specifically, at every time step of the
day, the model aims to detect the labels of activities that are corresponding to
in-situ measurements. This model should satisfy the requirements mentioned
in previous section.

e Inputs: measurements of indoor conditions (temperature, humidity, etc.),
movements, actions on doors/windows, and electricity consumption of
appliances.

e Outputs: labels of activities in each time step of the day and constructed
activity profile.

e Validation:

— comparisons between estimated activities and observed activities.
— statistically comparisons between estimated activity profiles and actual

activity profiles.
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2. Electricity model

e Objective: determine and evaluate the energy impacts, particularly in
electricity consumption of contextualized occupant activities. Specifically,
this model aims to analyze the used appliances and how they consumed
electricity involved with concerned activities.

e Inputs: activities labels and actions on domestic electric appliances.

e Outputs: distributions of electricity consumption of appliances dependent on
occupants’ activities.

e Validation: the model is used to re-simulate electricity consumed by
appliances. These simulations are statistically compared with measured

electricity.
3. Activity simulation model

e Objective: simulate occupant activities and their consumed electricity. This
simulation is used to evaluate the retrofitting actions when renovating
existing buildings.

e Inputs: activity profile determined from estimation model and electricity
model.

e Outputs: simulated activities and electricity consumed by related appliances
in a long-term period of time.

e lalidation: comparison of consumed electricity of appliances between

contextualized approach and measured consumptions.

These models are combined together to represent the occupant activities and their

related electricity consumption in houses (see figure 3.5).
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Figure 3.5 — General methodology to model contextualized occupant activities and their
related electricity consumptions

The steps to model a contextualized activity in the house are presented as follows:

1. The necessary dataset is collected from installed sensors and from occupants in
situ. To consider the context, the methodology uses both measurement and labels
of activities.

2. From the collected dataset, an activity estimation model is built to estimate
occupant activities. This model is then applied to extrapolate the labels of
activities that are missing in the dataset. Estimated labels from the activity
estimation model are used to build the activity profiles.

3. An activity related electricity consumption model is built based on the
measurements and activity labels. This model determines the relationships
between activities and related electricity consumption of appliances.

4. The estimated activity profile and the electricity consumption distribution
determined by the electricity model are used to build an activity simulation
model. This model simulates occupants’ activities and electricity consumed by

related appliances in long-term periods of time.
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3.5 Conclusion

Existing activity models have limitations (see chapter 2). There are not verifiable
(statistical ones), hardly understandable (data-based ones) and highly complex
(agent-based ones). To deal with these issues, this study aims to propose a methodology

to model contextualized occupant activities that would:

e be verifiable and human-understandable;

e enhance awareness of occupant on activities regarding energy in situ;

e support energy simulation in verifying building energy performance and selecting
retrofitting actions in building renovation.

e give explanations on occupant activities and their energy consumption by
investigating the relationship between them;

e provide outputs taking into account the diversity of occupant activities. Thus, it

should be a generative model.

To reach these contributions, three contextualized activity models are proposed with

the objectives as follows:

1. activity estimation model - to estimate labels of occupant activities, based on the
measurements and the contexts in houses.

2. electricity consumption model - to estimate the consequences and their
electricity impacts when activity happens in houses.

3. activity simulation model - to simulate sequences of activity and their electricity

consumption in specific houses.

These models are aggregated together to represent the impacts of occupant activities
in houses. The descriptions and the implementations of these models will be presented
in the next chapters. Specifically, chapter 5 presents the methodology of the activity
estimation model. Chapter 6 focuses on the activity consequences model and the activity

simulation model is described in chapter 7.
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Chapter 4

Data monitoring and case studies
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4.1 Case study descriptions

For this thesis work, two French households were studied: a house in Cestas and an
apartment in Bordeaux, both in the South West of France. The description of the

buildings and the characteristics of each household is given in this section.

4.1.1 Cestas
4.1.1.1 Building plan

The building plan of the case study in Cestas is shown in figure 4.1 with the following

features:

e Description: It is a renovated rural house with an inhabited timber frame extension
inhabited. The house is on one level. It includes a kitchen-living room-entrance
unit as well as three bedrooms, one of which has a private bathroom, the kitchen
and the meal room are in the same heating zone (see figure 4.1).

e Dimensions: The house has an approximate floor area of 150 m? and a height of
2.50m. Thus, the volume of the house is approximately 375 m3.

e Location: Cestas (near Bordeaux), France.

4.1.1.2 Household descriptions

e Members: Many studies focus on the number of members, the range of the age
youngest child, the number of vehicles and the total monthly income as main
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household features (Wilke et al., 2013; Vorger, 2014; Aerts et al., 2014). The
Cestas household is composed of five members with the youngest child in the
range of 5-12 years old. There are more than two vehicles and the monthly income

is greater than 4000 €/month. The characteristics of the members are described
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Figure 4.1 — Building plan of the case study in Cestas, France

in table 4.1.

Table 4.1 — Household members characteristics in the case study in Cestas, France

Number | Gender | Age Job Study level

1 Man + 40 years old | Full-time | Master or higher

2 Woman | + 40 years old | Full-time | Master or higher

3 Woman | 18-40 years old | No Bac-Bac+4

4 Woman | -18 years old No Secondary

5 Man -18 years old No Lower than secondary

e Appliances: The following electrical appliances are available in this household:

— Microwave;

— Oven;

— Coffee machine;

— Toaster;
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— Dishwasher;




— Cooking robot; — Hair dryer; — 2 desktop computers
— Tumble dryer; - Hi-fi system; and 3 laptops;

— Iron; — Radio; — Television;

— Vacuum; — Internet box; — Fridge.

4.1.2 Bordeaux
4.1.2.1 Building plan

The building plan of the case study in Bordeaux are shown in figure 4.2 with the

following features:

e Description: It is an urban apartment of type "Echoppe" on street in northeast
facade, on court in southwest facade. The house has three levels and the rooms
in each level are shown in figure 4.2.

e Dimensions: The house has three levels with the following surface area:
cellar 40 m?, 1° floor 75 m?, 2" floor 35 m?>.

e Location: Bordeaux (in the sector of the Pessac barrier) in France.
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Figure 4.2 — Building plan of the case study in Bordeaux, France

4.1.2.2 Household descriptions

e Members: The household has four members with the youngest child in the range
5-12 years old. There are more than two vehicles and the monthly income is from
1900€/month to 4000€/month. The characteristics of the members are described
in table 4.2.

Table 4.2 — Household members characteristics in the case study Bordeaux, France

Number | Gender | Age Job Study level

1 Man + 40 years old | Full-time | Master or higher

2 Woman | + 40 years old | Full-time | Master or higher

3 Woman | -18 years old No Lower than secondary
4 Man -18 years old No Bac-Bac+4

e Appliances: The following electrical appliances are available in this household:
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- Oven; — Cooking robot; — Internet box;
— Hotplate; — Washing machine; — Laptops;

— Microwave; — Dishwasher; — Television;
— Coffee machine; — Tumble dryer; — Fridge.

— Toaster; — Vacuum;

— Boiler; — Hi-fi system;

4.2 Sensors for occupant activity estimation

The estimation of occupant activities highly depends on collected features from installed
sensors and discovers relationships between these features with human practices. The
use of sensors comes from the assumption that when occupants perform some activities,
they interact with the surroundings, which could affect environmental conditions (CO,
concentration, air temperature, air humidity, etc.) and consumes electricity when
use appliances are used (microwave, computer, TV, etc.). It raises the question of
determining sensors that need to be installed. This section analyzes common sensors
used in existing works dealing with occupant activities and presents a protocol to

manage sensors data in the case studies.

4.2.1 Sensors in existing activity models
4.2.1.1 PIR Motion Sensor

A passive infrared sensor (PIR sensor) is generally an electronic sensor that measures
infrared (IR) light radiation emitted from objects which generate heat in its fields of
view. PIR sensor detects changes in the amount of infrared radiation impinging upon
it that varies depending on the temperature and surface characteristics of the objects
in front of the sensor. When an object, such as a person, passes in front of a PIR
sensor, the sensor detects this movement based on the difference between the room
temperature and the body temperature. PIR sensors are usually used to detect the
inhabitant presence in buildings. Elbayoudi et al. (2019) used PIR sensors in estimating
and identifying trends in activities of daily living or activities of daily working. From

these trends, the authors could predict the evolution of human behaviors. In another
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study conducted by Amayri (2017), PIR sensors were used to detect the occupancy and
to support the estimation of activities in residential buildings. Akbari et Haghighat
(2021) used information from PIR motion sensors to extract the household’s daily

occupancy patterns and to link them to load-shifting of the energy consumption.

4.2.1.2 Power sensor

A power consumption sensor is generally an electronic sensor used with an electric
socket to measure the electricity use in this socket. The sensor captures the
instantaneous energy consumed by various plugged-in appliances. It provides
information on how humans use electrical appliances and their related energy
consumption. Amayri (2017) used power consumption sensors with Bayesian Network
to estimate occupancy in the office and human practices in residential buildings. Sonta
et al. (2018) used the data of electricity consumption and unsupervised learning

technique to classify occupant activities.

4.2.1.3 Door/windows contact sensor

A contact sensor is generally a magnetic sensor used to detect the opening/closing of
doors or windows in buildings. It usually comprises two parts - a sensor and a magnet.
The sensor is usually placed on the stationary frame to avoid damage, and the magnet
is usually placed on the moving portion of the door/windows. Whenever the door is
opened, the magnet moves and becomes separated from the sensor. This event triggers
the sensor to detect the opening/closing of doors/windows. Lee et Malkawi (2014)
used the actions on doors/windows in modeling occupant activities with agent-based
systems. Agents could change these actions to optimize their defined comforts.
Alyafi (2019) analyzed the relationships between the actions on doors/windows and
the effects on indoor environmental conditions such as air temperature and CO,
concentration. These identified relationships were used to recommend better actions

on doors/windows.
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4.2.1.4 CO, Sensor

A CO, sensor is used to measure the concentration of carbon dioxide present in the air,
in particles per million (ppm) of CO,, which could represent a feature of the air quality
in the building. This sensor usually provides useful information related to human
presence. Indeed, through respiration or breathing, the human body uses oxygen and
produces CO,. Wolf et al. (2019) proposed a Markov-switching model with CO, level for
occupant activity estimation. Amayri (2017) used CO, concentration with Decision Tree
algorithm to estimate the number of occupants in the office. Alyafi (2019) also used a
physical model and an optimization method to analyze the impacts of occupants’ actions
on doors/windows on indoor conditions such as CO; concentration, air temperature,

etc.

4.2.1.5 Acoustic sensors

A single omnidirectional microphone can be used to recognize various activities in a
room. Omnidirectional microphones can pick up sound from virtually any direction.
They are considerably cheaper than having multiple unidirectional microphones, and
prove to be much advantageous in places where it is required to track/listen to multiple
sources like in meetings, and discussions, etc. Amayri (2017) and Padmanabh et al.
(2009) used acoustic sensors in detecting occupancy and estimating occupant activities
in conference rooms. In another study conducted by Kim et al. (2020), acoustic sensors
were used with deep learning technology to detect and monitor occupant behavior in

single-person households.

4.2.1.6 Air temperature, luminosity and relative humidity sensors

An air temperature, luminosity and air relative humidity sensor is generally an
electronic sensor used to measure the temperature and the relative humidity of an air,
which represents the environmental conditions. This sensor provides potentially useful
information related to the consequences of occupant activities and their effects on the
building. Chen et al. (2021) and Alyafi (2019) mentioned that the windows behaviors
could affect environmental conditions (temperature, relative humidity). Fabi et al.

(2013) proposed the models of occupant’s behavior patterns to investigate how different
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behavior patterns influence indoor air temperature and relative humidity. Results

showed that the indoor environmental quality is related to the occupants’ behavior.

4.2.2 Sensors location in the case studies

In this work, the following sensors in modeling occupant activity were used:

e PIR motion sensors; e CO, sensors;
e Power sensors; e Air temperature, luminosity and
e Door/windows contact sensors; relative humidity sensors.

The installation and the management of the sensors in the case studies are presented

in the next.

4.2.2.1 Cestas

In this case study, the following sensors were installed:

e 7 PIR motion sensors;
e 10 contact sensors;
e 16 power sensors;

e 5 CO, sensors and 4 air temperature and relative humidity sensors.

There are many available domestic appliances in this household but just some of them

were measured:

e Each power sensor was used to measure the electricity consumption of a coffee
machine, a toaster, a cooking robot, a washing machine, a dishwasher, a tumble
dryer and a fridge.

e A microwave and an oven were measured by a same power sensor. In the next,
the microwave will implicitly denote the consumption of both the microwave and
the oven.

e Audio and video devices in the living room were measured by a same power
sensor. In the next, the audio and video devices will denote to the consumption of

these appliances.
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Figure 4.3 presents the location of PIR motion sensors, power sensors and
door/windows contact sensors in the rooms in the Cestas case study. Some pictures

of installed sensors are also shown in this figure.
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Figure 4.3 — The positioning of PIR sensors, power sensors, contact sensors and some of
their images in Cestas site

Sensor data in this case study were recorded for a consecutive period of about one
and a half years (December 2018 to September 2020). The frequencies of data are

different depending on the type of sensors.

4.2.2.2 Bordeaux

In this case study, the following sensors were installed:

5 PIR motion sensors;

9 contact sensors ;

10 power sensors;

3 CO. sensors and 3 air temperature and relative humidity sensors.
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Figure 4.4 presents the locations of PIR motion sensors, power sensors and
door/windows contact sensors in the rooms in the Bordeaux case study. Some pctures

of installed sensors are also given in this figure.
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Figure 4.4 — The position of PIR sensors, power sensors, contact sensors and some of
their images in the Bordeaux site

Sensor data in this case study were recorded for a consecutive period of about nine
months (October 2020 to July 2021). The frequencies of data are different depending
on the type of sensors.

A large number of installed sensors in the case studies leads to costly
implementation. It raises the question: Is it possible to reduce some of these sensors but
ensure the quality of the occupant activity models? Answering this question can help us

to save the budget for future implementation campaigns.

4.2.3 Protocol to monitor, process and store sensors data

In each case study, the task of data processing can be summed up to six steps presented

in figure 4.5. These steps are:

1. Once sensors are set up on sites, they measure specific data with different
frequencies depending on the type of sensors.
2. Via specific communication channels (LORA, EnOcean, etc.) of the installed

sensors, the data are sent to a local computer.
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3. An acquisition program has been developed in the LabView environment. It
gathers all the data in CSV files.

4. The generated CSV files are pushed to a remote server thanks to a secure
communication channel (SSH).

5. A service is running on the server that reads the CSV files and sends the data to
a storage database. The database is post-processed to add metadata and generate
alerts in the events of missing data or outliers detection.

6. The raw and clean data can be viewed in a graphical interface from which the

data can be extracted and used elsewhere to create user models.
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Figure 4.5 — Protocol and sensors data management system in this work

To ensure the storage, provision, and graphic representation of the data, we opted for
a solution combining a time series oriented database (InfluxDB) and a web interface

visualisation tool (Grafana).

4.3 User interface application to collect activities labels

4.3.1 Collecting activities labels from occupants

As discussed in chapter 3, in spite of being very suitable for the estimation and modeling
of specific contexts, contextualized activity models require a phase of observation of
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occupants’ practices which is difficult to envisage outside of a laboratory context due to
the privacy policy (Amayri, 2017). Another approach is to use several surveys to collect
the labels of human activities in the house. However, these statistical labels are average
and are not specific to estimate human activities in particular houses. Besides, houses
are complex case studies, where inhabitants perform their activities in different rooms.
So, it requires to have an approach that allows inhabitants to provide their activities
labels independently. In addition, occupants could feel uncomfortable if they need to
spend too much time providing activities labels. Thus, their conveniences and their

comforts should be considered in the way of collecting labels.

4.3.2 Proposed approach: a mobile application

To collect the activity labels, a mobile application has been developed during the Ph.D.

It has the following features:

e The application is distributed to every member of the household. It allows
occupants to provide their labels independently and privately. Each member is
identified through his/her name. The collected labels are then saved into a private

remote database. These steps are described in figure 4.6.
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Figure 4.6 — The user interface of the developed mobile application for collecting labels
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e To help occupants to review their activities, the application can show calendar and
historical labels. Figure 4.7 shows an example with an unlabeled day. The days
where labels have been collected, are marked with green circles. The red circles

belong to the days where activities were not labeled.

Recently activities

)
v @

Sleeping Entertainment

¢ O

Absent Cooking More

®©@ v R

Figure 4.7 — The calendar of labeled/unlabelled days (left) and an example of an
unlabelled day (right) in the developed application

e The application helps occupants to provide labels of activities in the current day or
previous days. Figure 4.8 presents application during the labeling of activities for
a specific day. Considering occupants’ comfort in labelling, 30-minutes timesteps
are used in this application. A day is divided into 30-minutes timesteps, the
occupant labels the activities for each timestep of the day. Some activities could be
performed in different rooms and they are considered as different activities. For
example, an individual can study in the bedroom or in the living room. Studying
in the bedroom is different from studying in the living room. The application

allows occupants to specify their locations.
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Figure 4.8 — An example of a labeled day (left) and an example of the function of
labeling a multi-room activity (right) in the developed application

e We assume that humans have habits and they can have similar patterns of
activities for many days. To help occupants to save time and review their habits
of activities in the past, the application allows the occupant to save their typical
patterns of activities. Users can use these typical daily patterns to fill similar
days regarding their habits. Figure 4.9 shows an example of a typical pattern (on

Monday) and the way to save a typical pattern of activities in a day.
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Figure 4.9 — The features of saving typical patterns of activities (right) and auto-fill
similar days (left) in the developed application
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Using the mobile application can help occupants to feel more comfortable in providing
labels because of it is flexible to be used in many places and in many times. This
application could be applied to different households with different contexts. To do it,
some configurations need to be collected to modify some settings (number of members,
list of activities, locations of activities, etc.) of the application. The calendar and the
typical patterns are useful for inhabitants to remember their missing activities based on
their past habits.

However, there are limitations in the application:

e It requires a lot of information from an household like the list of inhabitants,
the list of activities and located activity settings of each inhabitant (mentioned
in chapter 3). It is a challenge to implement at population-scale with numerous
houses.

e Occupants could loose interest in the application over time. For example, they

could feel bored or forget to use the application.

To deal with these issues, we proposed a notification feature. It allows sending
notifications to occupants to ask them to use the application if they didn’t do it for a
long time (several days). Though similar to many existing applications in smartphones,
notifications could annoy the occupants. Other approach such as interactive learning

(Amayri, 2017) should be considered to deal with this problem.

4.3.3 Reconciliation of collected labels

Because the application is distributed to each inhabitant, the labels collected from all
inhabitants can be inconsistent. For example, an inhabitant can declare that he studied
in the living room at 8 p.m while another one declares that she did not study at that
time because she was outside. Therefore, the collected labels need to be reconciled in
order to build a consistent model for the whole household. To do it, we consider each
activity independently and the collected labels of an activity are reconciled using the
logical OR operator. For example, in a timestep ¢, the labels of an activity collected by n
inhabitants are I}, ..., [ with [} € {0, 1} V i,t > 0. The reconciled label /; in this timestep

is described in equation 4.1.
l,=O0OR(I},I2, ... 1" =1'VIEV.. VI (4.1)
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4.4 Conclusion

In this chapter, two households in Cestas and Bordeaux have been presented to
implement and validate the proposed contextualized activity models. Occupants can
perform their activities, interact with the surroundings, affect environmental conditions
and use electrical appliances, etc. It leads to the necessity of using sensors to capture
these effects. Some existing sensors in activity models are analyzed and the following

sensors were selected and installed in the case studies:

e PIR motion sensors; e CO, sensors;
e Power consumption; e Air temperature and relative
e Door/Windows contact sensors; humidity sensors.

The case studies are described with their building plan, household structures, and
the installation and the management of the sensors.

To model contextualized activities in dwellings, most of the existing approaches
require a phase of observation of human practices or using cameras. These requirements
are challenging to practice outside of a laboratory context. To deal with it, we have
proposed a mobile application to support occupants during the labeling process. They
could use the application to provide their labels of activities at convenient moments.

The next chapters 5, 6, 7 present the methodology of contextualized activity models

and their implementations in the case studies.
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Chapter 5

Estimation of contextualized activities
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5.1 Introduction

To consider impacts of humans on energy consumption, many approaches have been
proposed. They estimate occupant activities and their related energy impacts. There
are still limitations in these models, especially in modeling occupant activities in
specific households (mentioned in chapter 2). To deal with these limitations, a general
methodology with activity models to tackle the research questions were presented in
chapter 3. The objective of this chapter is to answer the question: "How to estimate
occupant activities in specific residential buildings with a set of sensors?".

Specifically, a general approach is proposed to determine sensors that could be
useful to estimate occupant activities in the house. In our study, different sensors
were installed to estimate activities, including motion detection, power measurement,
CO, concentration, indoor air temperature, air relative humidity, luminosity, and
door/window opening. The proposed approach is inspired by a knowledge-based
approach with a graphical model. It starts by determining the most meaningful features.
Then, estimation algorithms are proposed which rely on Bayesian Network. They aim to
explore the relationships between human activities and energy-related context factors
in the house. Further, the model must be human-understandable and be verifiable.

In this chapter, one example of the cooking activity is used to illustrate all
methodological aspects. Then, the model is implemented in the two case studies (Cestas
and Bordeaux) to test the methodology and its generalization. The estimated results are

then compared to actual results to assess the model accuracy.

5.2 Methodology to estimate contextualized activities

5.2.1 Problem statement

As mentioned in the previous chapters, occupants’ activities play an essential role in
the building energy consumption. Determinations of occupants’ activities are crucial to
assess the energy impacts of occupants on building performance and evaluate building

energy performance. It is challenging to detect occupants’ activities directly using
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cameras due to the privacy policy. The context factors could provide information about
these activities. During an activity, occupants can have many actions such as opening
doors or operating appliances. These actions affect and cause changes to some context
factors (see figure 5.1). This relationship is helpful to deduce occupant activities from
the context. For example, to study, an occupant goes to the bedroom, closes the door
and turns on the light in the room. Its actions affect the indoor environment in the
bedroom. Its presence increases the CO, concentration, its actions on the lighting
system increase the luminosity in the room. In addition, many context factors can be
collected through some basic sensors (temperature, doors contact, power consumption,

etc.), which are more acceptable than cameras or wearable sensors.

Occupant activity

has
action 1 ... actionn deduces
affect

Context (environment, objects, etc.)

Figure 5.1 — The relationship between occupant activity and context

Here, the work proposes a model M to estimate the states of occupants’ activities
from sensors, which are installed to measure the context information. In formula, at
timestep ¢, the context is represented by the vector X; with n factors xy, k € [1;n], state

a, of an activity a is determined as in equation 5.1.
ay = M(X}) = M(x14; .. g5 Ty (5.1)
with:
0 activity a does not happen at ¢
" 1 activity a happens at ¢

For example, in September 2™, 2019, from 18:00 to 18:30, when the data of air relative
humidity, luminosity and temperature in the kitchen are available, we would like to

estimate whether occupants cook during this period (see figure 5.2).
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Figure 5.2 — An example of cooking estimation problem

Objectives and contributions

To estimate occupant activity, this study deals with the two following problems:

1.

Determining a set of meaningful information to estimate occupant activity. There
are many factors in a home context. Some information is useful to estimate
occupant activity while others are not. Thus, detecting information that is related
to the activity is important.

Building a model to deduce the states of activity from selected information. To
tackle the limitations of the existing approaches (not verifiable, deterministic
output or not understandable) mentioned in chapter 2, the model must meet the

following requirements:

e be friendly for humans to understand and explain the parameters and results;
e have stochastic outputs to integrate into energy simulations;

e be verifiable.
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General methodology

To address the above problems, a methodology is proposed in figure 5.3 with five main

steps as follows:

Context (sensors data, questionnaires)
and activity labels

Y

: Output Cleaned data
1. Preprocessing data
v
Output
2. Generating features Generated features
Output _
3. Determining meaningful features Meaningful features
Output ,
4. Building activity estimation model Estimated labels

5. Validating the model quality

Figure 5.3 — The general methodology to estimate contextualized occupants activities

1. Preprocessing sensors data: the raw data of sensors could be not clean, not in
the exact time resolution because of the different sensor’s settings and could face
signal and network issues. Thus, it is essential to clean and normalize the data.

2. Generating features: many features can be hidden from sensors data.
Constructing them is useful to have more information on occupant activities.

3. Determining meaningful features: among many constructed features, some
of them are not relevant depending on the considered estimation. Selecting
meaningful features and removing others is essential. Information gain is a criteria
for evaluating the contribution of one variable to another. In this work, this criteria
is used to determine which features are most relevant to occupant activities.

4. Building stochastic activity model: a model needs to be proposed to
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deduce occupants’ activities from selected features. As discussed in chapter 2,
Bayesian Network is a probabilistic graphical model that provides understandable
parameters and outputs. It satisfies the requirements of the expected model. Thus,
BN is used to estimate occupant activity in this work.

5. Validating the model: The validation is a contribution of the model. This step is
to evaluate the model quality by comparing estimated activities to the observed

labels.

These steps are sequentially presented in the next sections.

5.2.2 Preprocessing sensors data
Removing abnormal data

Despite using reliable sensors, some abnormal data points, which are significantly
different from others, could be observed. Removing these points is essential to ensure
the reliability and quality of data. Many reasons can cause abnormal values. In
literature, Ayadi et al. (2017) presented three sources leading to the anomalies: noises
or errors, unexpected events and malicious attacks. Noises or errors come from sensors’
faults. They often last for a short period and they may occur frequently (Bettencourt
et al., 2007). Unexpected events are often caused by changes in the real world (fire
detection, earthquake, etc.) and they often last for a long period (Rajasegarar et al.,
2006). Malicious attacks are related to network security and abnormal data points
can be injected or modified by external factors (Baig, 2011). To detect abnormal
values of sensors, many approaches have been proposed such as supervised learning,
unsupervised learning or statistical analysis (Hill et Minsker, 2010; Ayadi et al., 2017).

Detecting anomalies of sensors data is a challenging task and it needs a lot of efforts.
The thesis does not focus on this problem and we just consider noises in sensors data. To
avoid the other types of anomaly, we remove the period of data that contains anomalies
for a long period. This task is performed manually with supports of visualisation tools.
To detect abnormal data points, we identify whether they exceed valid physical ranges,
which are different from sensors. For example, energy consumption and the CO,
concentration must not be negative. In addition, the statistical method proposed by

Amayri (2017) is applied to determine whether a data point is significantly different
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from neighborhoods. Although these methods are limited to many types of anomalies,
they are selected because they are easy to implement to both discrete and continuous

data and have low computation costs.

Filling missing values

Missing data points frequently exist in event-triggered sensors (contact sensors, PIR
sensors, etc.), in which no data points are recorded if no change is detected. In addition,
due to the removing anomalies step, several data points would be missing. Filling these
missing points is essential to complete the dataset. Many methods can be applied to
tackle this task. In this work, the filling methods are selected depending on types of

SENSOors:

e with contact sensors, which detect discrete states (open/close) of objects (doors,
windows), missing points represent that the objects do not change their states.
Therefore, these points are filled by the latest recorded state of the objects;

e with PIR sensors, data points are recorded in each period of time or if a
movement is detected. Thus, missing data points of these sensors are set by zero
(0) values. This method is also applied to power sensors, which work similarly to
PIR sensors;

e with ambiance sensors (air temperature, air relative humidity, luminosity,
CO; concentration), which capture continuous values, missing values should be
interpolated from other values. As mentioned above, we only consider short
periods of missing data. Linear interpolation is a popular method to deduce time
series missing values depending on neighbor values. This method is used in this
work because it can work efficiently in short periods (less than 1 hour) of missing

values (Lepot et al., 2017; Picornell et al., 2021; Demirhan et Renwick, 2018).

In summary, to clean the raw dataset, two tasks are applied: filtering (removing) invalid

data points and filling missing ones (see in figure 5.4).

T~
Raw sensor data :
r_’ Filtering invalid data| | Filtered data > Filling missing data Cleaned data

Figure 5.4 — Preprocessing data step

A
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5.2.3 Generating features

To estimate occupants’ activities, the BN needs to cross information from the context
factors with labelled activities in the learning phase. Although sensors measurements
contain some context information directly, other features are not directly available from
measurements data and should be derived from it. Generating these additional features
is a crucial step to estimate occupant activities. For example, a power sensor is installed
to deduce the energy consumption of a television every 10 minutes. To detect the
activity of watching television activity every 30 minutes, the energy consumed by the
television of the three corresponding 10 minutes timesteps should be extracted then
summed up. Another example, indoor temperature and outdoor temperature can be
used to extract the gap between indoor and outdoor temperature.

To determine which features are to be generated, the knowledge of the local context
needs to be considered. As mentioned in chapter 3, we consider six main elements
for a context: the occupant, the time, the location, the environment, the objects
and the activity-location. Below, we discuss the generation of features based on this

decomposition.

Time

Occupants’ activities can be affected by the timestep of the day or the type of day
(weekday, weekend). The influence often comes from occupants’ calendars. For
example, occupants can cook breakfast on weekdays earlier than on weekends because
they need to get up earlier on weekdays. Many scientists have been studied the time
when the activity happens (Page et al., 2008; Widén et Wackelgard, 2010; Wilke et al.,
2013; Aerts, 2015). They stated that occupants’ activities could be affected by the
timestep of the day, the day of the week or the season of the year (Wilke et al., 2013;
Vorger, 2014; Aerts, 2015; Amayri et al., 2017). Depending on these studies, we use
the timestep and the type of day (weekend or weekday) as features representing the
time element for a context. The season of the year is not used because the considered

dataset in this work does not cover many seasons.
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Location and located activity

There are many locations in a house. As discussed in chapter 3, an activity is
associated with a specific location. When occupants perform an activity, they can affect
surrounding context factors. These factors can be in many locations but considering
all of them is a challenging task, especially when there are many activities and many
locations. To simplify this problem, when studying an activity, we only consider features

in the activity’s location, which can be given by the located activity element.

Environment

Occupants’ activities can affect indoor environment conditions through actions (as
discussed in chapter 3). Gathering the environment features can contribute useful
information to deduce the actions or the activities. For example, CO, concentration
and luminosity can provide information related to human presences (Widén et al.,
2012; Amayri et al., 2017; Wolf et al., 2019). Indoor air temperature and relative
humidity are useful to investigate actions on doors/windows (Fabi et al., 2013; Chen
et Pollino, 2012). Therefore, features related to environmental conditions should be
generated. As discussed in chapter 4, to consider environmental conditions in a room,
we study the CO, concentration, the air temperature, the air relative humidity and
the luminosity in the room. For each variable in a timestep, many features can be
generated such as average value, maximum value, minimum value, standard deviation,
difference, etc. Each of these features can contribute different information. Because
this work aims to study activities in each timestep, we focus on some features that
cover the information of a variable over a timestep. Therefore, in each timestep,
averaged temperature, averaged CO, concentration, averaged relative humidity and
averaged luminosity are taken into account. In addition, it is better to investigate
differences of variables between timesteps, which can be caused by the impacts of
activities. Thus, in each timestep ¢t € N*, additional compound features are considered:
temperature trend defined as AT, = T, — T;_;, CO, concentration trend defined as
ACOy; = COqy — COq4-1, luminosity trend defined as AL, = L, — L;_;, relative
humidity trend defined as ARH;, = RH, — RH;_;.
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Occupants

It is difficult to detect occupancy (presence, absence) directly. Cameras could be used
but they are limited in many situations. To deal with it, many scientists used motion
sensors to get information about occupants through movements detection (Amayri
et al., 2017; Elbayoudi et al., 2019; Akbari et Haghighat, 2021). As discussed in
chapter 4, PIR sensors were installed in this work to detect whether there is any
movement in a room. This information can be used to deduce the number of motions or
the duration of motions detected in each timestep. In this work, we extract the duration

of motions detected because it is easier to explain than another.

Objects

Features of objects can describe the actions that occupants do during their activities.
For example, states of doors/windows present whether these doors/windows are
opened, the electricity consumption of an appliance can show if occupants use this
appliance. Therefore, the energy consumption of electric appliances and the states of
doors/windows for each timestep should be generated. This information is useful to
consider actions of occupants on objects and then detect occupants’ activities. Here, the
settings of objects are collected through questionnaires. They include information on
available domestic appliances, doors, and windows in each location. This knowledge is
useful to determine which objects should be investigated because we can not investigate
an object that does not exist. For each object, many features can be extracted. For
example, power sensors can deduce the electricity consumption of appliances every
time they are used. This information can be used to estimate the maximum value, the
minimum value or the standard deviation of the electricity consumption of the appliance
during a timestep. In this work, for each appliance, its total energy consumption is
extracted for each timestep. This feature is selected because uses of the appliance are
considered over the timestep. It is important because an appliance can be used many
times. For doors and windows, features such as the number of doors/windows opening
or the total duration (minutes), in which doors/windows are opened, can be generated.
Similar to the features related to occupants’ movements, the total duration is selected

in this work because it is easier to explain.

86



Summary

In brief, from the cleaned sensors dataset, features are generated in each timestep to

estimate an activity in its location as summarized in table 5.1.

Table 5.1 — Summary of the generated features each activity in each location

Generated feature(s) Sensor(s) Context element
Averaged temperature and trend temperature AT Ambience Environment
Averaged CO, and trend CO, concentration ACO, Ambience Environment
Averaged luminosity and trend luminosity AL Ambience Environment
Averaged relative humidity and trend relative | Ambience Environment
humidity ARH
Timestep, type of day (weekday, weekend) All sensors Time
Total minutes that movements are detected PIR motion Occupant
Total minutes that doors/windows open Contact Objects
Total energy consumption of domestic appliances Power Objects

Sensors

The considered context elements in a house at each time step ¢ is represented as a
set of generated features X, = {x;t, xot, ..., x,t}. The choice of duration of the time step
is highly context-dependent. In this work, because 30-minutes timesteps were selected
to collect activity labels (discussed in chapter 4), they are used to extract features and

build models.

5.2.4 Determining meaningful features

From the previous step, a large set of features is generated. However, some features can
be meaningful to estimate an activity but they do not provide meaningful information
for other activities. For example, the air relative humidity is not useful in estimating the
studying activity, the air temperature is not useful in detecting the watching television
activity. Removing them from a model can help reduce noises in the model and save the
budget of sensors installation. This step addresses the problem "Determining the set of

meaningful features in occupant activity estimation".
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In literature, there are three approaches of features selection: filtered-based
wrapper-based and embedded (Khaire et Dhanalakshmi, 2019; Szidénia et Laszld,
2017). The wrapped-based methods build multiple models with many subsets of
features and select the set of features that results in the best performance model.
Filtered-based methods use statistical techniques to evaluate the relationship between
each feature and the target variable. These evaluations are then compared to determine
which features are selected. In the embedded approach, optimal features subsets are
determined during the building of the model. The feature search process is embedded
in the model so that the learning process and the feature selection can not be separated
(Kashef et al., 2018). The embedded approach is only suitable for some specific models
such as Decision Tree, Random Forest and it is not adapted to BN. Here, the objective is
not only to improve the model performance but also to assess the relationship between
features and occupants’ activities. Thus, the filtered-based approach is selected for the
meaningful features determination. Information Gain (IG) is a popular criteria in the
filtered-based approach evaluating how much information a feature provides regarding
a variable (Szidonia et Laszld, 2017). This criteria is useful to determine meaningful
features in building an estimation model (Amayri, 2017; Odhiambo Omuya et al.,
2021).

To compute the information gain, it is necessary to discretize features which
contain continuous values. Additionally, the inputs of a Bayesian Network must be
categorical values. Thus, a discretization step needs to be applied to discrete features
comprising continuous values. In brief, we need two steps to select meaningful features:

discretization of features and information gain estimation.

Discretization of features

The objective of discretization is to determine cutting points to partition the range of
a feature into a small number of intervals. Some automated algorithms could be used
to estimate the optimal splitting points: unsupervised ones such as k-means clustering
(Wang et Song, 2011) or supervised ones such as the Class-Attribute Interdependence
Maximization (CAIM) (Kurgan et Cios, 2004) or the Minimum Description Length
Principle (MDLP) (Fayyad et Irani, 1993). However, these approaches need a predefined

number of ranges and most of them are based on predefined criteria and they do not
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concern the context and the nature of features. To tackle it, some scientists use their
knowledge on features to define more proper numbers of ranges and cutting points
manually (Amayri, 2017; Tijani et al., 2015).

While the best numbers of ranges are not known, we discrete environment-related
features manually in this work. Their splitting points are manually defined by the
knowledge of their nature. Table 5.2 shows some examples of cutting points for these
features, obtained by manual discretization. Similarly, features on doors/windows
opening and motions are also discretized manually. Table 5.3 shows examples of manual

discretization for these features.

Table 5.2 — Manual thresholds of air temperature, relative humidity, luminosity and CO,
concentration

Feature Manual ranges

trend temperature | (-oo, -2), [-2, -1), [-1, -0,5), [-0.5, 0.5), [0.5, 1), [1, 2), [2, +0o0)
°C)

trend  humidity | (-0, -11], [-10,-6], [-5,-3], [-2,2], [3,5], [6,10], [11,+00)
(%)

luminosity (lux) [0, 300], [301, 500], [501, 750], [751, 1000], [1000, +0c0)

CO, concentration | [0, 400], [401, 700], [701, 1000], [1001, 2000], [2001, +oc0)
(ppm)

Table 5.3 — Manual thresholds of features related to occupants’ movements and
doors/windows openings

Feature Manual ranges

Number minutes that motions have been detected (minutes) | [0,5], [6,15], [16, 30]

Number minutes that doors/windows have been opened | [0, 5], [6, 15], [16, 30]

(minutes)

Contrary to the above features, appliances have different power ranges, so
it is difficult to define their cutting points based on knowledge. As discussed
above, unsupervised algorithms can be used to discretize features automatically.
Many unsupervised algorithms can be applied such as k-means, Equal-Width or

Equal-Frequency. In this work, k-means clustering is used because it is easy to
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implement and is flexible with different ranges of data. To apply k-means, the number
of clusters needs to be provided. However, it is difficult to define the optimal number
of clusters for all appliances. In this work, for the sake of simplicity, we assume that
an appliance can have five levels (intuitively selected) of energy consumption during
each timestep into five levels: very low, low, medium, high and very high electricity
consumption. Figure 5.5 presents an example of the five levels for a microwave energy

consumption with a 30-minute step determined by k-means.

Levels values: [0.0, 38.0, 123.0, 253.0, 426.0, 1024.0]
1000

—— microwave
=
£ 800
c
iel
Q.
g 600
>
2 "
g 400 I
3 | I I II 1l |
= | |
o 200
C
(0]
0
N N N Q0 N N
'\‘6\0 Q’\\ \6\ Q’\\ '\6\ Q’\\

Figure 5.5 — Examples of the five levels (very low - yellow, pink - low, violet - medium,
green - high, gray -very high) of a microwave determined by k-means in
the Cestas site

Information Gain estimation for meaningful features selection

Information Gain is based on the notion of entropy (ENT) in the information theory.
Entropy measures the disorder of the data categorized by a target (see equation 5.2).

The higher the entropy is, the higher the disorder associated with this target is.

—_

n—

ENT(y) =— ) —ply=Y;) xlogp(y =Y)) (5.2)

i

Il
=)

where:

e n € N*: the number of category of the target y;

e y: adiscrete target with a value domain defined as dom(y) = {Yo, ..., Ya-1};
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e ENT(y) : the entropy of the target y;
e p(y =Y;) : the probability for y to be equal to the value Y;.

Information Gain (IG) estimates the reduction of labels’ impurity for each feature, the
higher information gain is, the more meaningful feature is. The IG between a feature x

and an activity y is defined in equation 5.3:
[G(z,y) = ENT(y) — ENT(y|) (5.3)

with ENT(y|z) : the conditional entropy of y given x.

When the IGs of features are determined, they are used to sort the features. Then
the most meaningful features with the highest IGs are selected.

An issue that needs to be addressed here is the number of selected features. There
is no optimal number for all activities and it is context-related. In fact, the number of
features could be detected based on the predefined criteria (threshold of information
gain) or manually selected by using the knowledge. In addition, the Silhouette method
(Rousseeuw, 1987; Subbalakshmi et al., 2015) and the Elbow method (Clayman et al.,
2020; Congming et al., 2021) could be used to analyze the relationship between the
number of features and the model performance. These analyses are useful to determine

the optimal number.

5.2.5 Building activity estimation model

A model must be built to deduce occupant activities from selected meaningful features.
As mentioned above, Bayesian Network is chosen to estimate occupants’ activities from

selected meaningful features.

5.2.5.1 Bayesian Network

Bayesian Network (BN) is a graphical model to present relationships among variables.
The knowledge of BN is interpreted through two main elements: a network structure
and parameters, which contain probability distributions (see figure 5.6). The network
structure includes nodes representing features and edges, which express the cause-effect
relationships between these features. The probability distributions comprise the prior
probabilities p(X;) of nodes X; and conditional probability distributions p(X;|X;)
between node X, and node X.
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In BN, the data is fixed and the probability distributions are used to describe the
uncertainty in both model parameters and outputs. In formula, the Bayesian rule is

described in equation 5.4.

yl0) x p(0)

P(oly) = 2 i 5.4)

where:
e P(f|y) : the conditional probability of # given y;

e p(y|0) : the conditional probability of y given 6;
e p(0) : the prior probability.

Edge

Structure A
> Node3
Different distributions

A

Node 3
Different distributions

I
Desecrate probabilities
- Any distribution J

Parameters

Figure 5.6 — General elements of a Bayesian Network: structure and parameters
(Amayri, 2017)

Bayesian Network is a stochastic model that can estimate the probability of an activity
with given features. Additionally, it could be used as a supervised classifier (Bayesian
Network classifier), which determines the activity by optimizing the joint probabilistic

presented in equation 5.5.

n

p(To, 1, ovy Tn) = HP(%’PG(%)) (5.5)
i=0
where

e n € N*: the number of nodes;
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e p(xo,x1,...,2,) : joint probability of nodes in the network;
e 7, : node i in the network;

e Pa(z;) : parents of the node x;.

The learning of the Bayesian Network can be divided into two parts: structure learning
and parameters learning. In the literature, there are three main structure learning
approaches: constraint-based, score-based and hybrid ones (Scutari et al., 2019; Sun
et al.,, 2021). The constraint-based approach uses conditional independence tests
to learn structure. The score-based approach learns the structure by optimizing
a predefined criterion for each candidate (Asvatourian et al., 2020). The hybrid
approach combines both constraint-based and score-based approaches (Caravagna et
Ramazzotti, 2021). To determine the parameters, there are many approaches such
as MAP-based (Guo et al., 2017), maximum likelihood (Redner et Walker, 1984), or
minimax algorithm (Gao et al., 2019). However, both structure learning approaches and
parameters learning approaches require a large amount of data, which is a challenge
in many case studies. To deal with this issue, some scientists used expert knowledge to
define the structure, especially when the number of features is small (Tian et al., 2018;
Hawarah et al., 2010; Amayri et al., 2017). In this work, due to the limited quantity of
activities labels, the structure of BN is defined by expert knowledge and the parameters

are deduced directly from the dataset.

5.2.5.2 Consequences-based Bayesian Network for activity estimation

In houses, inhabitants tend to repeat activities to satisfy their needs (food, water,
entertainment, etc.). These activities become habits and form daily activities of
occupants with a timetable reasonably regular (Kashif, 2014). For example, an occupant
goes to school from 9:00 to 17:00. In the morning, he often wakes up at around 7:00
to do personal care and prepares breakfast between 7:30 and 8:30. In the afternoon,
he comes home at around 17:30. He wants to sleep before 23:00 so that he does other
activities (taking a shower, washing clothes, cooking dinner, studying, entertaining, etc.)
between 17:30 and 23:00. In many studies, occupants’ activities are also stated to be
associated with their habits, which are represented by the time in the day, the day in
the week, etc. (Tanimoto et al., 2008; Hong et al., 2015).

To do activities, occupants can do actions and interact with household objects

93



(appliances, doors, windows, etc.). These behaviors cause effects on environmental
factors (air temperature, relative humidity, etc.) and energy consumption (see
figure 5.1). In particular, occupants’ presence can increase CO, concentration in a
room, their operations of domestic appliances consume electricity and their actions on
doors/windows could cause variations of temperature or luminosity levels, etc. (Kashif
et al., 2013; Pal et al., 2019). For example, in the evening, occupants want to cook
dinner so that they go to the kitchen and turn on the light. CO, concentration and
luminosity in the kitchen increase as consequences. Then, they use the microwave
to heat foods and the kettle to boil water. These actions cause electricity consumption.
Other example: to study, an occupant goes to his bedroom. To be quiet and have privacy,
he closes doors and windows. Then, he turns on the lamp and the computer to do
his homework. Obviously, his actions lead to increased luminosity, CO, concentration,
electricity consumption and a change of the door’s state (open—-close).

Based on the above lots of examples, occupants’ activities and consequences can be
described as follows: Occupants have some needs in usual times in the house. When the
regular times come, occupants do one or many activities to satisfy their needs. To do an
activity, they can do actions on household objects, which can affect some environmental
factors and consume energy. This causal relationship is represented by a conceptual

model in figure 5.7.

Effects on
environment
factors

Actions on
household
objects

Figure 5.7 — Conceptual model of occupants’ activities and their consequences

In this work, the objective is to deduce occupants’ activities from the context factors
represented by features. As mentioned in table 5.1, features are divided into four
groups: environment (E), time (T), occupant (O) and objects (C). Linking these groups
to the above conceptual model, a Consequences-Based Bayesian Network is proposed

in figure 5.8.
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Figure 5.8 — The structure of the proposed Consequences-based Bayesian Network
(CBBN)

The joint probability of the network is described in equation 5.6:

P(A, E,C,T,0) = p(A[T) x p(E|A) x p(C|A) x p(O[A) (5.6)

The conditional probability that an activity A is performed given selected features is

described in equation 5.7:

P(A|T) x p(E|A) x p(C|A) x p(O]A)
p(T) x p(E) x p(C) x p(0O)

In each time step of a day, the activity state a* can be determined by the Equation 5.8.

p(A|lE,C.T,0) = (5.7)

a* = argmax p(a|T) X p(Ela) X p(Cla) x p(Ola) (5.8)
ae{0,1}

In summary, to build a Bayesian Network for activity estimation, we:

e Divided selected features into four groups: time, environment, occupant and
objects.
e Built a consequences-based Bayesian Network with the above groups of features

and the defined structure.

5.2.6 Validating the model

When a model is built, validation is an essential part of evaluating the model
performance. Here, to validate the proposed model, we verify whether the model can
accurately estimate occupant activities.

To do it, the dataset was divided into two parts: training and testing. The model

was built with the training data and it is tested with the testing data. In a house, for an
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activity, occupants can spend less time doing the activity than not doing it. For example,
in a day, occupants only spend few hours cooking and they do not do it in the rest of the
day. It can lead to an issue of imbalanced data: distributions between labels of activity
are uneven. To tackle this issue, we use F1-score to verify the accuracy of the model. It
uses both precision and recall, which are based on the confusion matrix. The value of
the F1-score is from O to 1. The higher F1-score is, the better model is. The formula of

the F1-score is described in equation 5.9.

precision x recall
X

F1=2 —
precision+recall

(5.9)

where:

e precision: the number of predicted positive labels that actually belong to the
positive class;

e recall: the percentage of positive labels that are predicted correctly.

Besides accurate estimation, it is important to verify if the model can predict occupant
activities, which is useful in uncertainty analysis and to construct activity profiles. Thus,
we compared statistically the predicted activity profile with the observed activity profile.
The model has good performance if the trends of these activity profiles are similar.

To assess the model generalization, the methodology was implemented and

validated in two different case studies in France: Cestas and Bordeaux.

5.3 Results: the cooking activity

In houses, occupants cook regularly to satisfy their physical needs of food, which is a
basic need to survive in life. During the cooking activity, occupants do many actions
and they highly affect both indoor environments (Hager et Morawicki, 2013; Zenissa
et al.,, 2020) and energy consumption (Kashif, 2014; Alves et al., 2021). In 2018,
about 6.1% of final energy consumption in Europe was consumed by cooking activity
in residential buildings (Eurostat, 2018). Thus, estimating cooking activity is useful
in assessing energy consumption in houses. In this section, the estimation of cooking
activity is presented to illustrate the proposed methodology.

Occupants can cook in different ways because of their various needs in periods of
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the day. For example, households can have individuals studying at school from 09:00
to 17:00. In the morning, they do not spend much time cooking because they need to
leave home early. In the afternoon, they could eat at school. In the evening, they often
spend more time cooking. These differences could cause different effects on building
energy (electricity consumption, indoor environment, etc.). Considering this issue, we
considered three kinds of the cooking activity: cooking breakfast, cooking lunch and

cooking dinner are considered corresponding to three periods of the day:

1. cooking breakfast: in the morning, from 6:00 a.m to 10:59 a.m;
2. cooking lunch: in the afternoon, from 11:00 a.m to 17:59 p.m;

3. cooking dinner: in the evening, from 18:00 p.m to 23:00 p.m.

5.3.1 Case study 1: Cestas

A dataset of the Cestas household from 01/09/2019 to 30/12/2019 is used to
implement and validate the methodology. To estimate cooking activity, it is essential
to determine the relationship with the context. Firstly, the location of this activity
needs to be known to generate useful features. As mentioned in the methodology, this
information is extracted from activity-location, a context element. Figure 5.4 shows an
example of activity-location information collected from the Cestas household through
questionnaires. It can be seen that in this case study, cooking activity happens in the

kitchen.

Table 5.4 — An example of the activity-location information collected from the Cestas
household through questionnaires

Activity Location (s)
Entertaining Bedroom, Living room
Cooking Kitchen
Doing personal care Bathroom
Washing dishes Kitchen

Thus, the contextual factors in the kitchen must be used to extract relevant features.
In general, there are four groups of features corresponding to four context elements:

environment, time, occupants and objects (see table 5.1). However, the objects such

97



as domestic appliances, windows, doors in houses are different. Many scientists
investigated that households could have different appliances ownership, which is
affected by many characteristics (building type, income, professional, etc.) (Wilke et al.,
2013; Vorger, 2014; Aerts et al., 2014; Zaraket, 2014). Therefore, in this case study,

knowledge is used to determine the list of objects in the kitchen:

e domestic appliances: microwave, toaster, coffee machine, fridge, dishwasher, food
processor, robot for cooking and yogurt maker;

e one main door and one window.

Power sensors have been installed to capture the electricity consumption of these
appliances (see chapter 4). The information related to CO, was not measured because of

a technical issue. After cleaning sensors data, features are generated every 30-minutes:

e air temperature and air temperature e number minutes windows have been
trend; opened;
e air relative humidity and air relative e timestep, type of day;
humidity trend; e energy consumption of microwave,
e luminosity and luminosity trend; toaster, coffee machine, fridge,
e number motions have been detected; dishwasher, food processor, robot for
e number minutes the main door has cooking and yogurt maker.

been opened,;

To be simpler, the features related to doors, windows and domestic appliances
are denoted by their names. For example, "microwave" denotes the consumption of
the microwave, "door" denotes the duration that it has been opened. Within these
generated features, many features do not provide meaningful information to the
estimation of cooking activity. As mentioned in the methodology, Information Gain
is used to determine the importance of features based on information theory. To do it,
features need to be discretized. As discussed in section 5.2, manually cutting points are
defined for the features related to the environment, occupant, doors and windows.
An unsupervised learning algorithm (k-means) is used to determine five electricity
consumption levels of domestic appliances.

Figure 5.9 presents the estimated information gain between the features and three

concerned activities (cooking breakfast, cooking lunch and cooking dinner). It is shown
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that the cooking activity is generally related to the time of day, the energy consumption
of linked appliances and the movement information (motions), which represents the
presence of occupants. The environment features (temperature, luminosity, etc.) and
the actions on doors/windows do not provide much information for the cooking activity
estimation. In addition, consumption of some appliances (food processor, cooking
robot, yogurt maker) are not the subject of many contributions. It can be explained by
the fact that these appliances are not used regularly. Therefore, using them to estimate

the cooking activity is not helpful in this case study.

Cooking breakfast Cooking lunch Cooking dinner
Feature IG Feature IG Feature IG
Timestep 0.23 Microwave 0.37 Microwave 0.37
Microwave 0.22 Timestep 0.23 Timestep 0.27
Toaster 0.20 Fridge 0.15 Motion 0.25
Coffee machine 0.15 Motion 0.10 Toaster 0.04
Motion 0.14 Temperature trend 0.04 Fridge 0.04
Luminosity 0.02 Luminosity 0.03 Luminosity 0.03
Humidity trend 0.02 Toaster 0.03 Temperature trend,
Fridge 0.01 Humidity trend 0.03 humidity trend, dish
Temperature trend 0.01 Coffee machine 0.02 washer, door, windows,
Dish washer, door, Dish washer, door, food processor, robot,
windows, food windows, food yogurt maker, 0.00
processor, robot, yogurt |, oo | | processor, robot, yogurt | o o temperature, humidity,
maker, temperature, maker, temperature, luminosity trend,
humidity, luminosity humidity, luminosity weekday, coffee
trend, weekday trend, weekday machine

Figure 5.9 — Sorted Information Gain between features and three activities: cooking
breakfast, cooking lunch and cooking dinner in the Cestas household

Additionally, the results show differences in cooking activities between periods of
the day. In particular, occupants usually use microwave, toaster and coffee machine
for cooking breakfast. To prepare the lunch, the microwave and the fridge are used
frequently. In the evening, the microwave is generally used alone for cooking. These
signatures provide insights into how occupants cook in the house.

When the Information Gain of features was determined, the most meaningful
features, which have the highest IG, were used to build a Bayesian Network to estimate
the cooking activity. As discussed in the methodology section, it is challenging to
determine the number of features to select in building activity estimation models. In this
study, for the sake of simplicity, the number of meaningful features is chosen intuitively

to build the estimation model:
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e Cooking breakfast: Timestep, microwave, toaster, coffee machine and motion;

e Cooking lunch: Timestep, microwave, fridge and number of motions;

e Cooking dinner: Microwave, timestep and number of motions.

Selected features are then divided into four groups (environment, time, occupant,

objects) described in table 5.5.

Table 5.5 — Groups of selected features for estimating cooking breakfast, cooking lunch

and cooking dinner in the Cestas household

Cooking breakfast Cooking lunch Cooking dinner
Environment | None None None
Time Timestep Timestep Timestep
Occupant Motion Motion Motion
Objects Microwave, toaster, | Microwave, fridge | Microwave
coffee machine

Corresponding to these groups of features, the consequences-based Bayesian
Networks for the studied three kinds of cooking (cooking breakfast, cooking lunch
and cooking dinner) are respectively shown in the part A, B and C of figure 5.10
(A:breakfast, B:lunch and C:dinner). It is shown that their structures are different.
A feature can be meaningful for the estimation of a kind of cooking but not meaningful
in estimating others. For example, in this case, the coffee machine feature is essential to
estimate the cooking breakfast but it is not relevant to estimate the cooking lunch and
the cooking dinner.

Parameters of the BN, which include prior probability distributions and conditional
probability distributions, are deduced directly from the observed data. Table 5.6
presents examples of estimated conditional probability tables for two activities: cooking
breakfast and cooking lunch. The results show that the microwave consumes more
electricity in cooking breakfast than in cooking lunch. In the morning, 24 % of the
time the microwave consumes very low electricity during the cooking breakfast activity,
62 % of the time it consumes from low to medium electricity. To cook lunch, 50 % of the
time the microwave consumes very low electricity, 33 % of the time it consumes from

medium to very high electricity.
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machine

Cooking
breakfast

(A) The cooking breakfast activity

Cooking
lunch

(B) The cooking lunch activity

Cooking
dinner

Figure 5.10 — Consequences-Based Bayesian Networks for the cooking activities in
Cestas site

(C) The cooking dinner activity
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Table 5.6 — Examples of estimated conditional probability distributions of the
microwave in cooking breakfast and cooking lunch in the Cestas household

Cooking breakfast| Cooking breakfast| Cooking lunch | Cooking lunch
(No) (Yes) (No) (Yes)
Microwave (very low) 0.99 0.24 0.99 0.50
Microwave (low) 0.00 0.38 0.01 0.19
Microwave (medium) 0.00 0.24 0.00 0.18
Microwave (high) 0.00 0.1 0.00 0.09
Microwave (very high) 0.01 0.03 0.00 0.06

To validate the built Bayesian Network, Fl-score is computed with 3-folds
cross-validation, in which the dataset is divided into three parts, two parts are for
training and one part is for testing. Additionally, we compare the performance of the

Consequences-Based Bayesian Network (CBBN) to:

e Basic supervised learning models: Decision Tree, Random Forest, Support Vector
Machine (SVM), Logistic Regression and Linear Regression.
e Bayesian Network with structure learned directly from the data with basic

algorithms: Chow-Liu, Hill-Climbing, Greedy and Exact.

Table 5.7 presents the comparisons of Fl-score among the approaches. The result
shows that the proposed approach and the Random Forest are generally better than
other approaches in this case study. In contrast, Random Forest does not meet
the mentioned requirements: being human-understandable and having stochastic
outputs. Consequences-Based Bayesian Network with a high F1-score (0.87 for cooking
breakfast, 0.86 for cooking lunch, 0.86 for cooking dinner) verifies that the proposed

model accurately estimates this activity in this case study.
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Table 5.7 — Comparison of Fl-score among different approaches for the cooking
estimation in the Cestas household

Cooking breakfast | Cooking lunch | Cooking dinner
CBBN 0.87 0.86 0.86
Decision Tree 0.80 0.81 0.81
Random Forest 0.81 0.85 0.88
Logistic regression 0.70 0.60 0.60
SVM 0.70 0.60 0.63
BN with Chow-Liu 0.73 0.60 0.70
BN with Greedy 0.80 0.75 0.73
BN with Hill-Climbing 0.75 0.70 0.70
BN with Exact 0.80 0.74 0.75
BN with Exact 0.80 0.74 0.75

As mentioned in the previous section, it is difficult to determine the number of
features in estimation models. To tackle this issue, recursive feature elimination with
cross-validation (RFECV) could be used to investigate the relationships between the
number of features and the model quality (Misra et Singh, 2020). In this algorithm, the
weakest features are eliminated step-by-step. Cross-validation is applied to determine
Fl-score with every set of features. The parts A, B and C of figure 5.11 present
respectively the implementation of this algorithm on three activities: cooking breakfast,
cooking lunch and cooking dinner. It is shown that many features do not contribute
to the activity estimation and removing them does not affect the model quality. In
particular, six features with the smallest IG do not help to improve the model quality
to estimate cooking breakfast activity. For the cooking dinner estimation, adding more
features could even decrease the model accuracy because it could lead to an overfitting
issue. RFECV is a useful tool to support the determination of the number of features
that we should keep in the model.

Furthermore, the set of data is another factor influencing the quality of the model.
Due to the challenges in collecting activity labels (mention in chapter 4), it is interesting
to study the question "How much data is needed to build the model ?". In fact, it is
difficult to find the correct answer because the required data is different from activities.
The part A, B and C of figure 5.12 show the learning curves, which present respectively
the relationships between the dataset and the performance of the estimations model for

cooking breakfast, cooking lunch and cooking dinner respectively. It is shown that the
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results are more consistent with more data. Particularly, the model which is trained by
more training instances has a better testing score. It also avoids overfitting in learning,
which is presented by the less discrepancy between the training and testing scores.

Though, remaining to collect activity labels in the long term is not practical. Over
time, occupants can be confused by the questionnaires if they do not receive any results
or feedbacks from their works. They can lose motivation and wonder about their
benefits.

Table 5.8 summaries the estimation results for some activities in this site. It is shown
that the electricity consumption of domestic appliances provides significant information
to activity estimation models. It is presented by the fact that the features of domestic
appliances are the most important features in these models. In addition, the timestep
and the movements of occupants are also important. Lacking these features could lead
to a poor performance of the model. For example, with the doing personal care activity,
due to the privacy policy and technical issues, motions and electricity consumption of
appliances could not be recorded in the bathroom. As consequence, the estimation

model of this activity has a low performance (F1-score: 0.61).
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RFECV for the cooking breakfast activity
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(A) Recursive feature elimination with cross-validation with cooking breakfast

RFECYV for the cooking lunch activity
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(B) Recursive feature elimination with cross-validation with cooking lunch

RFECYV for the cooking dinner activity
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(C) Recursive feature elimination with cross-validation with cooking dinner

Figure 5.11 — Recursive feature elimination with cross-validation with cooking activity
in Cestas household (A: breakfast, B: lunch and C: dinner)
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Learning curve for the cooking breakfast activity
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Figure 5.12 — The learning curves with the cooking activities in the Cestas household
(A: breakfast, B: lunch and (130 (6:'linner)



Table 5.8 — Results of the estimation of some occupants’ activities in the Cestas
household

Summary of the estimation of contextualized activities in Cestas

Activity Description Location Selected features F1-score
Cooking Preparing foods | kitchen microwave, coffee | 0.87
breakfast for the breakfast machine, toaster,
motions, timestep

Cooking Preparing foods | kitchen microwave, fridge, | 0.86
lunch for the lunch motions, timestep
Cooking Preparing foods | kitchen microwave, motions, | 0.86
dinner for the dinner timestep
Entertaining| Using appliances | living room audio-video, computer, | 0.77

to entertain CO,, motions

(watching TV,

audio-visual,

etc.)
Washing Using  washing | kitchen washing dishes machine | 0.82
dishes dishes machine

to wash dishes
Washing Using the | laundry room | washing clothes | 0.86
clothes washing machine machine

to wash clothes
Drying Using  laundry | laundry room | dryer clothes machine 0.88
clothes machine to dry

clothes
Doing Do-it-yourself in | bathroom humidity trend, | 0.61
personal the bathroom luminosity
care
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Beside accurately estimating labels, from observed features which are in four groups
(E-environment, C-objects, T-time, O-occupant), CBBN could simulate occupant activity

(A) with equation 5.10 as follow:

P(A|T) x p(E|A) x p(C|A) x p(O|A)
p(T) x p(E) x p(C) x p(O)

In this work, the Monte-Carlo method is combined with CBBN in activity simulation.

p(A|E,C,T,0) = (5.10)

Figure 5.13 presents measurements from 10/09/2021 to 12/09/2021. Corresponding
to these values, 1000 simulations are examined and the results are shown in figure 5.14.
It is shown that the proposed model with the stochastic outputs can be used to
reproduce states (red-yes, blue-no) of the cooking activity from in-house measurements.
This kind of results could be helpful in energy simulation, particularly in building
energy verification, in which it is necessary to assess the current energy conditions
in the houses. Furthermore, the simulations could be used to construct the profile
of occupants’ activities, which are useful in improving the performance of energy

simulation in the design phase of the building renovation strategy.

toaster microwave
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coffee machine motion
100 3 5.0
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= 50 825
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Figure 5.13 — Some examples of measurements (toaster, microwave, coffee machine
and motion) from 10/09/2019 06:00:00 to 12/09/2019 23:30:00 in
Cestas
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Simulation of cooking breakfast
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(C) The cooking dinner activity

Figure 5.14 — Distributions of the cooking activities deduced from 1000 simulations
of the cooking activities from 10/09/2019 06:00:00 to 12/09/2019
23:30:00 in Cestas. It gives the number of simulation that the cooking
activity happens (red color) and does not happen (in blue color) for each
timestep.
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Although F1-score can provide a global view of the estimation model quality, it
is interesting to evaluate its performance on building activity profiles. To do it, we
compare statistically the estimated activity profile determined by the contextualized
approach and the observed activity profile, which is determined directly from the
recorded data. The comparison of cooking profile in December 2019 between the
contextualized approach and the observed data is shown in figure 5.15.

Comparision between observed and estimated cooking profile in CESTAS site
from 01/12/2019 06:00:00 to 30/12/2019 23:30:00

0.81 —— Observed profile

0.7 1 —— Estimated profile

time

Figure 5.15 — Comparison between the observed and the estimated cooking profile in
the Cestas household

The result demonstrates that the estimated cooking profile has a similar trend of
cooking profile as the observed data. In both profiles, occupants tend to spend more
time cooking breakfast and dinner than cooking lunch. It can be explained by the fact
that most of individuals in the Cestas household work outside from morning to evening.
Most of the differences in the probability distributions between these profiles are less
than 10 %. Thus, the estimation model could be useful in constructing a cooking activity
profile. However, most of time, the model underestimates the probability distribution
of cooking activity. For example, in the morning, the estimated probability of cooking
at 08:00 is 55 % while the actual one is 70 %. This issue can be caused by errors of the

model or behavior changes of occupants.
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5.3.2 Case study 2: Bordeaux
On this site, occupants cook in the kitchen, which has the following objects:

e a door;

e domestic appliances: kettle, toaster, robot, oven, microwave.

Due to technical issues, the contact sensor and the CO, concentration sensor were not
installed. Thus, generated features only include air temperature, air temperature trend,
luminosity, luminosity trend, air relative humidity, air relative humidity trend, motion,
timestep, type of day and electricity consumption of domestic appliances (kettle, toaster,
robot, oven, microwave).

Similar to the implementation in the site of Cestas, IG was applied to determine
meaningful features. Figure 5.16 shows the estimated IG between the same three
studied activities (cooking breakfast, cooking lunch, cooking dinner) and generated
features. It is shown that the motions, the timestep and the features of appliances are
the most meaningful features to estimate these activities. However, occupants in the
site of Bordeaux cook differently from occupants in Cestas. In this household, occupants
usually use the kettle for cooking breakfast and the microwave for both cooking lunch

and cooking dinner. In addition, the robot is used in preparing food for lunch.

Cooking breakfast Cooking lunch Cooking dinner
Feature IG Feature IG Feature IG
Kettle 0.40 Microwave 0.44 Microwave 0.41
Timestep 0.37 Timestep 0.23 Timestep 0.35
Motion 0.20 Motion 0.15 Motion 0.18
Luminosity 0.03 Robot 0.11 Temperature trend 0.03
Temperature, Luminosity 0.04 Luminosity 0.03
temperature trend, Temperature trend 0.03 .
luminosity trend, robot, ' Temperature, humidity, perature, Y
- luminosity trend, 0.00
toaster, oven, humidity trend,
. o 0.00 weekday, robot, kettle,
microwave, weekday luminosity trend, kettle, " toaster
toaster, oven, weekday oven, toaste

Figure 5.16 — Sorted Information Gain between features and three activities: cooking
breakfast, cooking lunch and cooking dinner in Bordeaux house
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To build the model, features are manually selected to estimate cooking activities as

follows:

e Cooking breakfast: time, kettle, motion;
e Cooking lunch: microwave, time, robot, motion;

e Cooking dinner: microwave, time, motion.

Corresponding to these features, the Consequences-Based Bayesian Networks for the
three activities (cooking breakfast, cooking lunch and cooking dinner) are respectively

shown in the part A, B and C of figure 5.17 (A: breakfast, B:lunch and C:dinner).

Cooking
breakfast

(A) The cooking breakfast activity

Cooking
lunch

(B) The cooking lunch activity

Cooking
dinner

(C) The cooking dinner activity

Figure 5.17 — Consequences-Based Bayesian Networks for the cooking activities in
Bordeaux site
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Table 5.9 presents the comparisons of F1-score between different models. It is shown
that the proposed approach, the Decision Tree and the Random Forest algorithms are
generally better than other approaches. The F1-score of the CBBN for cooking breakfast,

cooking lunch and cooking dinner are 0.74, 0.81 and 0.80 respectively.

Table 5.9 — Comparison of F1-scores among different approaches in cooking estimation
in Bordeaux site

Cooking breakfast| Cooking lunch | Cooking dinner
CBBN 0.74 0.81 0.8
Decision Tree 0.76 0.83 0.81
Random Forest 0.73 0.82 0.82
Logistic regression 0.6 0.6 0.6
SVM 0.61 0.62 0.56
BN with Chow-Liu 0.62 0.65 0.6
BN with Greedy 0.65 0.7 0.51
BN with Hill-Climbing 0.6 0.65 0.68
BN with Exact 0.65 0.68 0.52

Figure 5.18 presents some measurements from 17/04/2021 to 18/04/2021. 1000
simulations are examined to deduce the cooking activities from these variables. The

simulated results are shown in figure 5.19.

robot microwave
100
200
e e
= < 50
0 0 .
0 20 40 60 80 0 20 40 60 80
step step
kettle motion
< 500 g 10
8
0 - 0
0 20 40 60 80 0 20 40 60 80
step step

Figure 5.18 - Some measurements (robot, microwave, Kkettle, motion) from
17/04/2021 06:00:00 to 18/04/2021 23:30:00 in Bordeaux site
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Figure 5.19 — Distributions of the cooking activities deduced from 1000 simulations
of the cooking activities from 17/04/2021 06:00:00 to 18/04/2021
23:30:00 in Bordeaux site. It gives the number of simulation that the
cooking activity happens (red color) and does not happen (blue color) for

Simulation of cooking breakfast

(A) The cooking breakfast activity
Simulation of cooking lunch
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(B) The cooking lunch activity

Simulation of cooking dinner

(C) The cooking dinner activity

each timestep.
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The comparison of the cooking profile between the contextualized approach and
the actual data in April 2021 is shown in figure 5.20. The results highlight that the
estimated cooking profile has a similar trend to the actual profile. These results tend to
show that the proposed methodology can be satisfactorily applied to other case studies

with new contexts.

Comparision between observed and estimated cooking profile in BORDEAUX site
from 05/04/2021 06:00:00 to 20/04/2021 23:30:00

—— Observed profile
0.8 A —— Estimated profile

0.6 -

p(cook)

0.2 A

0.0

Figure 5.20 — Comparison between the observed and the estimated cooking profile in
the Bordeaux site

5.4 Conclusions

This chapter proposes a methodology to estimate occupants’ activities from in-situ
measurements. The knowledge is used to generate useful features from sensors data.
However, some features could not provide useful information to the estimation of all
occupants’ activities. Thus, Information Gain is applied to select the most meaningful
features. Then, Consequences-Based Bayesian Networks are built to investigate the
relationships between selected features and the considered occupants’ activities. The
network is human-understandable and has stochastic outputs.

A crucial contribution in this methodology is the verifiability, which is limited in
stochastic activity models. Expressly, F1-score with 3-folds cross-validation is used to

evaluate the quality of the estimation model. In addition, we statistically compared

115



the estimated activity profile with the observed activity profile to evaluate the model
potential in constructing activity profiles. Cooking activity with three instances (cooking
breakfast, cooking lunch, cooking dinner) was modeled in two sites in France (Cestas
and Bordeaux) to illustrate and test the methodology.

The results show that domestic appliances’ features and the occupant’s motions are
the most meaningful features in modeling occupants’ activities in these case studies.
Lacking this information can decrease the model quality. Moreover, the number of
selected features and the size of the dataset also affect activity models. An example
of the cooking activity has been presented to show that the model could simulate
this activity in different case studies. In addition, it presents that occupants have
different patterns of activities in different households. More investigations into the
ways that occupants do activities, particularly in using appliances, are conducted in

next chapter 6.
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Chapter 6

Estimation of the electricity

consumption in occupants’ activities
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6.1 Introduction

Occupant activities play important roles in explaining discrepancies in electricity
consumption among houses. Occupants can have distinct habits (activity profiles),
which can be performed in various ways. In some activities, appliances are used
to support occupants’ purposes and their operations consume a certain amount of
electricity (e.g., use of a microwave to cook, use of a washing machine to wash clothes,
etc.). Thus, determining the consumed electricity of these appliances is an essential
step to analyze the global energy consumption in a house. Many studies proposed
stochastic electricity models to simulate appliances and their related electricity uses,
based on statistical data (Wilke et al., 2013; Aerts et al., 2014; Zaraket, 2014). Similar
to representative activities, stochastic electricity models present average results, not
specific to particular houses.

Modeling the electricity consumption of appliances is useful in explaining and
comparing the energy consumption among households. In this chapter, we focus on

this task in specific instrumented households.

6.2 Problematic: modelling the electricity consumption

of appliances in houses

6.2.1 Occupants’ activities and the consumption of electrical

appliances

In European residential buildings, appliances are of great importance and should be
investigated to improve the energy performance, in addition to heating and cooling
systems. They consume more than 20% of the final energy consumption (Francoise,
2018).

The electricity consumption of appliances can be different among dwellings (Firth

118



et al.,, 2008; Le et Pitts, 2019). Huebner et al. (2016) investigated that English
households used electrical appliances in various ways and consumed different electricity
levels for their needs. To explain this diversity, many studies focused on building
types and household characteristics, which affect ownerships and qualities of appliances
(Jones et Lomas, 2016; Zou et Mishra, 2020). However, even if houses have similar
building characteristics in the same location, there are discrepancies among appliance
usages (Firth et al., 2008). Many studies conducted that the diversity of occupant
activities causes this gap (Vorger, 2014; Zaraket, 2014; Aerts et al., 2014).

In houses, while some appliances work mainly based on occupancy (e.g., lighting
systems or heating systems), many electrical appliances work for specific activities
(microwave, toaster, television, etc.). Studying relations between these activities and
related appliances could give more explanations on differences in electricity uses
between households. Ahmadi-Karvigh et al. (2016) also stated that determining the
consumption of electrical appliances affected by activities could detect potential energy
savings and give feedback and recommendations to occupants. Recently, many scientists
linked appliances’ uses to occupant activities to simulate electricity demand and load

profiles in households (Vorger, 2014; Aerts et al., 2014; Tanimoto et al., 2008).

6.2.2 Existing works

Electricity uses of appliances could be modeled directly without occupants’ activities.
Hawarah et al. (2010) used Bayesian Network and statistic data to model the uses of
some appliances, then predicted the electricity consumption in houses. In another study,
Murray et al. (2018) uses the Signature Detection Algorithm (SDA) to recognize and
model over time the electricity consumption of appliances in houses. Though, modeling
only appliances is difficult to unmask impacts of occupant behavior on the electricity
consumption in houses because their relationships are not investigated.

To tackle this issue, many scientists proposed statistical approaches to model
relations between occupants’ activities and appliances in dwellings (Wilke et al., 2013;
Aerts et al., 2014; Vorger, 2014). In these approaches, depending on household
characteristics (income, household size, etc.), a logistic regression algorithm was used
to determine probabilities that appliances exist in households. Typical power demands

were then determined depending on survey data using uniform distributions. To predict
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the consumption of many electrical appliances for residential activities, the authors used
the logistic regression algorithm to infer conditional probabilities that an appliance is
in use while an activity is taking place. Then, the electricity consumption of appliances
was estimated depending on the typical power and the activities’ durations.

In another study, Kashif (2014) proposed a multi-agents model to investigate
specifically the electricity consumption of a fridge in a kitchen. The fridge was focused
because it contributed a certain amount of electricity in a house and its consumption
can be affected by not only occupants’ activities but also by other factors (indoor
temperature, random actions, etc.). To model its consumption, the author considered
both its consumption affected by the cooking activity (by analyzing the consumption
of the cooker in the kitchen) and its consumption caused by other factors (normal
compressor cycle, other activities, etc.).

However, some limitations exist in these above models:

e Firstly, the models are based on statistical data, which comprises households with
various characteristics (building type, income, individuals, etc.). Therefore, their
results are average, not specific and challenging to be verified.

e Secondly, typical power demands cannot present the diversity of how occupants
use appliances during their activities. For example, in the morning, occupants
can use a microwave to heat the milk in a short time. In the evening, they need
to defrost foods (chicken, meat, etc.) so that they can use the microwave for a
longer time. It is obvious that the power demands of the microwave in these cases
are different. Therefore, using the typical power demand of the microwave is not

efficient in this case.

Thus, it is interesting to analyze and model relationships between occupants’ activities

and electrical appliances’ use in specific houses.

6.2.3 Objectives and research questions

In this work, an activity is a label provided by an occupant bringing an information
about a continuous period. A set of electrical appliances can be associated with an
activity. During an activity, different actions can be done by occupants. The actions

induce modification of the consumption of appliances but just some of the actions can
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be known. To deal with this issue, activities can give a context of the actions carried
out. Given an activity and a related appliance, a consumption profile can be associated.

Because activities are independently provided by occupants, more than one activity
can be recorded in a timestep. An appliance can be affected by several activities
at the same timestep and it is challenging to distinguish impacts of each activity on
its electricity consumption. To simplify the problem, we assume that an appliance
cannot be impacted by more than one activity in a timestep. When there is more than
one activity related to an appliance in a timestep, the electricity consumption of the
appliance should be associated with the most relevant activity (defined manually or
intuitively).

In a home, an appliance can consume electricity during many timesteps in a day and
a certain amount of them are impacted by occupants’ activities. An activity with actions
can affect the consumption of different types of electrical appliances. Firstly, they
can trigger some automation appliances depending on the occupancy like ventilation,
lighting or heating systems. Secondly, during an activity, occupants’ actions can affect
the electricity consumption of domestic appliances (microwave, toaster, television, etc.)
In this work, we do not study automation appliances whose consumptions are mostly
based on the occupancy because occupants’ activities are not needed. Many approaches
have been proposed to particularly model occupancy and its energy impacts on heating
systems (Wang et al., 2020; Pang et al., 2020; D’Oca et al., 2014; Fabi et al., 2013) and
on lighting systems (Page et al., 2008; Vorger, 2014; Nagy et al., 2015).

The objective of this chapter is to study the part of the consumption of an appliance
that is related to a given activity in specific households, which is denoted by Activity
Related consumption (AR consumption) of the appliance. This task is useful to predict
the consumption of electrical appliances when occupants’ activities happen. To achieve

this goal, two issues need to be studied:

e Firstly, the appliances whose consumption is dependent on activities must be
identified.
e Secondly, for a given activity, the AR consumption of domestic appliances need to

be estimated.

As mentioned in chapter 3, the following activities with related appliances are
considered:
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e entertaining; e washing clothes;
e drying clothes; e cooking.

e washing dishes;

The principles and methods used are described in the next sections.

6.3 Methodology to model the electricity consumption

of domestic appliances for a related activity

6.3.1 Related domestic appliances used for an activity

To analyze the impacts of occupants’ activities on the electricity consumption, it
is essential to determine their related impacted domestic appliances. We should
not model the electricity used by a not impacted appliance. To address this issue,
when modeling an appliance, based on statistical methods, many scientists used the
household characteristics to predict the ownership of the appliance, which represents
the probability for a household to have the appliance and then applied a logistic
regression model to assign it to occupants’ activities (Wilke et al., 2013; Vorger, 2014;
Zaraket, 2014; Aerts, 2015). This approach is popular in predicting the diversity of the
appliances’ settings in a household where this information is not available. Though,
the estimated ownership is an average output from many similar households and is
not specific to particular households. To tackle this issue, we collect this information
directly from occupants through questionnaires. These questions comprise the available

appliances in the house and the possible appliances used in occupants’ activities.

6.3.2 Determining the activity related consumption of appliances

During an activity, occupants can do many actions and these actions can induce
modifications of the electricity consumption on appliances. That will cause different
impacts on their electricity consumption. To determine the AR consumption of an
appliance for a given activity, actions on the appliance should be identified. However,
most of the actions are difficult to detect. It needs many efforts from occupants to record

their actions and the corresponding times. To deal with this issue, labels of the activity,
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which are information provided by occupants, can give a context of the actions carried
out. Thus, this work simplifies the problem by assessing relations between the recorded
activity labels and the AR consumption of the appliance.

For an activity, appliances can consume electricity in different ways. For instance,
the consumption of an appliance can be delayed when an activity happens such as
the washing machine (in washing clothes) or the dishwasher (in washing dishes).
In other activities, appliances can be used during the activity such as the television
or the computer (in entertaining). Dealing with this diversity, based on approaches
proposed by Widén et Wéckelgard (2010) and Aerts et al. (2014), there are three types

of relations between an activity and the AR consumption of an appliance:

e the appliance consumes electricity mostly depending on the occupancy;
e the appliance consumes electricity during the activity;

e the appliance consumes electricity after the activity.

6.3.2.1 The appliance consumes electricity mostly depending on the occupancy

For automation appliances such as lighting or heating appliances, they are operating
during presences. The presence of occupants during activities can affect operations of
these appliances. As discussed in section 6.2.3, labels of activities are generally not

needed to consider these appliances and they are not studied in this work.

6.3.2.2 The appliance consumes electricity during the activity

Some appliances can be used during an activity or during a part of an activity. Occupants
usually stop these appliances before or when they finish the activity. Therefore, the AR
consumption of the appliances is only considered within the activity (see in figure 6.1).
This type of relation concerns the activities using appliances such as the television, the
computer, the audio-visual devices, the iron or the aspirator, which are started and
stopped only by occupants.

This type of relation can also be applied to some appliances used in cooking such
as the food processor and the cooking robot. On the other hand, many appliances
used in cooking are set-points appliances such as the toaster, the microwave, the coffee

machine, the yogurt maker, the kettle, etc., which are started by occupants and stop
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automatically based on predefined conditions. However, occupants usually do other
actions for cooking and do not usually change to other activities while these appliances
are performing. Thus, for simplicity, we can assume these appliances that consume

electricity during the cooking activity.

1

1

The appliance consumes
electricity during , :

the activity

The appliance consumes
electricity during
a part of the activity!

Energy consumption
(Wh)

L a

Recorded | |
Activity label ] ]

> Time

Figure 6.1 — Illustration for the appliances consuming electricity during the activity or
during a part of the activity.

The consumption of the above appliances is only impacted by occupants during their
activities. Thus, the electricity consumption of an appliance can be affected by both
occupants’ activities and other factors. For instance, a fridge is usually associated with
the cooking activity. During the activity, occupants can open/close the fridge to put in
or take out foods and these actions modify its consumption. The consumption of the
fridge can also be impacted when the air temperature increases or when occupants do
specific non-cooking actions such as putting foods in after going to the market, taking
out juices to drink, etc. In this work, we do not consider the fridge because using only
activities is not enough to study its electricity consumption.

Because an appliance with this type of relation consumes electricity during the
activity, when studying the AR consumption of the appliance, we study the relation
between its consumption and its related activity in the same timestep. As discussed
above, in an activity, occupants can do various actions on the appliance and they
induce different AR consumptions of the appliance. Therefore, it is not efficient to

use a typical AR consumption of the appliance for its related activity. Considering
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all possible AR consumption of the appliance is also challenging. In this work, for
simplicity, as mentioned in chapter 5, we assumed that an appliance could have five
levels of AR consumption: very low (VL), low(L), medium(M), high(H), very high(VH).
These levels are detected using k-means clustering. This algorithm is used because
it’s easy to implement and analyze. There is a typical consumption value for each AR
consumption level, which is the average of all values at this level.

To represent relationships between an activity and the AR consumption levels of an
appliance, we use a Bayesian Network shown in figure 6.2. In a timestep ¢ with a given
activity label a,, to evaluate the AR consumption of an related appliance, probability
distributions p(x.|a;) need to be estimated with z; is the AR consumption level of
the appliance. These distributions provide insights into how appliances are used in

occupants’ activities.

pixi| ap)="?

Hidden actions

Activity label
at
(Yes/No)

AR consumption level of
an appliance x;

(VI, L, M, H, VH)

Figure 6.2 — The proposed Bayesian Network to represent the relationship between an
activity and the electricity consumed by an appliance

6.3.2.3 The appliance consumes electricity after the activity

An activity can be related to only one appliance such as washing clothes (related to
washing machine), drying clothes (related to tumble dryer) or washing dishes (related
to the dishwasher). To do the activity, the appliance is started by occupants and they
then stopped automatically based on predefined settings (mode, duration, etc.) Because
the activity uses only one appliance, occupants usually declare the activities only at the
timestep when they start the appliance. It can be inferred that the activity ends after this
action. However, the appliance starts to consume electricity or continues to consume
the electricity after this timestep (see in figure 6.3). Its AR consumption is not limited
to the timestep when the activity is declared. It should be the total electricity that the
appliance consumes from starting to stopping.

Therefore, to determine the AR consumption of an appliance with this type of
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relation, it is necessary to identify starting timestep and stopping timestep of the
appliance. Starting timesteps can be determined directly using the labels provided by
occupants, which declare when an appliance is started. To detect stopping timesteps,
the way that the appliance consumes electricity should be concerned. For appliances
such as washing machine, dishwasher and tumble dryer, from starting to stopping,
they often consume a little electricity in the beginning, their consumptions increase
significantly in the middle and they decrease in the end. These signatures are used

to identify stopping timesteps of the appliance, which should have the following

conditions:

e the electricity consumption is very low and less than a threshold at this timestep,
this threshold can be defined for each specific appliance using data analysis;

e there is a decreasing trend of the energy consumption in previous timesteps;

e there is no increasing trend of energy consumption after this timestep if there is

no starting point in the next timesteps.

Figure 6.4 illustrates this example and the way to detect a starting timestep and a

stopping timestep of an activity and a related appliance.

| : : :
1 1 1 I
e | ' : |
B! ! The appliance consumes ! '
' 1
3 ' apart of electricity after ! The appliance consumes
2= ! the activity i electricity after
§ = : - : the activity
1 1
5 | | | |
[0 ! 1 1 1
0 | ' | '
: ! ! ' Time
1 1 1 1
Recorded | | : :
Activity label | |

Figure 6.3 — Illustration for the appliances consuming electricity during the activity or
during a part of the activity.

Then, to investigate the AR consumption of an appliance for a related activity, at

each timestep ¢, distributions p(x;|a;) are determined with xz; is the AR consumption
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level of the appliance and a; is a given label of the activity. The representation of this

relationship is similar to the Bayesian Network presented in figure 6.2.

Consumption of

string datetime washing machine (Wh) washing clothes
14/10/2019 07:30 0 0
14/10/2019 08:00 0 0
14/10/2019 08:30 0 0
14/10/2019 09:00 0 0
14/10/2019 09:30 0 0
14/10/2019 10:00 0 0
14/10/2019 10:30 0 0
14/10/2019 11:00 0 0
14/10/2019 11:30 — 0
14/10/2019 12:00 Starting timestep |
14/10/2019 12:30 0 0
14/10/2019 13:00 o/ 0
14/10/2019 13:30 @
14/10/2019 14:00 600 4
14/10/2019 14:30 800 Occupants start the activity
14/10/2019 15:00 /VGD 0
14/10/2019 15:30 0 0
14/10/2019 16:00 Stopping timestep 0
14/10/2019 16:30 0
14/10/2019 17:00 0 0

Figure 6.4 — An example of detecting a starting timestep and a stopping timestep of an
appliance consuming electricity after an activity ends

6.3.3 Modelling the activity related electricity (AR) consumption of

appliances

This section aims to propose an AR consumption model to predict the AR consumption
of an appliance for a given activity. Modeling occupants’ activities is not the objective
of this model so that they should be considered by an independent process. Thus, the
collected labels are used directly to build the model and assess the performance of the
predicted electricity consumption.

The two above steps are combined to determine the AR consumption of an appliance
when a related activity happens. Firstly, activity dependent appliances are determined
using knowledge about the household. The AR consumption model must represent
relationships between the activity and these related appliances. These relationships
should be understandable by humans. In addition, the diversity of AR consumption
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should be considered. Bayesian Network is a probabilistic graphical model that can
meet these requirements because it can present causal relationships between the activity
and the appliances.

Thus, to represent impacts of an activity and dependent appliances, a Bayesian
Network is built as in figure 6.5. At each timestep ¢, conditional probability distributions
between an activity with a given label a;, and the AR consumption levels of its related
appliances are determined using the methods described in section 6.3.2, which are

based on the type of the relationship between an activity and an appliance.

The AR consumption level
of appliance 1

/ The AR consumption level
of appliance 2

. . . /
Timestep t — Activity a;

The AR consumption level
of appliance n

Figure 6.5 — The structure of Bayesian Network for predicting AR consumption of
appliances for a given activity

Figure 6.6 illustrates schematically the algorithm which is used to predict the AR
consumption of an appliance associated with a given activity in each simulation as

follows:

1. In each timestep ¢, two situations are considered:

e If the activity happens (a; = 1) : the AR consumption level of the appliance is
predicted through the Monte-Carlo method and estimated CPDs, then move
to the next timestep if it is not the final timestep t.,4.

e If the activity does not happen (a; = 0): move to the next timestep if it is not

the final timestep ¢.,,q.

2. The simulation model is terminated when it reaches the final timestep ¢,,4.

When the AR consumption levels of the appliance were predicted, they are used to
deduce the AR consumption through typical AR consumption values corresponding to

each AR consumption level.
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Does the activity happen
att(a;=1)7

No

Predict the AR consumption level
of the appliance x; using p(xa;)

Yes

ﬁ t=t+1

No

Terminate

Figure 6.6 — Algorithm to simulate the AR consumption level of an appliance for a
related activity

6.3.4 Evaluating the model performance

To evaluate the proposed AR consumption model, we verified whether it accurately
simulates the AR consumption of appliances for several studied activities. To assess the
performance of the simulated AR consumption of an appliance for a given activity a, we

use a simple relative error (RE) as follows:

ARsimulated - ARactual

100
ARactual 8 %

RE =

where:

e AR,.ua is the average measured daily AR consumption of the appliance for a;

o AR muated is the average simulated daily AR consumption of the appliance for a.

To avoid the overfitting issue, the dataset is divided into a training and a testing part.

First, the model is built with the training data and then the testing data are used for
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the performance evaluation. In addition to the ER, boxplots are used to evaluate the

diversity of the simulated electricity consumption.

6.4 Implementation and results

To illustrate the methodology, we tested three kinds of cooking activity (cooking
breakfast, cooking lunch and cooking dinner) with the Cestas household, which

correspond to three periods of the day:

1. cooking breakfast: in the morning, from 6:00 a.m to 10:59 a.m;
2. cooking lunch: in the afternoon, from 11:00 a.m to 17:59 p.m;

3. cooking dinner: in the evening, from 18:00 p.m to 23:00 p.m.

The dataset includes sensors data and collected labels from 01,/09/2019 to 30/12/20109.

This dataset is divided into two parts:

e Training part: 01/09/2019 to 30/11/2019;
e Testing part: 01/12/2019 to 30/12/2019.

Determination of appliances related to an activity

Table 6.1 shows appliances which are measured and related to concerned occupants’

activities in the Cestas household.

Table 6.1 — Possible appliances used in occupants’ activities in the Cestas household

Activity Possible used electrical appliances

Cooking microwave, toaster, coffee machine, food processor,

robot, yogurt maker

Entertaining audio-visual devices
Washing clothes washing machine
Drying clothes tumble dryer machine
Washing dishes dishwasher

It is shown that appliances related to three kinds of cooking activity are: the

microwave, the toaster, the coffee machine, the food processor, the robot and the yogurt
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maker. However, from 09/2019 to 12/2019, the food processor, the robot and the
yogurt maker were rarely used in cooking, which is presented in figure 6.7. Thus, the
cooking activity is studied with three electrical appliances: the microwave, the toaster,

and the coffee machine in this case study.
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Figure 6.7 — Examples of the electricity used by the appliances (robot, yogurt maker,
foods processor) that are rarely used in the Cestas household

Determination of the activity related consumption of appliances

Once the dependent appliances are determined, the next step in the methodology
is to estimate the distributions of the AR consumption of the appliances for related
activities. These distributions represent the diversity of ways that occupants use the
appliances for their needs. To do that, the type of relation between appliances and
activities needs to be identified. Based on the discussion in section 6.3.2, the types
of relation between concerned activities and the AR consumption of related appliances
in the Cestas household is shown in table 6.2. It is shown that the relation between
kinds of the cooking activity (cooking breakfast, cooking lunch and cooking dinner)
and related appliances is "the appliance consumes electricity during the activity". Thus,
as mentioned in the methodology, to determine conditional probability distributions
(CPD) between the AR consumption levels of an appliance and a related activity, we
study the relation between the consumption of the appliance and collected labels of the

activity in the same 30-minutes timestep.
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Table 6.2 — The type of relation between activities and the AR consumption of
appliances in the Cestas household.

Activity Appliances Type of relation

Cooking Microwave, toaster, coffee | The appliance consumes
machine, food processor, | electricity during the activity

robot, yogurt maker

Entertaining | Audio-visual devices The appliance consumes

electricity during the activity

Washing Washing machine The appliance consumes
clothes electricity after the activity
Drying Tumble dryer machine The appliance consumes
clothes electricity after the activity
Washing Dishwasher The appliance consumes
dishes electricity after the activity

The estimated CPDs of the coffee machine, the toaster and the microwave for the

cooking breakfast are respectively presented in figures 6.8, 6.9 and 6.10.
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Figure 6.8 — The estimated CPDs, distributions of values and visualisation of the of AR
consumption of the coffee machine for cooking breakfast in the Cestas
household
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The figures show that an appliance can be used differently for cooking breakfast.
The coffee machine consumes average of 40 Wh when occupants cook breakfast, it
consumes a very low AR consumption level 46% of the time, a low level 30% of the
time and 24% of time for others. The toaster consumes average of 25 Wh for cooking
breakfast, it consumes a very low AR consumption level 40% of the time, a low level
33% of the time and 27% for others. On the other hand, the microwave consumes more
AR electricity than above appliances with an average of 100 Wh, it consumes a very low
AR consumption level 27% of the time and only 12% of the time for high or very high
levels.

An appliance can be used differently depending on activities. For example,
figure 6.11 and figure 6.12 respectively present estimated CPDs of the microwave
for cooking lunch and cooking dinner. They show that only the microwave is used
frequently in both these activities. However, its AR consumption for cooking dinner
is more than for cooking lunch. In particular, the microwave consumes an average of
180 Wh for cooking lunch while the average AR consumption for cooking dinner is
210 Wh. It can be explained that occupants use this appliance for a longer duration in

the evening, when they need to prepare more food than in the lunch.

5 levels: Very low, Low, Medium, High, Very high

m 150
g E Very low
£ 100 I |ow
? Medium
L‘J,_: . o I Very high
0 20 40 60 80 100
Wh
p(toaster)
100
Very low 0.40
Low 0.33
S 50 —‘7 Medium 0.15
) High 0.10
Very high 0.02

toaster

Figure 6.9 — The estimated CPDs, distributions of values and visualisation of the AR
consumption of the toaster for cooking breakfast in the Cestas household
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Figure 6.10 — The estimated CPDs, distributions of values and visualisation of the AR
consumption of the microwave for cooking breakfast in the Cestas
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Figure 6.11 — The estimated CPDs, distributions of values and visualisation of the
AR consumption of the microwave for cooking lunch in the Cestas
household
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Figure 6.12 — The estimated CPDs, distributions of values and visualisation of the

AR consumption of the microwave for cooking dinner in the Cestas
household

An appliance can be used frequently in an activity but it is rarely used in other
activities. For example, figure 6.13 and figure 6.14 present estimated CPDs of the coffee
machine for cooking lunch and for cooking dinner. It is shown that the coffee machine
is rarely used for these kinds of cooking while it is more frequently used for cooking
breakfast (see figure 6.8).

During an activity, particularly in the three kinds of cooking activity (cooking
breakfast, cooking lunch and cooking dinner), occupants spend different durations
using appliances and it leads to various electricity consumptions.

This section implemented the method to determine the conditional probability
distributions between the AR consumption level of an appliance and a given activity.
In the next section, these distributions are used to simulate the AR consumption of the

appliances.

135



Frequency (times)

7.5

5.0

Wh

25

0.0

200

100

5 levels: Very low, Low, Medium, High, Very high

coffee machine

I Very low
I Low
Medium
El High
Very high

40 50 60
Wh

p(coffee machine)

Very low 0.78
Low 0.13
Medium 0.06
High 0.03
Very high 0.00

Figure 6.13 — The estimated CPDs, distributions of values and visualisation of the AR
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Modelling the activity related electricity (AR) consumption of

appliances

This section focuses on predicting the AR consumption of appliances for occupants’
activities. As mentioned in the methodology, the collected labels of occupant activities
are directly used to assess the performance of the AR consumption simulation itself,
rather than its combination with an activity simulation model.

In previous steps, the microwave, the toaster and the coffee machine were
determined as the available appliances related to the three kinds of cooking, the
Bayesian Network structure to predict the AR consumption of appliances that is
dependent on the different kinds of cooking activity is presented in figure 6.15. The
structure is simple because the available related appliances are limited. In fact,
to cook in the Cestas household, occupants usually use many appliances such as
microwave, oven, hotplate, kettle, etc. It is interesting to study the AR consumption
of these appliances for cooking. However, just some appliances were available with
measurements so that we only studied the AR consumption of these appliances.

The structure is used for both the AR consumption model for cooking breakfast,
the AR model for cooking lunch and the AR model for cooking diner. However, their
parameters (CPDs) are estimated separately and they are different. In each timestep,
once the cooking breakfast, cooking lunch or cooking dinner is detected, the network is

used to predict the AR consumption levels of each appliance using estimated CPDs.

Electricity level of
the toaster

Electricity level of

Cookin
9 “| the microwave

(breakfast, lunch, dinner)

Electricity level of
the coffee machine

Figure 6.15 — The Bayesian Network structure for predicting the electricity consumption
related to the cooking activity in the Cestas household
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Evaluation of the model

As seen in figure 6.14, the coffee machine was rarely used for cooking dinner. Therefore,
the uses of the coffee machines for this kind of cooking were not considered. Table 6.3
presents the estimated RE of simulated AR consumption of appliances used in this case
study. The result shows that the AR consumption of many appliances can be predicted
accurately with low REs (-3% for the microwave in cooking lunch, 2% for the microwave

in cooking dinner, -6% for the toaster in cooking breakfast, etc.

Table 6.3 — Testing RE of the simulated AR consumption of appliances in the Cestas

household
Activity Microwave Toaster Coffee machine
Cooking Breakfast -13% -6% 20%
Cooking Lunch -3% -14% 1000%
Cooking Dinner 2% -12% -

In addition to the RE, the variance of the AR consumption of appliances needs to
be considered. To do it, boxplots are used to illustrate comparisons between observed
and simulated daily AR consumption of the appliances for the different kinds of cooking
activity. The result of the cooking breakfast is presented in figure 6.16. It can be shown
that the model is useful in both reproducing but also simulating the appliance uses
and their variety of appliances’ uses, which are represented by the similar boxplots in
both training data and testing data. In particular, for cooking breakfast, the microwave
actually consumes an average of 400 Wh/day with 75% of consumption values lying
above 250Wh/day. The average simulated AR consumption of this appliance is
380Wh/day. More than 75% of consumption values are greater than 200 Wh/day.
The results of the toaster are very good when both its average AR consumption and
its variance are very similar between simulated and observed. The toaster actually
consumes an average of 100 Wh/day while the simulated one is 97Wh/day. Most of
the simulated values and observed values of this appliance are between 50 Wh/day
and 130 Wh/day. The simulated and observed average AR consumption for the coffee
machine are very similar, but the simulated values are much more spread out than the
observed values. Similarly, comparisons of the cooking lunch activity and the cooking
dinner activity are respectively presented in figure 6.17 and figure 6.18. It can be
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seen that the microwave was used more in cooking dinner than other kinds of cooking
(cooking breakfast and cooking lunch). Simulated values of the AR consumption of the
microwave are similar to the observed values in both cooking lunch and cooking dinner.

Most of the AR consumption of the toaster is used for cooking breakfast.
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Figure 6.16 — Comparisons between simulated and observed daily AR consumption of
appliances for cooking breakfast in the Cestas household (A: coffee
machine, B: toaster, C: microwave)
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Figure 6.17 — Comparisons between simulated and observed daily AR consumption of
appliances for cooking lunch in the Cestas household (A: coffee machine,
B: toaster, C: microwave)
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Figure 6.18 — Comparisons between simulated and observed daily AR consumption of
appliances for on the cooking dinner in the Cestas household (A: toaster,
B: microwave)

However, the model did not work with the coffee machine used for cooking dinner.
The simulated daily electricity consumption was eleven times higher than the observed
one (ER was 1000%). It is necessary to investigate factors causing the gap. As described
in the methodology, the model works based on combining activities labels and estimated
CPDs. Because the observed labels were used so that the gap between simulated
and observed electricity consumption was caused by differences between estimated
CPDs and actual CPDs, which represent ways of occupants using appliances for their
activities. Figure 6.19 presents CPDs of the coffee machine in the cooking lunch during
the training and testing periods. It shows that occupants changed their ways of using
the coffee machine for cooking lunch. During training periods (September, October and
November 2019), the coffee machine was used in preparing the lunch. In the testing
period (December 2019), occupants did not use or rarely used the coffee machine for

this activity. Because the model was built from the training data, it is difficult for the
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model to handle this change, leading to incorrect predictions.
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Figure 6.19 — Comparisons of conditional probability distributions of AR consumption
levels of the coffee machine for cooking lunch between months in the
Cestas household.

Contrary, the model can work well if the change is not significant. For example, the
model accurately predicted the electricity consumption of the microwave for cooking
lunch, in which the CPDs in the training data were similar to the ones in the testing

data (see in figure 6.20).
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Figure 6.20 — Comparisons of conditional probability distributions of AR consumption
levels of the microwave for cooking lunch between months in the Cestas
household.
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Table 6.4 summarizes testing REs corresponding to several other activities (washing
clothes, drying clothes, washing dishes and entertaining) and their related appliances

in the Cestas household.

Table 6.4 — Testing RE of the simulated electricity consumption of related appliances in
several activities in the Cestas household

Appliance Activity Location RE
Washing machine Washing clothes | Laundry room -25%
Tumble dryer Drying clothes | Laundry room -21%
Dishwasher Washing dishes | Kitchen -5%
Audio+video Entertaining Living room -70%

Statistical comparisons between simulated and observed daily AR consumption of
appliances related to these activities are presented in figures 6.21, 6.22, 6.23 and 6.24.
It is shown that the model can work well with most of the considered activities and their
related appliances. In particular, the washing machine actually consumes an average of
700 Wh/day for washing clothes while the simulated one is 550 Wh/day. The actual
values of this appliance are more spread out than the simulated values. The tumble
dryer consumes a lot of energy for drying clothes in this case study. It consumes an
average of 3000 Wh/day and 75% of the time that it consumes more than 1500 Wh/day.
The results of the dishwasher for washing dishes are similar to the observed values.

However, results of the audio and video devices for entertaining are poor. It
overestimates the AR consumption of these appliances both in training data and testing
data. When checking the data for these appliances (audio and video devices), we
found that a lot of electricity consumed by them was not for the entertaining activity.
Using only the entertaining activity can not be enough to simulate their electricity

consumption.
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Figure 6.21 — Comparisons between simulated and observed daily AR consumption of
the washing machine for washing clothes in Cestas household
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Figure 6.22 — Comparisons between simulated and observed daily AR consumption of
the tumble dryer for drying clothes in Cestas household
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Figure 6.23 — Comparisons between simulated and observed daily AR consumption of
the dishwasher for washing dishes in Cestas household
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Figure 6.24 — Comparisons between simulated and observed daily AR consumption of
the audio and video for entertaining in Cestas household

6.5 Conclusion

Occupants’ activities play an essential role in explaining the discrepancies in the
electricity consumption between similar houses. In a house, occupants can do many
actions and they can modify the electricity consumption of appliances. Determining
these actions is challenging but activities provided by occupants can give contexts of the
actions carried out. While an appliance can consume electricity at many timesteps in a
day, a certain amount of its consumption is impacted by occupants’ activities through
actions. Thus, determining the activity related (AR) consumption of appliances is a
necessary task to assess the energy impacts of occupants’ activities. Many statistical
models have been proposed to deal with this task. The models are based on statistical

data including many households with different characteristics, locations, etc. Therefore,
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their outputs are the average of many households and not specific for particular
dwellings.

To tackle this issue, this chapter proposed a methodology to predict the AR
consumption of appliances when their related activities were identified in specific
households. Questionnaires were used to identify domestic appliances related to
occupants’ activities. Relations between an activity and the AR consumption of an
appliance were also discussed. For a given activity, the AR consumption of an appliance
can be induced during the activity or after the activity. Then, an AR consumption
model based on a Bayesian Network was proposed. This model aims to predict the
AR consumption of appliances when activities are known. To evaluate the model, the
model was tested with several activities and their associated appliances in the Cestas
household. The results show that occupants can use an appliance in different ways for
their activities in this house. For instance, a coffee machine was usually used for cooking
breakfast but it was rarely used for cooking lunch or cooking dinner. Furthermore, the
AR consumption of an appliance can be different between days. For example, the daily
AR consumption of a washing machine in the house can fluctuate between 250 Wh and
750 Wh while the one for a dishwasher is between 1kWh to 1.5kWh. In addition,
the results showed that when occupants’ activities were identified, the model could
reproduce and predict the AR consumption of appliances and its diversity in this house
with REs between -25% and 20% in most cases and statistical comparisons. However,

there are some limitations in the model:

e Some analyses show that appliances can change their AR consumption for a given
activity over time and the model is limited in handling it. But, the model can be
useful to investigate these changes.

e The AR consumption model aims to predict the total AR consumption of
appliances in each timestep. It does not consider the continuity between

timesteps.

In the chapter 7, the AR consumption models will be combined with the activity profiles
(determined from the occupant activity models) to simulate the electricity consumed by
appliances in periods when occupants’ activities could not be known, which is useful in

evaluating retrofitting actions in a building renovation.
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Chapter 7

Application to the design phase in

building renovation strategy
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7.1 Introduction

Energy simulations can be conducted to analyze and evaluate building designs based on
predefined criteria. Using optimization algorithms, these simulations support finding
optimal solutions among a large number of candidate designs and settings (Tian
et al., 2018). Thus, accurately simulating energy simulation has benefits in facilitating
simulated changes to many facets of building and providing results showing the effects
of such changes on energy usage (Shiel et al., 2018). It is also fundamental to design
low-energy buildings, renovate existing buildings and thus promote sustainability
(Ascione et al., 2021).

Besides energy consumed for heating, cooling or domestic hot water needs,
many scientists also consider the electricity consumed by activity-dependent domestic
appliances (microwave, oven, washing machine, television, etc.) (Wilke, 2013; Aerts,
2015; Vorger, 2014; Zaraket, 2014). Though, most of the models are stochastic models,
which has a limitation in verification (mentioned in chapter 2 and chapter 6). To tackle
it, this chapter proposes a verifiable activity-dependent model to simulate electricity

consumed by domestic appliances in a specific house.

7.2 Contextualized occupants’ activities in evaluations

of building renovation strategies

7.2.1 Motivations

Renovating building is a process to retrofit, restore, rehabilitate, and renovate aspects
of existing buildings (after their initial construction and exploitation) to improve their
looks and energy performance (Santangelo et Tondelli, 2017; Regnier et al., 2018).
The building renovation can have significant impacts on the future heating strategies,
cooling strategies and patterns of electricity demands (Sharif et Hammad, 2019).

According to Regnier et al. (2018), building retrofits can generally have many
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benefits: saving building’s electricity consumption, reducing global greenhouse gas
emissions, reducing energy costs and improving indoor environmental quality (thermal
comfort, indoor air quality, protection against external noise, etc.) Lu et al. (2021)
also mentioned that building renovation is an effective approach to reduce the energy
consumption and identify energy-saving opportunities based on building conditions,
types, and functionalities. In addition, it can have a relatively lower environmental
impact and life cycle cost compared to new constructions (Lee et al., 2019). There are
many potential strategies for a building renovation. The simplest and popular approach
is to upgrade existing equipments to improve their energy efficiency (Regnier et al.,
2018). Additionally, many actions can be performed on building envelopes, HVAC
systems or lighting systems in order to retrofit the building energy efficiency (Sharif
et Hammad, 2019; Pannier et al., 2021).

A building renovation generally has six main steps: building assessment,
recommissioning, goal setting, determining the level of retrofit, selection of suitable
retrofitting interventions, and implementation (Lu et al., 2021). Within these steps,
the selection of a renovation strategy is a complex task. There could be many possible
renovation solutions that can be performed on a building envelope and systems. Their
performance can be affected by building actors (building designer, investor, owner,
tenant, etc.), by constraints or by people preferences (Taillandier et al., 2016; Pannier
et al., 2021; Lu et al., 2021).

To support the decision-making in selecting retrofitting options, BES softwares are
popularly used to predict the impacts of these retrofitting actions on the building energy
performance (Regnier et al., 2018; Lu et al., 2021; Yan et al., 2015). These softwares
are used to simulate the energy performance of buildings with proposed retrofitting
solutions. Comparisons between different simulated variants are considered to select
one or several optimal solutions. Thus, the accuracy of BES software could affect
the quality of selected renovation strategies. As discussed in chapter 1, occupants’
activities are useful to reduce gaps between simulated energy consumption and actual
consumption. Thus, these activities are useful in evaluating possible renovations
strategies. While many statistical models have been proposed to consider occupants’
activities in BES, their results are average and not specific to particular households (as

discussed in chapter 2 and chapter 3). Thus, when applying BES to evaluate renovation
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strategies in an existing house, it could be interesting to use contextualized activities and

their energy corresponding impacts than using average results from statistical models.

7.2.2 Objective

As discussed above, contextualized activities could be more beneficial than
representative activities in selecting renovation strategies. However, when evaluating
a retrofit action, we cannot know future occupants’ activities after it. In a house,
occupants tend to repeat their successful activities and they could become patterns of
activities with a timetable fairly regular (Xuan Hoa Binh et al., 2010). Historical data
of occupants’ activities are useful in investigating these patterns and their impacts on
energy consumption.

As mentioned in previous chapters, occupants’ activities can affect energy
consumption in different ways. For example, occupants can affect operations of
HVAC systems due to their presence. They can use electrical appliances to support
their activities or have influences on indoor air quality through their actions on
doors/windows, etc. However, their energy impacts on HVAC systems or indoor air
quality were not measured in our case studies. Thus, this study focuses only on
how occupants’ activities affect the consumption of electrical appliances, which can
be measured directly by power sensors.

In this chapter, we propose a methodology, which is based on measurements
and historical activities labels, to simulate occupants’ activities and the electricity
consumption of related appliances in a specific house. To do it, the estimation
model proposed in chapter 5 and the activity related (AR) electricity consumption
model proposed in chapter 6 are combined. This methodology could provide useful
occupant-related inputs to BPS softwares in order to support the selection of renovation

strategies (see in figure 7.1).
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Figure 7.1 — Simulation of contextualized activities and its application in building

renovation

7.3 Simulation of occupants’

impacts on related appliances

7.3.1 Problem statement

activities and their

When building models supporting renovating an existing house, there are generally

three periods:

e before renovation time (historical period);

e renovating time (model design period);

e after renovation time (simulation period).

During renovating time, occupants’ activities and their related electricity consumption

in renovated time are not known. To tackle this issue, this work aims to:
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e Build a model from data collected in historical period, which includes two

following main components:

— activity profiles: which contain probabilities for activities to happen at
each timestep. These probabilities are used for the simulation of occupant
activities.

— impacts of occupants’ activities on related electrical appliances: which
are used to link the simulated activities to AR electricity consumption of

appliances.

e Use built model to simulate occupants activities and AR electricity consumption of

appliances in simulation period.

7.3.2 General methodology

Figure 7.2 presents the methodology to build models from a historical data and combine
them to simulate activity related electricity consumption of appliances in a simulation

period. The main tasks in the methodology can be described as follows:

1. Generating activity profiles from the historical data: from historical
measurements and collected activity labels, an activity estimation model is
built with the methodology proposed in chapter 5. As discussed in that
chapter, collecting labels in a long period is challenging. Using only collected
labels in a short period can be insufficient to determine activity profiles. The
activity estimation model can be used to determine labels in periods in which
measurements were available but labels were missing. The trained activity profiles
are then determined from the estimated labels;

2. Determining impacts of the activity on related electrical appliances from
the historical data: from historical measurements and collected activity labels,
an AR electricity consumption model is built with the methodology proposed in
chapter 6. This model contains the relationship between occupant activities and
related domestic appliances;

3. Simulating AR electricity consumption of related electrical appliances in the
simulation period: the determined trained activity profiles are used to simulate

occupant activity labels in the simulation period. These simulated labels are
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combined with the determined impacts of the considered activity on related

appliances to simulate their electricity consumption.
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Figure 7.2 — Proposed methodology to simulate the electricity consumed by appliances

7.3.3 Generating occupants activity profiles using estimation

model

This first task aims to determine trained activity profiles from activity labels estimated
from the activity estimation model. These profiles can be used in simulating occupant
activity labels in energy simulation softwares. Many studies stated that the time of
the day and the day of the week could affect occupant activities in houses (Tanimoto
et al., 2008; Page et al., 2008; Wilke et al., 2013; Vorger, 2014). In another study, Aerts
(2015) applied hierarchical clustering to investigate the profiles of occupant activity in
Belgium households. She also pointed out that their activities are different between
weekdays and weekends. Their jobs and their habits can contribute to this diversity.

In this work, the timestep of the day and the type of day (weekday, weekend) are
used in modelling occupant activity profile. When collecting labels, several activities can
be in the same timestep and they are collected from many occupants. It is challenging
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to identify sequences of these activities. For simplicity, previous activities are not
considered when we model an activity independently. Figure 7.3 presents a conceptual
model representing the relationship between the considered activity, the timestep and
the type of day. Based on this conceptual model, in each timestep ¢ of a day with the
corresponding type of day d, we estimate conditional probability distributions p(a|t, d)

for an activity a to be performed.

Type of
day

Figure 7.3 — A conceptual model of the relationship between an activity, a timestep and
a type of day

7.3.4 Determining impacts of an activity on related electrical

appliances

In this second main task, the AR electricity consumption model (proposed in chapter 6)
is built from historical measurements and estimated activity labels. The objective
is to determine the relationship between occupant activities and related electricity
consumption of appliances. In particular, to consider an activity ¢ and a related
appliance with five AR consumption levels x (very low, low, medium, high, very
high), conditional probability distributions p(x|a) are determined. These distributions
represent how the appliance consumes electricity to support occupants to perform the

considered activity.

7.3.5 Simulating electricity consumed by related electrical

appliances

Results of the two above tasks are combined in this third main task. The trained activity
profiles with the distributions are used to simulate occupants’ activities and the outputs

of the electricity model are used to interpolate their related electricity consumption.
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Figure 7.4 presents the main steps to do a simulation of an activity a and the AR
electricity consumption level = of an appliance in a simulation period with a starting

timestep t.4,+ and a stopping timestep t.,4:

1. In the beginning, the necessary distributions p(alt,d) and trained profiles p(z|a)
are determined based on historical dataset (measurements and estimated labels)
using models described in the first task and the second task;

2. From the starting timestep ¢+, in each index ¢ with the timestep ¢; and the type
of day d;, label of the activity a(t;) is simulated through the determined probability
distribution p(a(t;)|t;, d;) and the Monte-Carlo method;

3. Then, the activity label is checked whether it happens at ¢;:

(a) If a happens at ¢; (a(t;) = 1), for each relevant appliance z, the electricity
level x(t;) of this appliance is simulated using the probability p(x(t;)|a(t;))
and the Monte-Carlo method,;

(b) Then, the methodology moves to the next timestep ¢; + 1;

4. The algorithm repeats the three previous steps until it reaches the stopping

timestep (¢t; = tenq).

155



Given activity a, appliance x
Estimate distributions p(ajt,d), p(x|a) from
historical data

Select a simulation period with

a starting time tstart

and a ending time ¢, 4

L]

Begin with timestep t; =t .. ¢

v

Get type of day d,,

Simulate activity a(t;) using p(a(t)|t;, d;)

Check if activity
happens a(t)=1?

Simulate electricity level x(t;) using p(x(t,) |a(t,))

No v

Check ti = tend

Move to next timestep t; = ¢t; +1

Figure 7.4 — Flowchart of the algorithm to simulate occupants activities and the AR
electricity consumption of involved appliances
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7.3.6 Validation

Firstly, we divide dataset into two parts: historical part and simulation part. The
historical part is used to build models. Then, the built models are used to simulate
occupants’ activities and their AR consumption in the simulation part. To evaluate the
methodology, we compare the simulated electricity consumption of each appliance to
the measured one in the simulation part. Because the type of day (weekday, weekend)
is considered in activity profiles, weekly electricity consumption is taken into account
instead of daily electricity consumption. In this section, we use a relative error indicator

(RE) to evaluate the proposed methodology as in equation 7.1.

_ WZsimulated — W measured

RE

x 100(%) (7.1)

WTmeasured

with:

e RFE: relative error is a value representing the difference between two values in
percentage (%);
® WIsmulaed: average simulated weekly electricity consumption;

® WIneasured: average measured weekly electricity consumption.

In addition to the ER, the diversity of the electricity consumption of appliances is
important. To take it into account, statistical comparisons between them are performed

and represented by boxplots.

7.4 Implementation and results

To test the methodology and its generalization, it was implemented in two case studies:
Cestas and Bordeaux. In this section, to be consistent with previous chapters, the
cooking activity and its related appliances are used to illustrate the methodology. In
the Cestas household, a 3-months dataset from September 2019 to December 2019
is used to train the simulation model, and a 1-month dataset from January 2020 to
February 2020 is used for testing. In the Bordeaux household, a dataset from April 05%
2021 to May 16™ 2021 is used for training and a dataset from May 24™ 2021 to June

28™ is used for testing.
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7.4.1 Case study: Cestas
Generating occupants activity profiles using estimation model

Generating trained activity profiles from the activity estimation model is the first step
in the methodology (see figure 7.2). For the cooking activity in the Cestas household,
three months dataset of occupant activities (from September 2019 to December 2019)
is used to investigate its profiles.

Figure 7.5 illustrates these cooking profiles of every day of the week. The habits of
cooking have similar patterns during the weekdays. The frequency of cooking in the
morning is more than in the afternoon and the evening. That is represented by the
higher cooking probability in the morning (from 06:00 to 11:00) compared to other
periods of the day. Occupants tend not to spend much time cooking lunch from Monday
to Friday, which is represented by the low probability of cooking between 11:00 and
17:00. It can be explained that household members work mostly at their workplace and
do not come back home until the evening, except on Thursday. On Thursday, occupants
spend more time cooking lunch than on the other days. It can be explained because
lessons in schools and universities are finished earlier, so children come back home
around noon. Due to a longer presence in the house on weekends, occupants have
more time to cook lunch and dinner.

As mentioned in the methodology, this work considers two different occupant
activity profiles: weekday and weekend profiles. Regarding the cooking activity,
figure 7.6 shows these patterns in this case study. There are clear discrepancies between
them, especially in cooking in lunch. These patterns include the distributions p(alt, d),
which represent the probability for the cooking activity a to happen at the timestep ¢
and the type of day d. For example, on a weekday, the probability that occupants cook

at 8 a.m is 70% while this probability on the weekend is 40%.

158



1{ — Monday_cook

0 . , /\ , . ; , . . .
14 — Tuesday_cook

14{ — Wednesday_cook

0 : : /\/ : . : A
14 — Thursday_cook

0 T T l/\/l\—\l /\l_’_\/l-\/\| T

1{ — Friday_cook

0 : : /\/\ : : : : . : :
1{ — Saturday_cook

14 — Sunday_cook

Q0

Q Q Q Q Q Q Q Q Q
o QO ’);00'9 Y 00'-0 o 00-9 Q'.Q 0‘00-9 0'90 0.9 0._0 Q‘.O Q‘.Q 0_90
" NS A ©" i

®° N N R O

Figure 7.5 — Different cooking activity profiles between days in the Cestas household
from 2019-09-01 to 2019-12-30
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Figure 7.6 — Different cooking activity profiles between weekdays and weekend in the
Cestas household from 2019-09-01 to 2019-12-30
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Determining impacts of the activity on related electrical appliances

In the Cestas household, many appliances exist to support occupants cooking such
as microwave, oven, toaster, hotplate, food processor, etc. However, as discussed in
chapter 6, some of them were rarely used (food processor, yogurt maker, robot) or not
measured (hotplate). For the microwave and the oven, because they were measured
by the same power sensor, the microwave is used to represent both of them. So, we
considered only three appliances related to three kinds of cooking activity (cooking
breakfast, cooking lunch and cooking dinner) that were measured in this case study:
the microwave, the toaster and the coffee machine. The impacts of each of them on the
relevant appliances are studied independently. The results of this task were presented

in chapter 6.

Simulating activity related electricity consumption and validation

Because the cooking activity is divided into three kinds (cooking breakfast, cooking
lunch, cooking dinner), the energy consumed by an appliance is the total electricity

consumed by it for each of them as in equation 7.2.

E(a)cook = E(a)breaszast + E(a)lunch + E(a)dinner (72)

with E(a)cook, E(@)break fasts £(@)1unch, E(a)dinner: the electricity respectively consumed
by the appliance « for all kinds of cooking, for cooking breakfast, for cooking lunch and
for cooking dinner.

Figure 7.7 shows comparison between measured and simulated weekly electricity
consumption of the microwave. It is shown that the microwave actually consumes an
average of 10 kWh/week with 75% of consumption values lying above 8.8 kWh/week.
The average simulated result from the methodology for this appliance is 8.3 kWh/week
so that the relative error is -17%. More than 75% of consumption values are greater

than 6.8 kWh/week.
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Figure 7.7 — Comparison between measured and simulated weekly electricity
consumption of the microwave in the Cestas household from 2020-01-01
to 2020-02-01

The result of the toaster is presented in figure 7.8. The household consumes an
average of 0.87 kWh/week for using the toaster for cooking. The consumption values
of this appliance are quite constant and only fluctuate between 0.8 kWh/week and
0.9 kWh/week. The simulated values show a much higher dispersion than the measured
values. The simulated values fluctuate between 0.22 kWh/week and 1.28 kWh/week.
More than 75% of simulated values are below 0.9 kWh/week and the average value is

0.76 kWh/week, the corresponding relative error is -13%.

- toaster
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1.0

0.8

0.6

Weekly electricity consumption (kWh)
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Figure 7.8 — Comparison between measured and simulated weekly electricity
consumption of the toaster in the Cestas household from 2020-01-01 to
2020-02-01

The energy uses of the coffee machine in this household are quite similar to the

toaster regarding weekly electricity consumption (see figure 7.9). Occupants consume
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from 0.5 kWh/week to 0.83 kWh/week for the toaster and the average consumption is
0.75kWh/Week. The simulated values have a higher dispersion than the measured
values. The simulated values can vary between 0.1 kWh/week to 1.6 kWh/week.
More than 75% of simulated values are above 0.7 kWh/week and the average value
is 0.9 kWh/week with the relative error is 20%.

The summary of the results of the studied appliances related to the cooking activity
in the Cestas household is presented in table 7.1 with their average value and standard
deviation of the weekly consumption. The table shows that when the proposed
methodology can simulate the weekly electricity consumption of most of the above
appliances with a relative error between -17% and 20%. However, the simulations
always have higher dispersion the measure values. The consumption of audio and video
devices was underestimated with a relative error of -68%. As discussed in chapter 6, a
certain amount of electricity consumed by audio and video appliances was not linked
to occupants’ activities. That caused the significant difference between simulated and

measured electricity consumption of these appliances.

1.50 [ - coffee machine

1.25

1.00
0.75 %
0.50

0.25

Weekly electricity consumption (kWh)

measured simulated

Figure 7.9 — Comparison between measured and simulated weekly electricity
consumption of the coffee machine in the Cestas household from
2020-01-01 to 2020-02-01
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Table 7.1 — Comparison between measured and simulated weekly energy consumption
of studied appliances in the Cestas household from 2020-01-01 to

2020-02-01
Appliance Measured Simulated Relative error

Microwave 10 + 1.8 kWh 8.3 + 1.9kWh -17%
Toaster 0.87 + 0.18 kWh 0.76 + 0.21 kWh -13%
Coffee machine 0.75 + 0.1kWh 0.9 + 0.26 kWh 20%
Tumble dryer 12.3 + 3.5kWh 9.8 £ 4.4kWh -20%
Dishwasher 7.9 + 2.3kWh 6.5 + 2.7kWh -18%
Washing machine | 3.0 + 2.1 kWh 2.8 + 1.6kWh -7%

Audio and Video | 6.6 £ 1.2kWh 2.1 + 1.2kWh -68%

devices

In addition to modeling weekly energy consumption, the methodology can generate

average electricity patterns of appliances. Figure 7.10 depicts weekday and weekend

average electricity consumption patterns of the coffee machine in the Cestas household.

The figure shows that the simulated pattern has the same trend as the measured pattern

on both weekdays and weekends. The patterns were strongly linked to the cooking

activity in the morning. It was logical because we discussed that the coffee machine was

mainly used in the morning. The comparison is similar to the toaster (see figure 7.11),

which was also mainly used in the morning.
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Figure 7.10 — Weekday and weekend average electricity consumption patterns for the
coffee machine with cooking profiles in the Cestas household from

2020-01-01 to 2020-02-01
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Figure 7.11 — Weekday and weekend average electricity consumption patterns for the

toaster with cooking profiles in the Cestas household from 2020-01-01
to 2020-02-01

Figure 7.12 shows weekday and weekend average electricity consumption of the
microwave. With this appliance, there are fewer discrepancies between simulated and
measured on weekdays than weekends. The simulated weekday pattern is similar
to measure one, which describes that the microwave was used more frequently for
breakfast and dinner than for lunch. On weekends, there are more differences between

the patterns, especially in lunch and dinner.
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Figure 7.12 — Weekday and weekend average electricity consumption patterns for
the microwave with cooking profiles in the Cestas household from
2020-01-01 to 2020-02-01

Figures 7.13, 7.14 and 7.15 respectively presents average electricity patterns of the

tumble dryer, the washing machine and the dishwasher. In general, simulated patterns

have the same trends as measured patterns on both weekends and weekdays. However,

the simulated patterns did not capture peaks of measured values. Despite detecting

one peak value, the simulations contain several lower values close to that value. It can

be explained that occupants do not usually use the appliances at a fixed timestep but

among several close timesteps associated with occupants’ activities. There are more

discrepancies between them on weekends. Two reasons can cause the discrepancies.
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Firstly, occupants can change their activity profiles and it leads to modifications of the

electricity profiles. Secondly, just a few weekend days (8 days) are used to generate

the testing weekly electricity consumption patterns. Therefore, the patterns can have

underfitting issues.
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Figure 7.13 — Weekday and weekend average electricity consumption patterns for the

tumble dryer with drying clothes profiles in the Cestas household from
2020-01-01 to 2020-02-01
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Figure 7.14 — Weekday and weekend average electricity consumption patterns for the
washing machine with washing clothes profiles in the Cestas household
from 2020-01-01 to 2020-02-01
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Figure 7.15 — Weekday and weekend average electricity consumption patterns for the
dishwasher with washing dishes profiles in the Cestas household from

2020-01-01 to 2020-02-01

Regarding audio and video devices, their average electricity consumption patterns

are shown in figure 7.16.

than measured ones.

It is obvious that simulated values are much less

There are links between measured consumption and trained

entertaining profiles but they are not completed. These devices consume a certain

amount of electricity even when the entertaining activity tends not to happen.
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Figure 7.16 — Weekday and weekend average electricity consumption patterns for the
audio video devices with entertaining profiles in the Cestas household
from 2020-01-01 to 2020-02-01

7.4.2 Case study: Bordeaux

To test whether the methodology works in different contexts, we reproduce the same

kind of analysis and steps, which were applied in the Cestas household for the Bordeaux
household.

Firstly, the estimated labels are used to generate the activity profile. Particularly, the

cooking activity profile in every day of the week is presented in figure 7.17.
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Figure 7.17 — Different cooking activity profiles between days in the Bordeaux
household from 2021-04-05 to 2021-05-16

The profiles of cooking activity are summarized to weekday profile and weekend
profile, which are illustrated in figure 7.18. The main gap between these profiles locates
in cooking breakfast. It is shown that occupants tend to cook breakfast more or earlier
on weekdays than on weekends. The probabilities of cooking lunch on weekends are
generally higher than during the weekdays. Compared to the Cestas household, the
Bordeaux household has a higher probability of cooking lunch and dinner during the

weekdays.
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Comparison of cooking activity profile in the Bordeaux household
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Figure 7.18 - Different cooking activity profiles between weekdays and weekend in the
Bordeaux household from 2021-04-05 to 2021-05-16

In this household, four appliances associated with three kinds of cooking activity
(cooking breakfast, cooking lunch and cooking dinner), which were measured, are
considered: microwave, oven, toaster and kettle. Results of the microwave use
simulation are shown through boxplots in figure 7.19. Occupants use an average of
2.2kWh/week for the microwave but there are variations in their usages. More than
half of the time, microwave consumes from 1.9 kWh/week to 2.9 kWh/week. In some
weeks, the weekly used electricity can be less than 1.5kWh or more than 3kWh. In
the proposed model, the average value is 2.1 kWh/week with a relative error of 5%.
More than 50% of weekly consumption values in this approach are between 1.9 kWh to

3 kWh/week.
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Figure 7.19 — Comparison between measurement and simulated weekly electricity
consumption of the microwave in Bordeaux site from 2021-05-26 to
2021-06-24

For the kettle, it consumes a certain of electricity with an average of 4.6 kWh/week.
Most of weeks consumes from 1.5 kWh/week to 7.5 kWh/week for this appliance. In the
proposed model, more than 50% of consumption values are between 4 kWh/week and
6.3 kWh/week while the average value is 5.1 kWh/week with a relative error of 10%.

These results and comparisons are presented in figure 7.20.
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Figure 7.20 — Comparison between measured and simulated weekly electricity
consumption of the kettle in the Bordeaux household from 2021-05-26
to 2021-06-24

Similarly, the results of the oven are presented in figure 7.21. This appliance
consumes a certain amount of energy with an average of 3.8 kWh per week. During
the testing period, the electricity used by the oven is always more than 3 kWh/week.

For this appliance, the simulated average value is 4 kWh/week and its dispersion is
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similar to the measured one. The relative error in this case is 5%.
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Figure 7.21 — Comparison between measured and simulated weekly electricity
consumption of the oven in the Bordeaux household from 2021-05-26
to 2021-06-24

However, regarding the relative error, the results are not good with the toaster, which
is presented in figure 7.22. The uses of the toaster of the household during the testing
period are very small and stable with an average of 0.18 kWh/week. The methodology
overestimated the consumption of this appliance. The simulated average consumption
value is 0.42 kWh/week, which is two times (233%) more than the measured average
value, the corresponding relative error is 133%. It can be explained that there can be
a change in occupant behavior in using the toaster in the testing period. In that time,

occupants spent less time using the toaster than in the training period.
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Figure 7.22 — Comparison between measured and simulated weekly electricity
consumption of the toaster in the Bordeaux household from 2021-05-26
to 2021-06-24
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The summary of the results of the above appliances is presented in table 7.2 with
their average values and standard deviations of the weekly consumption. The table
shows that the methodology can simulate the electricity consumption of most of the
above appliances with a relative error between 5% and 10%. It proves that the
methodology can be adapted to this case study.

Table 7.2 — Comparison between measured and simulated weekly energy consumption

of studied appliances related to the cooking activity in the Bordeaux
household from 2021-05-26 to 2021-06-24

Appliance Measured Simulated Relative error
Microwave 2.2 £ 0.8kWh 2.1 £ 1kWh 5%
Toaster 0.18 + 0.1kWh 0.42 + 0.3kWh 133%
Kettle 4.6 + 2.1kWh 5.1 + 2.4kWh 10%
Oven 3.8 + 1.8kWh 4 £+ 1.8kWh 5%

7.5 Conclusion

This chapter proposes a methodology to simulate occupants’ activities and the electricity
consumption of the involved appliances in specific households. This model combines
two proposed models: the activity estimation model described in chapter 5 and the
activity related electricity consumption model proposed in chapter 6. The activity
profiles are determined by the activity estimation model. Profiles are used to predict the
labels of activities. When an activity happens, the activity related consumption model is
used to simulate the energy consumption of the associated domestic appliances. The
methodology was tested in two households in France with different characteristics
and settings. The results show that the methodology can simulate the electricity
consumption and its diversity of most of the studied appliances in our case studies.
It is represented by a tested relative error between -17% and 20%. On the other hand,
the methodology can generate weekday and weekly average electricity consumption of
appliances. It is presented that simulated patterns can represent the same trends as
measured patterns.

In building renovations, BPS softwares are popularly used to evaluate the potential

energy gains of retrofitting actions. To improve the performance of BPS softwares,
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many approaches have been proposed to take account of occupants’ activities and their
energy impacts. However, most of them are based on statistical approaches and not
specific for particular households. When renovating an existing house, it is interesting
to consider occupants’ activities and their energy impacts that are specific to this
house. This methodology is useful to study contextualized activities and their energy
impacts, particularly in electricity consumption, in a specific household. Firstly, activity
profiles generated by the estimation model, which is built based on historical activities
labels directly collected from occupants, are more specific than representative profiles
determined by statistical approaches. Secondly, by using knowledge, the methodology
can identify some information such as locations of activities, available appliances, list of
appliances involved to an activity, which are uncertain in statistical approaches. Thirdly,
the AR electricity consumption model is based on measurements so that it contains
specific information about how appliances consume electricity for occupants’ activities.
In addition, the methodology models activities with their specific locations. That is
useful to consider the consumption related to activities in each thermal zone. Finally,
the methodology is easy to understand and verifiable.

However, the methodology needs the historical dataset including measurements,
activity labels and context information. Thus, it requires much effort in sensors
installation and occupants interaction to collect the necessary data. Moreover,
occupants can change their behaviors over time, particularly in the use of appliances.
This transition is difficult to be handled in the methodology. To deal with it, the
idea is to build sub-models to consider different periods of the year. Additionally,
interactive learning, which is proposed by Amayri (2017), can be integrated to adapt the
energy behavior of occupants to new contexts over time. In addition, the methodology
simplified relationships between activities which are useful to consider the consistency
and the continuity of energy impacts. On the other hand, occupants rather perform
activities and use appliances in close timesteps than a fixed timestep. Thus, regarding
the average electricity consumption patterns, considering them in each 30-minutes can

be too specific.
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Conclusion and perspectives

General conclusion

Simulation tools support engineers to size HVAC systems and optimize the design
of a building. However, building energy performance is not only influenced by its
physical characteristics but also governed by occupant impacts through the presence
and activities. It is investigated that occupants’ impacts are essential to explain
discrepancies between predicted and actual energy consumption in the design phase.
Better information on the occupant activities might improve the performance of energy
simulation tools and reduce this gap. In recent years, besides enhancing the building
envelope, efforts have been made to enhance Energy Management and Monitoring
Systems (EMMS) in residential buildings by concerning occupant activities as a part
of the system. The goal is not only to reduce energy consumption but also to satisfy
occupants’ comfort. The determination of occupants’ activities cannot be generally
directly obtained by sensors or cameras because of the privacy concerns, modelling
occupants’ activities is thus an important key in monitoring systems and energy
simulation.

The problem tackled by this thesis is to determine and process data from a given
context, coming from sensors and questionnaires, that could be used to estimate
occupants’ activities (cooking, washing clothes, etc.) and their related energy impacts in
a specific home, which are useful in both energy verification processes and evaluations
of retrofitting actions in building renovations. The meaningful features for the
estimation should be determined to reduce redundant sensors and save installation
budgets. The approach should be verifiable and provide understandable information to
inhabitants for suggesting their behavior changes.

The task of gathering labels is challenging in family households due to the diversity
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of their members and activities. Using camera is rarely allowed since the private
policy. To tackle this issue, a mobile application was developed to collect labels from
individuals. These labels were combined with measurements to estimate and simulate
occupants’ activities (cooking, sleeping, washing clothes, etc.) and their related energy

impacts. The scope of work includes contextualized models with three tasks:

1. estimating occupant activities with many sensors, the context, and activity

labels collected from occupants. It starts by determining the features of sensors
most related to the activity. Then, a knowledge-based model is built using
meaningful features, expert knowledge of the activity, and the context coming
from observation and questionnaires, which were given to occupants to ask labels
of their activities. It relied on a Bayesian Network to model occupants activities
with probabilistic cause-effect relations based on a defined consequences-based
network. The estimation model was then applied to extrapolate labels to another
dataset. The estimated labels were used to construct activity profiles in energy
simulation.
Two instrumented houses with several activities were used to test the model. The
time of the day, the uses of appliances and the occupancy, which is represented
by the motions and CO, concentration, are determined as meaningful features in
the model. Cross-validation with the F1-score metric was used to evaluate the
accuracy of the estimation. The results were better with high energy activities
and were worse with low energy activities. Besides, when the prerequisites
of measurements and labels are met, the model was proven to have good
performance in constructing activity profiles in the case studies.

2. evaluating the energy impacts associated with occupants’ activities with
a set of sensors, the context, and labels. The thesis focused on the activity
related electricity consumption of domestic appliances. The uses of appliances
are different between activities in houses, which leads to different patterns of the
electricity consumption related to activities. To consider it, an activity related
electricity consumption model, which was based on Bayesian Network, was built
to investigate electricity levels (very low, low, medium, high, very high) consumed
by domestic appliances related to occupants’ activities (i.e. microwave, toaster,

washing machine, etc.).
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The model was tested with several activities in the studied house. There were
discrepancies of the electricity levels of appliances within an activity and between
activities. To evaluate the methodology, we compared the simulated electricity (by
the proposed electricity model) and observed electricity consumption (by sensors)
of several domestic appliances. When the labels of activities were determined, the
model is useful in investigating the electricity levels used for occupants’ activities.
In the case study, the model were efficient in simulating the related electricity
consumption of appliances associated to several activities. Results showed that
occupants can use appliances in different ways for their activities. Their behaviors
of using the appliances can change over time and the model was limited to these
changes.

3. simulating occupants’ activities and their related energy impacts, which can
be useful to support selecting of retrofitting actions for a existing dwelling. In
this work, activity profiles (determined by the activity estimation models) were
combined with the activity related electricity model to simulate activities and
their related electricity consumption of domestic appliances. This contextualized
approach aims to improve the energy simulation in building renovations when the
sensors data and labels of activities are available.

Several activities were tested in the case studies. To evaluate the methodology,
simulated electricity consumption of appliances was statistically compared to
measured ones. The results showed that the approach was useful in simulating
occupants activities and the related domestic electricity consumption in these

cases.

When the measurements, labels and the context of the house are available, the
contextualized models are suitable in modelling occupants activities and their related
domestic electricity consumption in specific households. It helps to contribute some
useful information to BPS softwares to reduce the gap between simulated and actual
energy simulation. This benefit can be helpful in both verifying current energy
performance and evaluating refurbishments of existing dwellings. Contextualized
models can give occupants insights of energy impacts of their activities. They can use
this information to improve their behavior in houses regarding the energy consumption.

In addition, selections of meaningful features related to occupants activities can be
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useful to save budget for future installation campaigns. However, some limitations exist

in this approach:

e The approach only considered several activities related to domestic appliances. It
did not have good performance with activities that are not related to electrical
appliances.

e The appliances, which are not only associated to occupants’ activities, are not
concerned (i.e. fridge, artificial lighting, etc.).

e The approach is limited in considering the changes of occupants’ activity profiles
and their behaviors of using appliances over time, which usually happens when
the season or the calendar of individuals changes.

e Occupants’ activities can affect many factors in houses such as HVAC systems,
lighting systems, the electricity consumption, etc. However, the approach only
focused on the impacts on electricity consumption of domestic appliances.

e Even if the mobile application is convenient to used in many cases, remaining
it in the long-term is a challenge for individuals, especially when they find no

interactions between them and the results.

Future work

The work done in this thesis is focusing on the impacts of occupant activities on
domestic appliances in houses. This work can be extended to other effects as the
actions on doors/windows, artificial lighting, or the indoor environment (temperature,
humidity, etc.). Though these variables are complex and not only affected by
occupant activities, studying them is interesting to investigate the occupant habits and
preferences. More knowledge as individuals’ calendars, seasons, vacations can be added
into the model to take into account the possible behavior changes.

In the short-term future, interactive learning can be integrated to the model to
improve the process of collecting labels and enhance the model performance. In
particular, with interactive learning approach, when some conditions are satisfied (the
estimation error of the model, the density of the neighborhood, or the minimum weight
of the concerned activity), the questions are sent to occupants to ask about their

activities. It is a gradually process with the following benefits:
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e Interaction with occupants to collect labels so that their motivations are increased.
This process is useful in building the model when the initial dataset is not large
enough. Using interactive learning helps the model to be trained in parallel to the
task of collecting labels. Thus, the model quality is improved over time when the
dataset increases. Moreover, considering the time to task with the defined criteria
helps to reduce the unnecessary requests sent to occupants.

e By interacting with occupants, model with interactive learning approach can
update its parameters to adapt new situations. This feature is useful in tackling

the issue of the behavior changes of occupants.

In the mid-term future, contextualized models maybe give useful information to study
occupants activities in statistical datasets. Even though contextualized models focus on
a specific house, it is interesting to investigate whether they works with similar houses.
There are many statistical datasets having measurements but occupants’ activities are
missing. Completing them is useful to study energy impacts of occupants activities on
dwellings in a population scale.

In the long-term future, contextualized activities and their energy impacts can
provide useful recommendations to people. They can use these recommendations to

evaluate ways to modify their activities.
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