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Summary (English)

This thesis deals with the development of building occupant behaviour models,
using hidden state methods.
Reducing greenhouse gas emissions and the use of fossil fuels is a global challenge. A significant part of the global energy demand can be ascribed to buildings. Consequently, major efforts have been undertaken to reduce emissions
and the energy use in buildings. As a requirement, this assumes a proper understanding of how the energy is used. Building energy simulation tools attempt to estimate the energy use, in many cases even before the building is
constructed. These tools utilise computer models of a building to simulate the
energy demand, taking the influence of its physical properties, the weather conditions, but also the occupant behaviour on the energy balance of the building
into account. While modelling the physical properties of a building is well understood, it has been acknowledged that models of the occupant behaviour are
over-simplified. This is due to the lack of proper understanding of the variation
of occupant behaviour and its drivers. However, occupants have a significant
influence on the energy demand of a building. Hence, they are a key part in the
estimation of energy use and greenhouse gas emission of buildings.
Moreover, a thorough understanding of occupant behaviour can contribute to
improved control strategies of heating, cooling and air-conditioning. Using occupant presence forecasts, it is possible to heat, cool and ventilate a building only
when needed. This way, the indoor climate can be controlled in a way that minimises energy usage, yet satisfying occupant comfort and health requirements.
This thesis addresses several aspects of occupant behaviour modelling, with a

ii
focus on occupant presence and window opening behaviour models. In particular, the use of hidden state methods is explored. This means, that information
about occupant behaviour is inferred without directly observing it. Instead,
other quantities such as environmental variables and any other available information sources are used. These methods are important, since occupants’ actions
are seldom measured directly. Traditionally, occupant behaviour models are derived from data of field studies or controlled experiments in which rooms are
equipped with monitoring devices that record the behaviour in question. These
monitoring campaigns have been an important factor, especially for model validation purposes. However, the use of indirect methods, such as hidden Markov
models, provides this research discipline with more possibilities, since data from
a wide range of existing buildings without dedicated occupant behaviour measurements can be used for model development.

Resumé (Danish)

Denne afhandling beskæftiger sig med udviklingen af modeller, der beskriver
brugeradfærd i byninger ved hjælp af hidden state metoder.
Reduktion af udledning af drivhusgasser og fossile brændstoffer er en global udfordring. En betydelig del af det globale energibehov kan tilskrives bygninger.
Derfor er der gjort en stor indsats for at reducere emissioner og energiforbrug i
bygninger. Som et krav forudsætter dette en korrekt forståelse af, hvordan energien bruges. Simuleringsværktøjer estimerer bygningernes energibehov, i mange
tilfælde allerede før bygningen er konstrueret. Disse værktøjer bruger computermodeller til at simulere energibehovet under hensynstagen til bygningens fysiske
egenskaber, vejrforhold, men også af brugernes adfærd.
Selvom modellering af bygningers fysiske egenskaber er velforstået, er det anerkendt, at brugermodeller er forenklet. Dette skyldes den manglende korrekte
forståelse af variationen og årsagerne til brugernes adfærd. Imidlertid har brugerne en betydelig indflydelse på bygningens energibehov. De er derfor en vigtig
del af beregningen af energiforbruget og udledning af drivhusgasser i bygninger.
Derudover kan en grundig forståelse af brugernes adfærd bidrage til forbedrede
kontrolstrategier for opvarmning, køling og klimaanlæg. Ved hjælp af prognoser
for brugernes tilstedeværelse er det muligt kun at varme, køle og ventilere, når
det er nødvendigt. På denne måde kan indeklimaet styres således, at energiforbruget minimeres, men stadig tager hensyn til brugernes komfort og sundhedskrav.

Denne afhandling vedrører forskellige aspekter ved modellering af brugernes

iv
adfærd, med fokus på brugernes tilstedeværelse (occupancy) og vindueåbningsmodeller. Især undersøges brugen af hidden state metoder. Disse metoder er
vigtige, da brugernes handlinger sjældent måles direkte. Traditionelt er brugeradfærdsmodeller afledt fra feltundersøgelser eller kontrollerede eksperimenter,
hvor rummene er udstyret med måleenheder, der registrerer den pågældende
adfærd. Disse monitoreringsperioder har været en vigtig faktor, især til modelvalideringsformål. Brug af indirekte metoder, såsom skjulte Markov-modeller,
giver imidlertid denne forskningsdisciplin flere muligheder, da data fra en lang
række eksisterende bygninger uden adfærdsdedikerede målinger kan bruges til
modeludvikling.

Preface

This thesis was conducted at the Department of Applied Mathematics and Computer Science at the Technical University of Denmark (DTU Compute) in partial
fulfillment of the requirements for acquiring a Ph.D. degree.
The thesis addresses several aspects of modelling occupant behaviour in buildings, with a focus on occupancy and window opening behaviour, by the use of
hidden state time-series methods, in particular hidden Markov models.
This thesis consists of a summary report and five scientific papers listing the
work carried out during the period between September 2016 and September
2019.

Kgs. Lyngby, September-2019

Sebastian Wolf
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Chapter

1
Introduction

1.1

Motivation

The anthropogenic climate change is one of the biggest, if not the biggest,
global threat we are facing in current days. Since the dawn of the industrial
age, humans are responsible for a drastic increase in greenhouse gases in the
atmosphere [1]. Main sources for these greenhouse gas emissions are industrial
combustion processes (e.g. steel production), combustion engines of vehicles
(cars, planes, ships), deforestation, energy production in the form of heat and
electricity, e.g. for the heating and cooling of buildings as well as methane
production of cattle in industrial livestock farming [2, 3, 4, 5, 6]. The full
range of consequences is still unknown. However, it includes a significant raise
in the global mean temperature [1]. This leads to the melting of polar ice
that itself stores high quantities of greenhouse gases which is then released to
the atmosphere, creating an irreversible positive feedback loop of ever more
emissions [7]. The awareness of this threat is growing. In December 2015, the
United Nations negotiated the Paris Agreement, today signed by 195 member
states, with the goal to limit the increase in the global average temperature to
1.5 ◦ C above pre-industrial levels [8].
According to the International Energy Agency (IEA), "the buildings and buildings construction sectors combined are responsible for 36% of global final energy
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consumption and nearly 40% of total direct and indirect CO2 emissions [9]." Part
of this energy and these emissions can be ascribed to the operation, i.e. use of
buildings. Energy is needed to create a comfortable indoor environment for the
building users, the occupants. It is used to provide a pleasant temperature, fresh
air, hot water, electricity for cooking and refrigerating food, washing and drying cloth, entertainment and internet connection. Hence, occupants influence
the energy consumption of a building through their behaviour [10, 11, 12]. This
raises the following question: Can we reduce the building’s energy use and emissions without compromising the occupants’ comfort? To answer this question,
occupant behaviour must be well understood first, which raises more questions:
What are the drivers for certain actions? Are there systemic patterns in the behaviour or is it random? Can we predict occupant behaviour or at least mimic
realistic behaviour in a computer model in order to estimate the energy consumption of a building? Motivated by these questions, occupant behaviour has
received growing attention in the building research community in recent years.
In 2013, the International Energy Agency’s "Energy in Buildings and Communities (EBC)" Programme launched the international research programme "Annex
66 - Definition and Simulation of Occupant Behavior in Buildings" [13], followed
by "Annex 79 - Occupant-Centric Building Design and Operation" from 2018
[14]. In these research projects, more than 120 researchers from 16 countries
meet biannually to advance the modelling of occupant behaviour. This thesis
was carried out along with the Annex 66. It addresses different modelling and
model evaluation methods in the domain of occupant behaviour modelling. In
particular, the focus lies on occupant presence (occupancy) and window opening,
and on the use of so called hidden state methods.

1.2

Thesis Objectives

Today, the energy demand of buildings in the design phase is often estimated
by building performance simulation tools. While the modelling of the physical building components, and their influence on the building’s heat balance,
has become mature, it has been acknowledged that occupant behaviour is still
under-represented [15, 16, 17]. However, occupant behaviour has a significant
influence on the building energy demand [17, 18, 19, 20, 21] and therefore occupant behaviour modelling needs more research attention. Often, recurring
static profiles are used to represent occupant behaviour. However, in many
cases, these do not fully reflect the behavioural variation, and with it the uncertainty in the building’s energy demand. Consequently, this thesis aims to
contribute to improved occupant behaviour simulation models. In particular, it
attempts to provide stochastic, i.e. probabilistic, methods for simulating occupant behaviour. The goal is that these methods create profiles that are more
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realistic than most prevalent models, in the sense that they better reflect the
variation of real behaviour. In particular, the thesis focuses on occupancy, i.e.
occupants’ presence and location in the building, which is one important aspect
of occupant behaviour, as it is a prerequisite for most occupants’ actions that
affect the building’s energy balance. Most occupant behaviour models are datadriven models. This means, they are fitted using recorded real-life behaviour
measured in field studies or controlled experiments. But in many cases, direct
measurements of occupant behaviour are not readily available. It is, however,
often possible to infer information about the behaviour from other quantities
which are easier and less expensive to be recorded. These quantities can be environmental variables such as air temperature, humidity, carbondioxide level and
others. One approach to deal with this lack of direct observations of occupant
behaviour is the use of hidden state methods such as hidden Markov models.
This thesis focuses particularly on these indirect or hidden state methods.
Moreover, in an efficient control of heating, ventilating and air-conditioning of
buildings, information about occupants’ presence and activities plays an important role [22, 23]. Occupancy estimates can be used as input for demand-based
control and model predictive control, leading to a reduction in costs, energy
use and emissions [24, 25]. Therefore, there is a need for inexpensive, reliable
methods to detect and forecast occupancy and occupant activity. This thesis
addresses the estimation of occupancy using hidden state methods including
grey-box models and hidden Markov models. We aim at the development of
models that can detect the current occupancy state as well as forecast future
occupancy.
Another research need is to advance the understanding and methodologies of
evaluation of occupant models. There is no uniform definition of model evaluation (assessment, verification, validation) in the context of occupant behaviour.
Here, we define it broadly as the verification of a model to be suitable in a
defined scope to represent occupant behaviour. The assessment of an occupant
behaviour model is usually carried out by comparing its outcome to measured
data, the outcome of another model or a benchmark, using certain performance
indicators. The lack of a standard definition and of an agreement on the methodologies of model evaluation shows that there is a need for more research. In this
thesis, we partly address model evaluation, particularly in the Papers D, E and
Paper F.
In summary, this thesis has three main objectives. It aims to:
1. Advance the understanding and develop methods of occupancy simulation
modelling with a focus on hidden state methods
2. Advance the understanding and develop methods of occupancy detection
and forecasting models with a focus on hidden state methods
3. Advance the understanding and develop methods to evaluate occupant
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behaviour models

1.3

Thesis Structure

The thesis is structured as follows. Part I consists of a report summarising the
contributions of this thesis. This report subdivides into several chapters. Chapter 2 introduces the reader to the topic of building occupant behaviour modelling. It defines occupant behaviour and explains why a proper understanding
of it is important. Applications of occupant behaviour models are summarised.
Moreover, the chapter gives an overview of selected works in the literature of
occupant behaviour modelling. Chapter 3 summarises the methodologies used
in this thesis. First, the concept of maximum likelihood is introduced. This is
followed by an introduction to logistic regression, splines, Markov chain models
(including hidden Markov models) and grey-box models. Chapter 4 summarises
the main results obtained and the models developed within the thesis. Chapter
5 closes Part I providing conclusions and perspectives.
Part II gathers the publications that contribute to this thesis.
Paper A is a journal article published in Energy and Buildings. It presents a
model to estimate different levels of occupant activity from indoor carbondioxide measurements. The method can further be used to simulate the occupant
activity level and the accompanying indoor carbondioxide level.
Paper B suggests a novel method to simulate occupant presence in private
households. In contrast to earlier works, this model simulates occupancy on
room level. The work has been submitted for consideration to Energy and
Buildings.
Paper C is a collaboration with the Norwegian University of Science and Technology. It presents a grey-box model for occupancy detection based on a carbon
dioxide mass balance equation. The article has been published in Applied Energy.
Paper D was produced in collaboration with RWTH Aachen University. It
compares the model introduced in Paper C with an occupancy detection model
that uses a different approach. Both models are applied to a data set of ten
office rooms and the results are compared.
Paper E is a conference paper presented at Healthy Buildings Europe 2017
in Lublin, Poland. The work evaluates the performance of different window
opening behaviour models from the literature. The models are applied and
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re-trained to an independent data set and different performance indicators are
compared.
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2
Context & Background

In this chapter, we provide some context and background concerning building
occupant behaviour. Section 2.1 provides a brief definition. In section 2.2, we
point out, why models to describe occupant behaviour are needed. Section 2.3
is dedicated to the driving factors (drivers) of occupant behaviour, hence to the
reasons for why occupants behave as they behave. Finally, in section 2.4, general
approaches to modelling occupant behaviour and examples from the literature
are reviewed.

2.1

Definition of Occupant Behaviour

In this thesis, building occupant behaviour is defined as the set of actions of
the building occupants that, directly or indirectly, affect the energy balance,
greenhouse gas emissions and the indoor climate of a building. An example of
such a direct effect is the action of opening a window, which leads to a change
of the indoor air climate. Also the occupants’ presence has a direct effect,
as it will, for instance, increase the indoor air temperature by metabolic heat
and increase the indoor CO2 level due to exhalation. By an indirect effect, we
mean, for instance, the adaption of the clothing level. Say, an occupant puts
on an extra layer of cloth, instead of increasing the thermostat set point. Other
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examples of occupant behaviour are the use of white wares and other electrical
appliances, tapping hot water, lighting and ventilation control and the use of
window blinds.

2.2

Significance of Occupant Behaviour

In the Western countries, people spent the major part of their life indoors [26, 27,
28, 29]. Buildings serve several purposes. They give us privacy and protect us
from other animals (including humans), but mainly they give us shelter against
the outdoor conditions. They protect us from rain, wind, and too high and low
temperatures. This costs us a lot of energy. In the European Union, buildings
are responsible for 40 % of the total energy consumption [30]. Especially in the
developed countries, occupants have, today, high expectations on the conditions
of their indoor environment. A high amount of energy is used to keep the indoor
air temperature at a comfortable level, by means of heating and cooling. In the
"EU households, heating and hot water alone account for 79% of total final
energy use" [31]. This does not even include the energy demand for cooling
which is more significant in other regions, such as North America and Asia.
Hence, there is generally a high potential to save energy. But how big is the
influence of the occupants on the building energy consumption?
Studies have shown significant differences in the energy consumption of equal
buildings and of buildings with varying occupants [18, 20, 21]. These discrepancies are evidence for the impact of the occupants’ behaviour on the building
energy demand. Along with higher building energy standards, the relative impact of occupant behaviour on the energy consumption will even increase [32,
33]. For instance, the share of internal heat gains on the overall heating demand
increases with tighter and better insulated building envelopes.
With respect to energy consumption and greenhouse gas emissions, there are,
at least, two reasons to strive for a better understanding of building occupant
behaviour and to find suitable mathematical models that describe it:

1. Building Performance Simulation
In the field of building (energy) performance simulation (BPS), energy
consumption of a building is estimated by computer models. These models comprise a representation of the building’s structural elements (e.g.,
walls, windows), together with their physical properties such as heat resistance and heat capacity. Using a weather data set (historic or predicted), the thermal conditions inside the building are then estimated and
the demand of heating energy is calculated. Depending on the degree of
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detail, also (hot) water usage and electric appliances are taken into account. Moreover, it is crucial to include the behaviour of the occupants,
as they have the above-described impact on the energy demand. For example, a BPS model can include a window opening model that determines,
under which conditions (e.g. depending on environmental variables) the
building’s windows are open or closed. It is generally acknowledged that
occupant behaviour is underrepresented in BPS [15, 17, 34]. Occupant
behaviour models have been over-simplified, as they often consist of static
usage profiles. This way, the models do not reflect the variability in behaviour and hence not the variability in energy usage. In this regard, it
is important to develop models that reflect real occupant behaviour. One
way to address this variability is the inclusion of stochasticity in the occupant behaviour models. Paper B and Paper A present stochastic models
for the simulation of occupancy and occupant activity, respectively.
2. Demand-based heating, cooling and air-conditioning (HVAC)
control systems
By demand-based HVAC control systems, we mean automated building
HVAC control systems that use information about the occupant behaviour
(and other factors such as weather) to minimise the energy use, emissions,
and/or monetary costs while maintaining certain requirements on the indoor climate. These requirements are related to comfort, in particular
thermal comfort, but also to health aspects, for instance the limitation
of air pollutants such as CO2 , formaldehyde and particle matters. A
demand-based control system controls the indoor air, while taking the
current and/or predicted future occupant locations, actions or preferences
into account. Mathematically, this can be approached by model predictive
control (MPC) which is briefly outlined in the following. First, a model of
the system in question is used to predict the future states of the system,
e.g. indoor temperature. Subsequently, a constraint objective function
is optimised on a receding time horizon. This means that, in each step,
the optimisation problem is solved for a limited time horizon, taking the
predicted state of the system into account. Then the first control action
of this solution is applied and the optimisation problem is solved for the
next time horizon. Several studies have suggested an MPC algorithm for
building control, mainly taking weather forecasts into account (e.g [35]),
while Goyal et al. [36] proposed a model based on occupancy predictions. Depending on the building’s energy flexibility [25], the controller
can shift to periods in which energy is provided by renewable sources.
Apart from heating, ventilation and air-conditioning, a model-predictive
controller could be used for automated window opening, closing and shading, depending on the occupants’ acceptance towards a full automation of
their environment. Estimates of the the current occupant state by simple,
non-intrusive measures and short-term forecasts of the occupant behaviour
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are therefore key for such demand-based control strategies, as emphasised
by Oldewurtel et al. [22]. In Paper C, a grey-box model for the estimation
of room occupancy is presented. Paper A proposes a method for estimation, simulation and short-term forecasting of occupant activity levels.

2.3

Comfort vs. habits: Why Occupants behave
as they behave

The premise of many occupant behaviour models is that occupants’ actions are
motivated by the attempt to create or maintain a comfortable indoor environment [16, 37]. This can include thermal comfort, visual comfort [38], acoustic
comfort and the wish for fresh air.
The most relevant aspect of comfort, when it comes to energy use and emissions,
is thermal comfort, since a significant share of the total energy use of buildings
is used to maintain a comfortable indoor climate as described in section 2.2.
Partially due to the intense energy use to obtain a pleasant indoor environment,
thermal comfort has become a well explored field. Since the 1970’s, it has received a lot of attention in the building research, but also in the automotive [39]
research community. In section 2.3.1, the most widely accepted approaches to
thermal comfort are introduced.
However, many studies showed that occupant behaviour cannot completely be
explained by environmental variables and the occupants’ desire to restore a
pleasant indoor environment [40, 41, 42, 12, 43]. It is evident that there are
other factors influencing the behaviour. Studies have categorised these nonenvironmental factors differently. O’Brien and Gunay [44] identified "contextual
factors contributing to occupants’ adaptive comfort behaviors in offices". They
argue that occupants take adaptive measures to restore comfort, but are influenced by contextual factors in the decision-making. The authors focus on factors
that can be influenced by building designers such as accessibility of personal control, views to the outdoors and interior design as opposed to personal factors
such as culture, age and gender. Other categorisations of non-environmental
factors include the terms physiological, psychological, social, contextual, timerelated and random factors [33, 45, 46, 47]. Even though non-environmental
factors, that influence occupant behaviour, have been identified, occupant behaviour models in the literature usually do not include these. A reason for this
is that, as acknowledged by Stazi et al. [48], while environmental variables are
objective and "easily recorded and compared between different studies", nonenvironmental factors are more difficult to investigate, quantify and correlate.
A factor which, in our opinion, has not received enough attention in research,
are habits. We claim that a significant part of the variation of occupants’ actions can be explained by habits and daily routine. This means that occupants,
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in many cases, behave in a certain way, because they are used to it. Section
2.3.2 briefly addresses habit-based behaviour.

2.3.1

Thermal comfort

In the standard for ’thermal environmental conditions for human occupancy’
published by the the American Society of Heating, Refrigerating and Air-Conditioning
Engineers (ASHRAE), thermal comfort is defined as "the condition of the mind
in which satisfaction is expressed with the thermal environment" [49]. In another definition attempt, it is "a state in which there are no driving impulses
to correct the environment by the behaviour" [50]. In easy words, occupants
experience thermal comfort when they feel neither too cold, nor too warm. In
literature, there are two coexisting, partly disagreeing, approaches to thermal
comfort: the heat-balance approach developed by Fanger [51] and the adaptive
comfort approach that is mainly attributed to the works of Nicol [52] and de
Dear [53].

Heat-balance approach. Based on climate chamber experiments conducted
on more than one thousand students in Denmark, Fanger presents a thermal
comfort model. It describes a steady-state heat-balance equation for the human
body, i.e., the balance between the heat produced by the body’s metabolism and
the heat loss to the environment. This heat balance is subject to the human
thermoregulatory system and its physiological processes such as sweating, shivering, as well as widening and narrowing blood vessels. Wearing standardised
cloths, the subjects were exposed to different climatic conditions and asked to
vote on their thermal sensation using a seven-point thermal sensation scale (-3:
very cold, -2: cold, -1 slightly cold, 0: neutral, +1 slightly warm, +2: warm,
+3: very warm). The model includes six factors affecting thermal sensation: air
temperature, air velocity, relative humidity, mean radiant temperature, clothing
level and activity level, which were earlier proposed by Macpherson [54]. Fanger
related these inputs to the subjects’ answers, defining the predicted mean vote
(PMV). Furthermore, he defined a function that maps a given PMV to the
percentage of dissatisfied people, as defined by people voting ±2 or ±3. This
measure is called predicted percentage of dissatisfied (PPD). The PMV-PPD
model has been criticised for being developed in climate chambers experiments
under steady-state conditions, which do not reflect the complex, transient conditions in real built environments [55, 56, 57]. It has been argued that, depending
on the climatic conditions and the degree of control over their thermal environment, occupants may change their temperature expectations and preferences.
This has led to the adaptive approach described in the following paragraph.
Fanger himself acknowledges in [58] that "in non-air-conditioned buildings in
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warm climates, occupants may sense the warmth as being less severe than the
PMV predicts".
Despite this criticism, the Fanger model is the most widely accepted thermal
comfort model today. It is implemented in the standards ASHRAE 55 [49], EN
15251 [59], and ISO 7730 [60].

Adaptive thermal comfort. The adaptive thermal comfort approach assumes that the expectations and preferences of comfortable indoor temperatures
are influenced by the outdoor climate and by the degree of control the occupants
have over their thermal environment. It was found that thermal neutrality not
always coincides with the preferred thermal sensation of occupants [61] which
is the core of Fanger’s theory. This means, for example, that occupants tolerate
higher indoor temperatures in summer than in winter, and that they are tolerant to a wider temperature spectrum if they are free to operate on the windows
and to change their clothing insulation level. Consequently, the adaptive approach mainly applies to naturally-ventilated environments without a dressing
code. de Dear et al. [62] define three categories of adaptation to the thermal
environment:
• Behavioural Adjustment:
1. Personal adjustment: adjusting clothing, activity, posture, eating/drinking
something hot/cold, changing location, etc.
2. Technological or environmental adjustment: opening/closing windows, adjusting fans, operating controls, etc.
3. Cultural adjustments: scheduling activities, siestas, dress codes, etc.
• Physiological:
1. Genetic adaption: genetic alterations beyond an individual’s lifetime.
2. Acclimatisation: changes in the settings of the physiological thermoregulation system.
• Psychological:
1. Alteration in perception of sensory information, influenced by one’s
experiences and expectations of the indoor climate.
In contrast to the heat-balance approach, the adaptive approach relies on field
studies. Here, the occupants vote on their thermal sensation while performing
their every-day tasks [63]. It was found that occupants in naturally-ventilated
buildings accept a wider range of temperatures than occupants in air-conditioned
buildings [53]. Today, the adaptive approach incorporated in the North American standard ASHRAE 55 [49] and the European standard EN 15251 [59].
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Habits

A definition attempt for habits in the context of occupant behaviour modelling
could be to describe them as actions carried out regularly or in connection to
certain activities, without consciously attempting to restore comfort. Not many
works in the literature of occupant behaviour modelling consider habits as a
driver for occupant actions. However, some recent studies demonstrate that
habitual behaviours ought to be considered in occupant behaviour modelling.
We briefly mention a few. Huebner et al. [64] report in a survey of 53 social
housing tenants and 220 academic employees that habit was the most important
barrier to behaviour change. Furthermore, in a regression analysis they found
that habit explained a significant part of the variance of the energy consumption
and the participants’ self-reported behaviour.
Verbruggen et al. [65] argue that window opening behaviour can only partly be
ascribed to environmental variables, and that a large proportion of the variance
can be explained by habits. In a survey conducted in residential dwellings in
Belgium, they found that the behaviour is related to the occupancy state and
to certain activities. For instance, a significant part of the occupants reported
to have window opening habits when going to bed, waking up, leaving or entering the house, and while cooking. This means, a part of the window actions is
carried out independently of the prevailing indoor and weather conditions. This
is not considered in most window opening behaviour models. One exception is
the window opening model by Haldi and Robinson [40]. This Markov chainbased model for office windows uses different opening and closing probabilities
depending on whether an occupant is entering the room, leaving the room or
staying in the room.
Another example is the work of Calì [18], who fitted a logistic regression model
to the window opening probabilities for each of 247 windows in a residential
building block. The author used a forward selection scheme to choose the set
of explanatory variables for each model. In 80 % of the cases, the variable time
remained in the final model after the variable selection. This was more often
than for any environmental variable, including CO2 and room temperature.
The above examples show that the variation in occupant behaviour, particularly
window opening behaviour, cannot completely be explained by environmental
variables and that daily routine and relations between actions and certain activities need to be considered as well.
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Approaches to Modelling Occupant Behaviour

Approaches to gathering evidence on occupant behaviour in buildings include
interviews, questionnaires and measurements, where the latter is the most common way in the field of occupant behaviour modelling. Measurements of occupant behaviour can be taken in field studies or controlled experiments. Since
in most cases, the behaviour is assumed to be dependent on environmental
variables, these factors are recorded along with the behaviour. In the model development, these factors serve as input to the outcome variable which is usually
the behaviour in question.
Example: The window state (open, closed) in several rooms is recorded along
with environmental variables such as indoor temperature, outdoor temperature
and carbon dioxide level. Using this data, a model is derived to explain the
cause-effect relationship between the environmental conditions and the window
opening behaviour.
A common approach is the use of probabilistic models, since the variation structure in occupant behaviour is too complex to be explained by deterministic
means. In the following two sections, selected examples of occupant behaviour
models in the literature are outlined.

2.4.1

Occupant behaviour simulation models in the literature

As mentioned in section 2.2, from an energy perspective, there are (at least) two
reasons to gain understanding of building occupants’ behaviour: accurate building energy simulations and efficient automated building control. Classically, in
the building research community, the term occupant behaviour model is almost
exclusively reserved for the first one. These occupant behaviour simulation
models aim at creating synthetic time series (e.g., occupancy profiles, window
status) that resemble the measured behaviour in some sense. This section gives
a brief overview of occupant behaviour simulation models. The list of works
describing occupant behaviour in the literature includes models for occupant
presence (occupancy), window opening, window blinds usage [66, 37], lighting
[67], thermostat adjustment [68], use of electric appliances [69], domestic hot
water usage [70, 71] and probably more. The field has received much attention
in the recent years, mainly among the building research community. Therefore,
it is not possible to give an exhaustive literature review of all works. Since the
focus of this thesis lies on occupancy models and window opening models, a
selection of relevant publications on these topics is reviewed in the following.

2.4 Approaches to Modelling Occupant Behaviour
2.4.1.1
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Presence models

Presence or occupancy models can be divided in models for office and residential
buildings. In the following, some of the most relevant publications of both
domains are briefly reviewed.

Office buildings. Reinhart [72] proposes an occupancy model that serves as
input to a model for the control of lighting and window blinds. Daily occupancy
profiles are created by sampling the times of first arrival and last departure
from the corresponding empirical cumulative distributions derived from measurements. In the same way, intermediate departures and their corresponding
duration are derived. Wang et al. [73] model occupancy of single person offices
by a stochastic process of alternating periods of occupancy and vacancy. They
use a survival analysis approach. That is, the length of occupied and vacant
periods are each drawn from an exponential distribution. They suggest both
a time-homogeneous approach and an approach with time-varying parameters.
Each day’s first arrival, last departure and lunch break are separately determined as normally distributed around the respective mean, similarly to the
approach in [72]. Page et al. [74] suggest an occupancy model for offices based
on an inhomogeneous Markov chain approach. They add an extra constraint
to the equation of transition probabilities, reducing the number of free parameters drastically. In their work, it is not discussed how much this constraint
affects the validity of the model. Andersen et al. [75] propose an occupancy
model for offices based on a Markov chain in which the transition probabilities
are calculated by logistic regression. The covariates of this regression are spline
basis functions of the time of day. This way, the transition probabilities obtain
a smooth time-dependency over the course of day. We adopted this approach
to derive the transition probabilities in Papers A and B.

Households. Richardson et al. [76] present an occupancy model based on a
UK time-use survey with 2000 households and a time resolution of 10 minutes.
The suggested method is an inhomogenous Markov chain model. It distinguishes
between active (at home and not asleep) and inactive (absent or asleep) occupants. The model takes differences between weekdays and weekends as well as
the number of occupants per household into account. Widen et al. [77] suggest
a slightly different approach than the one of [76]. In their occupancy model for
the use of simulating domestic lighting demand, each occupant is individually
represented by an inhomogeneous Markov chain. This Markov chain has three
states: active, inactive, absent. The model is based on a Swedish time-use survey (TUS). The transition probabilities depend on the distinctions of weekdays
and weekend days, and apartments and detached houses, respectively. Aerts et
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al. [78] present a similar approach as [77] based on a Belgian TUS using the
three equivalent states (active, inactive, absent). In addition to [77], the authors
apply a hierarchical clustering method to define six distinct behavioural types
of occupancy, each of which is simulated separately. Other notable works are
[79], [80] and [81].

2.4.1.2

Window opening models

Based on several years of data from an office building, Haldi and Robinson [82]
present several window opening behaviour models including a Markov chain
model, a survival analysis model and a hybrid of the two. They argue that
window opening and closing behaviour is related to arrival and departure of
the occupants. Consequently, they use three sub-models for actions on arrival,
departure and during intermediate occupancy. In the Markov chain approach,
the transition probabilities depend, through logistic regression, on certain covariates. These covariates include environmental variables such as indoor and
outdoor temperature, but also occupancy-related variables such as the ongoing
presence duration. In Paper E, we evaluate the performance of two of the suggested models on an independent data set.
Andersen et al. [83] propose a window opening model based on data from fifteen Danish dwellings. They fit one model to each of the four combinations of
rented/owner-occupied and naturally/mechanically ventilated dwellings. Their
model uses the same methodological approach as the Markov model in [82].
However, it uses some additional input variables, such as the categorical variables season, time of day and room type. Furthermore, the authors include
interaction terms of the inputs.
Haldi et al. [84] extend the earlier approaches on window opening models by including random effects, to represent individual-specific influence. This approach
results in a generalized linear mixed-effects model, which is able to address diversity in the behaviour among the individual subjects.
The works of [15] and [85] compare and evaluate different window opening behaviour models. Schweiker et al. [15] apply the models suggested in [82] as
well as their own Bernoulli process model to data from residential buildings in
Switzerland and Japan and use different performance indicators to assess and
compare the models on these data sets. Fabi et al. [85] carried out a similar
comparison of the models of [83] and Schweiker et al’s [15] Bernoulli process
model.

2.4 Approaches to Modelling Occupant Behaviour

2.4.2
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The use of hidden state methods

This thesis particularly explores the use of hidden state methods in occupant
behaviour modelling. In general, these are models that include not observed
quantities. Inference on these not observed quantities or hidden states can be
made from related, observed variables. In occupant behaviour modelling, the
behaviour in question can be treated as a hidden state if it cannot be readily
monitored. We briefly summarise some works relevant to this thesis, that apply
hidden state models to describe occupant behaviour.
Liisberg et al. [86] explore the use of homogeneous and inhomogeneous hidden
Markov models to identify distinct states in the electricity consumption in private households. The study is based on hourly electricity meter data from 44
apartments. The time dependence of the inhomogeneous hidden Markov model
is modelled by a Fourier series, whose coefficients serve as covariates to the transition probabilities. The authors identify three states of low, medium and high
energy use, which they associate with occupant states absent or asleep, home
and home, high consumption, respectively. They found that the inhomogeneous
model is more suitable for forecasting the states and the accompanying electricity consumption.
Dong et al. [87] compare a homogeneous hidden Markov with the machine
learning methods artificial neural networks and support vector machines with
respect to their ability to estimate the occupant numbers in open-plan offices.
The following input variables are used: CO2 level, first and second order differences of CO2 level, twenty-minute moving average CO2 level, the acoustic level
and a passive infrared signal. They find that the hidden Markov model shows
similar accuracy, yet is preferred over the other two methods, as it is less prone
to frequent fluctuations in the estimates.
Candanedo et al. [88] test homogeneous hidden Markov models to estimate
occupancy, based on the variables CO2 , temperature, humidity, humidity ratio
and light. Models with a single input variable and combinations of two input
variables are compared. In a test case, where they apply the models to different
rooms in a passive house in Belgium, they find that the first order five-minute
difference of CO2 is the best predictor.
Ai et al. [89] compare hidden Markov models and Markov-switching models
(which they call auto-regressive hidden Markov models) for occupancy estimation in a controlled laboratory study. The single input variable is the room CO2
level. They show that the Markov-switching model is superior in its ability to
estimate the occupant number. The authors explain this by the auto-correlated
nature of the CO2 level. Both hidden Markov and Markov-switching model are
homogeneous in their study.
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Methodologies

This chapter introduces the mathematical and statistical methods that are applied in this thesis, in particular in the works presented in Part II. Section 3.1
introduces the class of hidden state models considered in the thesis. In section
3.2, maximum likelihood estimation (MLE), a general and widely used approach
to parameter estimation, is described. The MLE framework can be seen as the
foundation of this thesis, as it is used for all the models throughout it. Section 3.3 briefly presents logistic regression which we introduce it as a special
case of the generalised linear model. In contrast to linear regression, logistic
regression can be used for regression of bounded variables. This makes logistic regression particularly useful for the regression of probabilities which are
bounded in the interval (0, 1). Subsequently, regression splines, which belong
to the non-parametric regression methods, are introduced in section 3.4. The
use of splines provides a high degree of flexibility in the regression of non-linear
phenomena. Section 3.5.1 and 3.5.2 present Markov chains and hidden Markov
chains, respectively. Finally, in section 3.6, grey-box models are introduced.

3.1

Hidden State Methods

In this thesis, we particularly consider systems, in which a variable of interest X
is not observed, but information of X can be inferred from an observed variable
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Y . In some cases, Y is just a noise-perturbed version of X. However, the relation
between the variables is generally arbitrary. We call a model that describes such
a system a hidden state model. The class of these models is represented by
Xt = f (Xt−1 , ut , εt , θ)

(3.1)

Yt = h(Xt , ut , et , θ)

(3.2)

where Xt represent the model states, Yt the observations, ut some external
input. The processes εt and et are perturbations of the state and measurement
equations. They are called system noise and measurement noise, respectively.
The system dynamics are described by the system functions f and h, which are
dependent on a parameter vector θ. Depending on the structure of f and h, the
domain of Xt , and the time domain of the system, the model takes more specific
forms. For linear system functions, continuous-valued states in discrete time, the
model described in equations (3.1) and (3.2) is usually referred to as state space
model. For a continuous time domain, it is called continuous-time state space
model or grey-box model. For discrete-valued states, the model is a discretetime or continuous-time hidden Markov model (HMM), depending on the time
domain. In other contexts, all above models are referred to as HMM, as Xt
fulfills the Markov property. In this thesis, however, only models with discrete
states are called HMM. An exception to the general model of (3.1) and (3.2) is
the Markov-switching model described in section 3.5.3, as the observations Yt
additionally depend on lagged versions of itself: Yt = h(Yt−1 , Xt , ut , et , θ).

3.2

Maximum Likelihood Estimation

Even though all presented models in chapter 4 describe different systems, they
all have in common to be parametric probability models. This means that we
assume a model structure, in the form of probability distribution with density
f , which depends on a set of unknown parameters θ. The only evidence for the
values of the unknown parameters is the set of observations Y that we made of
the system. In probability theory, a set of real-life observations is regarded as
one sample out of the space of all possible observation sets. In fact, it is the
only sample of this space available to us. Due to the fact that we observed the
sample Y rather than any other sample, we assume that Y is more likely than
any other sample. By this reasoning, the best estimate for the set of unknown
parameters θ is the one that maximizes the likelihood of the observations Y.
θ̂ = arg max fθ (Y)

(3.3)

θ

This principle is called Maximum Likelihood Estimation, where L(θ) = fθ (Y)
as a function of θ is called Likelihood. The realised value of θ̂ is referred to as

3.2 Maximum Likelihood Estimation

23

Maximum Likelihood Estimate. In many cases, L is a product of many terms
close to zero. In order to avoid numerical underflow, it is therefore common
practice to maximise the logarithm of the likelihood, called the Log-Likelihood.
The MLE provides us with a point estimate for the unknown parameters. However, in order to get an understanding for the uncertainty of the estimates, we
consider the interval around the maximum of the likelihood function, in particular the curvature of the function. If the curvature is high, the MLE is distinct; if
the likelihood function is flat around the maximum, the MLE is less meaningful.
The curvature of a function is expressed as its second derivative. In the case of
the likelihood, the negative Expection of the second derivative is called Fisher
Information, denoted by I(θ).

 2
∂
log
L(θ)
(3.4)
I(θ) = −E
∂θ2

Figure 3.1: Fisher information
For an intuitive example of the Fisher information, consider the following two
experiments illustrated by Figure 3.1. In the first experiment, we throw a coin
10 times showing heads 6 times. The Likelihood is given by the solid line. In
the second experiment, we throw a coin 1000 times showing heads 600 times.
In both cases the MLE for the probability to show heads is 0.6. However, in
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the second experiment, we are more certain about this value indicated by the
dashed line which has a more narrow peak around the maximum.

3.3

Logistic Regression

Linear regression, which belongs to the class of General Linear Models, is a
suitable approach if the relation between input and output variables is (at least
approximately) linear. Let Y = (Y1 , . . . , Yn ) ∈ Rn be a vector of outcome
variable observations, X ∈ Rn×k a deterministic design matrix of covariates,
β ∈ Rk a parameter vector, then the linear regression model is given by:
Y = Xβ + ε

(3.5)

where ε ∼ N (0, σ 2 Σ) with σ > 0 and Σ ∈ Rn×n a (possibly known) weight
matrix. An equivalent formulation is given by:
Y ∼ N (Xβ, σ 2 Σ).

(3.6)

Assumptions of this method are that the errors are normally distributed, the
variance is constant and the input variables are additive. In some situations,
these assumptions do not hold. In particular, if the outcome variable is bounded,
the covariate cannot contribute in an additive manner. A class of models that
relaxes the above assumptions and allow for a broader class of outcome variables
are Generalised Linear Models. Here, the expected outcome depends on the
linear term Xβ through a link function g:
EY = g −1 (Xβ)

(3.7)

Parameter estimation in a generalised linear model is based on MLE. Least
squared errors are replaced by the more general concept of deviance. A more
detailed introduction to the general and generalised linear model can be found
in [90].
A special case of the generalised linear model is given by logistic regression.
In this method, the outcome variable is assumed binomially distributed, i.e.
Yi = Zi /ni where Zi ∼ Bin(ni , pi ) with ni trials and success probability pi .
The expectation and variance are given by µi = pi and V (µi ) = µi (1 − µi ).
Note that, in contrast to Gaussian data, the variance depends on the expected
mean value. In logistic regression, the canonical link function is given by the
µ
) The log-likelihood function is given by:
logit function: g(µ) = log( 1−µ
log L(β) =

X

[zi log(pi ) + (ni − zi ) log(1 − pi )]

(3.8)

3.4 Splines
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The MLE β̂ of β is obtained by maximising the log-likelihood. Asymptotically,
β is distributed as follows:
β − β̂ ∼ Nk (0, Σ),

(3.9)

where Σ is the dispersion matrix for β̂ given by
D[β̂] = Σ = [X T diag(µi (1 − µi ))X]−1 ,

(3.10)

The fitted values is given by applying the link function on the linear predictor:
µ̂ = g −1 (X β̂)

(3.11)

The dispersion matrix of the fitted response value is given by:
D[µ̂] ≈ σ̂ 2 [diag(V (µi ))]2 XΣX T ,

(3.12)

With this, we can obtain an approximate 100 · (1 − α)% confidence interval for
the response value.
p
(3.13)
µ̂i = ±u1−α/2 D[µ̂]ii ,
where u represents a quantile of the standard normal distribution. Routines for
parameter and uncertainty estimation of logistic regression are readily implemented in computing software such as R. For a more in-depth description of the
theory refer to [90].

3.4

Splines

In many applications, the assumption of a linear relationship between model input and output is not valid. There are different approaches to generalise models
to go beyond linearity. One of them is logistic regression, introduced in section
3.3, where a non-linear function is applied to the output variables. A different
approach is to apply a non-linear function to the input variable and then build
√
a linear model on these transformed versions of the input. For example, x2 , x
and log x are common choices for certain situations. In this section, we describe
a method to transform the model input in a more general way, by applying
splines, i.e. piecewise-polynomial functions to it. Splines are functions that are
polynomial between certain grid points x1 , . . . , xn called knots. Depending on
the kind and degree, splines respect certain smoothness conditions at the knots.
In particular, we consider cubic B-splines (or basis splines). These are piecewise
cubic (i.e. degree 3) polynomials that are continuous at the knots up to the
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second derivative.
lim h(x) = lim h(x)

x↑xi

x↓xi

0

0

lim h (x) = lim h (x)

x↑xi

x↓xi

00

00

lim h (x) = lim h (x)

x↑xi

x↓xi

(3.14)
(3.15)
(3.16)

A linear combination of splines is again a spline. It is therefore possible to
create a basis of splines that allows for the representation of a very wide range
of functions. With such a spline basis, we are flexible in fitting an arbitrary
(non-linear) function. It would be possible to use (global) polynomials for this
task. However, polynomials have some unwanted behaviour, as they oscillate for
higher degrees and tend to ±∞ outside the range of observed values. The use
of splines provides more control over the shape of the function. This flexibility
of splines comes with a cost which is the loss of interpretation of the model
parameters. The coefficients of the basis function have no direct interpretation.
In Papers A and B, we used cubic B-splines that are periodic in the sense that
their values and derivatives coincide at the boundary points of a given interval,
in this case a period of 24 hours. The corresponding spline basis is shown in
Figure 3.2. For a detailed introduction of splines and other basis expansion
methods, refer to [91].

3.5
3.5.1

Markov Chains Models
Markov chains

For a finite set M = {1, 2, . . . , m}, an m-state Markov chain is a sequence of
M -valued random variables {Xt } with the property:
P (Xt |X(t−1) ) = P (Xt |Xt−1 ),

(3.17)

where X(t−1) = Xt−1 , Xt−2 , . . . , X0 is set of variables of {Xt } up to time t −
1. Equation (3.17) is referred to as the Markov property. It means that the
probability of the current time step, conditioned on the entire history, depends
only on the previous time step. The matrix of conditional probabilities between
two states i, j ∈ M ,
Γi,j (t) = P (Xt = j|Xt−1 = i)

(3.18)

3.5 Markov Chains Models
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Figure 3.2: Periodic B-spline basis
is called transition probability matrix (TPM). If Γ does not depend on the time
t, the process is called a homogeneous Markov chain. Otherwise it is called an
inhomogeneous Markov chain.

3.5.2

Hidden Markov Models

A hidden Markov chain [92] is a probabilistic model that consists of two components: An observed sequence {Yt } and an unobserved Markov chain {Xt }.
It is assumed that Yt only depends on the current state Xt but not on its own
history Y(t−1) .
P (Yt |Xt , Y(t−1) , X(t−1) ) = P (Yt |Xt )

(3.19)

P (Xt = j|Xt−1 = i) = Γi,j (t)

(3.20)

The distribution of Yt |Xt is referred to as response distribution. The structure
of a HMM is best described in a flow chart as in Figure 3.3. The horizontal
arrows describe the Markov chain that links the states over time. In every
time step, the value only depends on the previous state. The vertical arrows
represent the state-dependent distribution. The current observation Yt only
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Yt

Yt+1

Yt+2

...

Xt

Xt+1

Xt+2

...

Figure 3.3: HMM flow chart.
depends on the current state Xt . The parameters in an HMM are given by
the set θ = {A, B, π}, where A and B are sets of parameters that correspond
to the TPM and the response distribution, respectively. The parameter vector
π is the distribution of X0 , that is, the distribution of the unobserved state
in the initial time step. The Baum-Welch algorithm, which is based on the
maximum likelihood estimation principle, can be used for parameter estimation
[93, 94]. In addition to parameter estimation, in the context of HMM, one is
often interested in the most likely sequence of unobserved states for a given
sequence of observations. This sequence is referred to as global decoding. An
efficient way to calculate the global decoding is given by the Viterbi algorithm
[93].

3.5.3

Markov-Switching Models

Markov-switching models belong to the class of nonlinear time series models,
and in particular to the class of regime-switching time series models. They are
suitable for situations in which a time series shows two or more distinct patterns
(regimes). Markov-switching models were introduced by Hamilton [95, 96] and
are widely applied in the analysis of financial time series. A Markov-switching
model can be described as a linear time series model whose mean and variance
depend on the state of an underlying Markov chain. We consider the special
case of a model that switches between several autoregressive processes of order
1. In this case, the Markov-switching model is given by
P (Xt = i | Xt−1 = j) = (Γt )i,j

(3.21)

Yt = φXt Yt−1 + cXt + εt,Xt ,

(3.22)

where (3.21) describes an (inhomogeneous) Markov chain and (3.21) describes
a state-dependent autoregressive process. The parameters cXt and φXt determine the state-dependent mean, and εt,Xt is Gaussian white noise with state-
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Yt

Yt+1

Yt+2

...

Xt

Xt+1

Xt+2

...

Figure 3.4: Markov Switching flow chart.
2
dependent variance σX
. The model can be interpreted as a HMM with a Gaust
sian response distribution mean whose mean is given by µXt = φXt Yt−1 + cXt .
The structure of the Markov switching model can be seen in Figure 3.4. Notice the additional dashed horizontal arrows between the observations (compare
Figure 3.3). They represent the autoregressive part of the model.

3.5.4

Parameter Estimation in Hidden Markov Models

Parameter estimation in HMM can be achieved by maximum likelihood estimation. In contrast to observed Markov chains, there is no analytical way to
calculate the model parameters. However, there is an iterative approach called
expectation-maximisation algorithm (EM algorithm [97]), which is described in
the following. The idea of the EM algorithm is to alternately evaluate the expected likelihood given the current parameter estimates (E-Step) and maximise
the expected likelihood with respect to the parameters (M-Step). The likelihood
of a HMM is given by the joint probability (or density in continuous terms) of
all observations:
L(θ) = P (Y|θ) = Pπ (X0 )PB (Y0 |X0 ) ·

T
Y

PB (Yt |Xt )PA (Xt |Xt−1 )

(3.23)

t=1

Applying the logarithm to this equation, we achieve the log-likelihood:
log L(θ) = Pπ (X0 ) +

T
X
t=0

PB (Yt |Xt ) +

T
X

PA (Xt |Xt−1 )

(3.24)

t=1

Notice that each of the three parameter vectors A, B and π appears in only one
of the summands in (3.24). Therefore, we can consider these terms separately
in the maximisation of the log-likelihood. However, we are not able to evaluate
(3.24) directly, as we do not observe the hidden states {Xt }. As a way around
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this problem, we consider the complete log-likelihood log LC , summing over all
possible states of Xt :
log LC (θ) =

m
X

I(X0 = j) · Pπ (X0 = j)

(3.25)

j=1

+

T X
m
X

I(Xt = j) · PB (Yt |Xt = j)

(3.26)

I(Xt−1 = j, Xt = k) · PA (Xt = k|Xt−1 = j),

(3.27)

t=0 j=1

+

T X
m
X
t=1 j=1

where I(Xt = j) and I(Xt−1 = j, Xt = k) are indicator functions equal to 1
if the argument is true, else 0. The expectation of the complete log-likelihood,
given the observations Y, is given by:
E [log LC (θ|Y)] =

m
X

γ0 (j) · Pπ (X0 = j)

(3.28)

j=1

+

T X
m
X

γt (j) · PB (Yt |Xt = j)

(3.29)

ξt (j, k) · PA (Xt = k|Xt−1 = j),

(3.30)

t=0 j=1

+

T X
m
X
t=1 j=1

where γt (j) = P (Xt = j|Y) and ξt (j, k) = P (Xt−1 = j, Xt = k|Y) are the
state probabilities given the observations (and the model parameters). An efficient method to calculate γ and ξ is given by the Baum-Welch algorithm [98,
94], which is described in section 3.5.5. The calculation of E [log LC (θ|Y)] in
(3.28) is referred to as the E-step in the EM algorithm. The M-step consists of
the maximisation of this term with respect to the model parameters. This is
achieved by finding the roots of the derivative (also called score function of the
likelihood) of the respective terms:
m
X

γ0 (j) ·

j=1
T X
m
X
t=0 j=1
T X
m
X
t=1 j=1

∂
Pπ (X0 = j) = 0
∂π

γt (j) ·

∂
PB (Yt |Xt = j) = 0
∂B

ξt (j, k) ·

∂
PA (Xt = k|Xt−1 = j) = 0
∂A

(3.31)

(3.32)

(3.33)

The EM algorithm is carried out as follows. Given some initial values of the
model parameters θ0 = {A0 , B0 , π0 }, the E-step and M-step are alternated until
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the increase in likelihood is below a chosen tolerance threshold. It can be shown
that, in every step of the algorithm, the log-likelihood is non-decreasing. However, it is possible that the algorithm converges to a local maximum. Therefore,
a common strategy is to successively execute the algorithm with different initial
values and choose the highest achieved likelihood. The works of [93] and [94]
provide a solid background on the estimation of HMM. We also found [99] a
useful reference, especially for the estimation of inhomogeneous HMM.

3.5.5

Baum-Welch Algorithm

The Baum-Welch algorithm [98, 94] presents an efficient way to obtain the terms
needed in the E-step of the EM-algorithm. Let us define the forward probabilities
as the joint probability of the observed sequence up to time t and the state at
time t:
αt (i) = P (Y1 , . . . , Yt , Xt = i|θ),

(3.34)

and the backward probabilities as the conditional probability of the sequence
Yt , . . . , YT given the state in time t:
βt (i) = P (Yt+1 , . . . , YT |Xt = i, θ)

(3.35)

The forward probabilities can be obtained iteratively by;

"
αt+1 (j) =

α1 (i) = πi · P (Y1 |X1 = i),
#

m
X

1 ≤ i ≤ m.

(3.36)

αt (i) · Γij (t + 1) · P (Yt+1 |Xt+1 = j),

(3.37)

i=1

for 1 ≤ t ≤ T − 1, 1 ≤ j ≤ m. In a similar way, the backwards probabilities can
be calculated:
1 ≤ i ≤ m,

(3.38)

Γij (t + 1) · P (Yt+1 |Xt+1 = j),

(3.39)

βT (i) = 1,
βt (i) =

m
X
j=1

for T − 1, T − 2, . . . , 1 and 1 ≤ i ≤ m. In both cases, the iteration results in the
likelihood:
m
X
i=1

αT (i) =

m
X
i=1

β1 (i) = P (Y|θ).

(3.40)
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By the use of the forward and backward probabilities, it is possible to obtain
γt (i) and ξt (i, j) defined in section 3.5.4:
ξt (i, j) =

αt (i) · Γij (t + 1) · P (Yt+1 |Xt+1 = j)βt+1 (j)
P (Y|θ)

(3.41)

m

γt (i) =

3.5.6

αt (i) · βt (i) X
=
ξ(i, j)
P (Y|θ)
j=1

(3.42)

Viterbi Algorithm

In many cases, one is interested in the most likely sequence (or path) of the
underlying unobserved Markov chain, i.e.
X0∗ , . . . , XT∗ = arg max P (X0 , . . . , XT |Y, θ)

(3.43)

X0 ,...,XT

A calculation-efficient approach is given by the Viterbi algorithm [100]. First,
we define the maximum probability δt (i) of a local state sequence that ends up
in state i at time t,
δt (i) =

max

X0 ,...,Xt−1

P (X0 , . . . , Xt−1 , Xt = i, Y0 , . . . , Yt |θ)

and notice that it can be recursively obtained as follows:
h
i
δt+1 (j) = max δt (i) · Γij (t + 1) · P (Yt+1 |Xt+1 = j)
i

(3.44)

(3.45)

Then it is shown that the most likely state sequence X0∗ , . . . , XT∗ is provided by
the following algorithm:
1.) Initialisation:
δ0 (i) = Pπ (X0 = i) · P (Y0 |X0 = i),

1 ≤ i ≤ m,

(3.46)

ψ0 = 0.

(3.47)

2.) Recursion:

δt (j) =


max δt−1 (i) · Γij (t) · P (Yt |Xt = j),

(3.48)

ψt (j) = arg max δt−1 (i)Γij (t)

(3.49)

1≤i≤m

1≤i≤m
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for 2 ≤ t ≤ T and 1 ≤ j ≤ m.
3.) Termination:
XT∗ = arg max δT (i)

(3.50)

Xt∗ = ψt+1 (Xt+1 ), t = T − 1, . . . , 1.

(3.51)

1≤i≤m

4.) Path backtracking:

The complexity of the Viterbi algorithm is O(T · m2 ).

3.6

Grey-box models

Pure input-output models are often referred to as black-box models, because
everything between input and output is hidden as if lying in a black box. These
models are used if no knowledge about the internal structure of the system
is available. In these cases, statistical methods are a common approach. On
the contrary, models that rely on a priori knowledge about the internal system
structure, e.g. purely physical models, are sometimes called white-box models. Based on these concepts, a grey-box model in the wider sense is any model
that contains elements from both black-box and white-box models, and possibly
benefits from the advantages of both approaches. This means, it uses both a priori system knowledge and statistical methods to deal with uncertainty. In this
thesis, the term grey-box model is used in a more narrow sense. It is defined
as a stochastic state space model that comprises a set of stochastic differential equations describing the system dynamics in continuous time and a set of
discrete-time measurement equations [101, 102].
Before we can formally define grey-box models and show how to estimate the
hidden states in section 3.6.2, we briefly introduce stochastic differential equations in section 3.6.1.

3.6.1

Stochastic differential equations

The theory of stochastic differential equations (SDE) is extensive and cannot
even remotely be covered exhaustively in this thesis. We content ourselves here
with giving an intuition and a rather informal introduction. An important piece
in the definition of stochastic differential equations are Wiener processes which
are introduced in section 3.6.1.1. Subsequently, section 3.6.1.2 attempts to give
an intuition of the definition of SDE, in particular, the approach by Îto.
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3.6.1.1

Wiener Process

Wiener processes (also called Brownian motion) play a key role in the definition
of stochastic differential equations, since they describe random noise in the
continuous domain. We start the motivation of Wiener processes by considering
a discrete-time random walk with Gaussian increments.
X0 = 0,

Xi+1 = Xi + εi+1 ,

(3.52)

with εi ∼ N (0, σ 2 ). At time N , the value of the random walk can be expressed
as the sum of the increments.
XN =

N
X

(Xi − Xi−1 ),

(3.53)

i=1

where (Xi − Xi−1 ) are independent and normally distributed. The variance
of the difference of two values is proportional to the time difference between
these values, i.e. Var(Xi+k − Xi ) = kσ 2 . Wiener processes can be regarded as
a continuous-time version of random walks. A Wiener process is a stochastic
process ω(t) with the following properties:
1. ω0 = 0.
2. For given time points 0 ≤ t0 < t1 < . . . tn , the increments of ωt − ωt−1 are
independent.
3. The increments are Gaussian with mean 0 and variance equal to the time
lag: ωt − ωs ∼ N (0, t − s).
4. For each realisation of a Wiener process, the sample path t → ωt is continuous.
Five realisation of a Wiener process are shown in Figure 3.5.

3.6.1.2

The Îto integral

Consider a discrete-time linear difference equation that includes some noise
term,
Xi+1 = A · Xi + B · εi+1 ,

(3.54)

3.6 Grey-box models
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Figure 3.5: Examples of a Wiener process
with constants A and B and a Gaussian white noise process ε ∼ N (0, σ 2 ). In a
similar fashion, we can imagine a continuous-time differential equation loosely
as
d
Xt = f (Xt ) + g(Xt )ξt ,
dt

(3.55)

for some functions f and g, and a continuous-time "white noise". The main
difficulty of defining a stochastic differential equation is the question of what
continuous-time white noise actually means. Its definition is less trivial than in
the discrete time domain. In the classical sense, a function must respect certain smoothness conditions in order to be differentiable. In the case of equation
(3.55), however, the process is clearly not smooth due to the noise term. Therefore, an alternative definition of differential equations is necessary. As a first
step towards the definition of SDE, the integral equation equivalent to (3.55) is
regarded.
Z
Z
Xt = f (Xt )dt + g(Xt )ξt dt.
(3.56)

In this Requation, we face the integral of the still undefined continuous-time white
noise, ξt dt. Taking the analogy to the discrete-time case, we observed that
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P
integrating white noise results in a random walk
εi . As mentioned above,
a Wiener process can be regarded as a continuous version of a random walk.
Even though a Wiener process is not smooth enough to be differentiable, let us
d
ωt = ξt ⇔ dωt = ξt dt. Then equation
formally define ξ as its derivative, i.e. dt
(3.56) becomes:

Z
Xt =

Z
f (Xt )dt +

g(Xt )dωt .

(3.57)

With equation (3.57), we almost arrived at a well defined SDE. What is missing
is to know what it means to integrate with respect to a Wiener process. The
theory on how to integrate with respect to a Wiener process was developed by
Îto [103]. Under certain conditions, the Îto integral of a function g with respect
to a Wiener process is given by:
Z T
X
g(t)dωt = lim
g(tk )(ωtk+1 − ωtk ),
(3.58)
∆→0

0

tk <t

where ∆ is a partition 0 < t0 < · · · < tn = T . By the above definition of Îto
integral, equation (3.57) is well defined. Usually, stochastic differential equations
are expressed in the form of:
dXt = f (Xt )dt + g(Xt )dωt ,

(3.59)

which is just an alternative notation of the integral equation (3.57).

3.6.2

State Filtering

Consider the linear SDE system equation
dXt = (AXt + ut )dt + Gωt

(3.60)

and the univariate discrete-time observation equation
Yi = cXi + εi

(3.61)

with ε ∼ N (0, σ 2 ). The interpretation of this model is that equation (3.60)
describes the system in question. However, the states Xt are not observed (hidden). The only information we obtain from the system is through observations
Yi in discrete time {ti , i = 1, . . . , N }. Hence, all information available to us
at time t is the measurement history Y1 , . . . , Yk with tk ≤ t. An algorithm for
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state estimation of linear systems is given by the Kalman-Bucy filter. The term
"Kalman filter" usually refers to a discrete time version, whereas the KalmanBucy filter estimates the states of a continuous-time system. The idea of the
Kalman(-Bucy) filter is the following.
For each discrete time point, two steps are carried out. First, the system equation is used to make a short-term prediction of the system up to the time point
of the next measurement. This step is referred to as time update. Subsequently,
this estimate is updated using the information of the new measurement. This
is the data update. In a one-dimensional setting the final estimate hence lies between the prediction of the time update and the new measurement. Depending
on the magnitude of system noise and measurement noise, more confidence is
given either to the time update of the system or the new measurement. Consequently, the final state estimate is closer to the time update than to the new
measurement if the system noise is smaller than the measurement noise and
vice. If only observations up to the current measurements are used in the data
update, the process of state estimation is called filtering. Filtering can be done
in real time. If also future measurement are taken into account, state estimation is referred to as smoothing. Obviously, smoothing can only be applied in
hindsight. In the following, the Kalman-Bucy filter is briefly outlined. Let µt|ti
and Σt|ti denote the expectation and variance of Xt conditioned on observations
up to time ti .
1. Time update: The new estimates of mean and variance are given by the
solution at time ti+1 of the following ordinary differential equations
d
µt|ti = Aµt|ti + ut
dt
d
Σt|ti = AΣt|ti + Σt|ti A0 + GG0 ,
dt
for initial conditions µti |ti and Σti |ti .

(3.62)
(3.63)

2. Data update: First, obtain the so-called Kalman gain K for ti+1
Ki+1 = Σti+1 |ti C 0 (CΣti+1 |ti C 0 + σ 2 )−1

(3.64)

Then the data-updated mean and variance are given by
µti+1 |ti+1 = µti+1 |ti + Ki+1 (yi+1 − Cµti+1 |ti )

(3.65)

Σti+1 |ti+1 = Σti+1 |ti − Ki+1 CΣti+1 |ti

(3.66)

Notice, if the time increment of the observations is constant, an analytical expression for the time update can be found and the new values can be obtained
without solving differential equations in every time step. For a more detailed
introduction of stochastic differential equations and state filtering, refer to [104]
and [105].
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4

Modelling Occupant Presence

This chapter highlights some of the main outcomes of this PhD thesis.
Paper A presents a model for the estimation of occupant activity based on the
indoor CO2 level. The model is outlined in section 4.1. Paper B suggests a new
approach to simulating occupancy in private households. It is based on data
from a time-use survey and uses a HMM to estimate the occupants’ location.
The main innovation is that occupancy is estimated on room level, as opposed
to the dwelling level from earlier studies. This model, as well as an online
application based on it, are briefly presented in section 4.2. Paper C presents
a model to estimate the occupant number and the room ventilation rate. It is
based on a grey-box model. In Paper D, this model is evaluated and compared
with a different, deterministic approach, by applying both models on data of
ten office rooms. The grey-box model is briefly outlined in section 4.3.
All models presented in this thesis apply hidden state methods. This means,
they infer information about a not observed or hidden quantity. For continuousvalued hidden states, a grey-box model is used. The counterpart for discretevalued hidden variables is given by HMM.
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Markov-switching model for occupant activity estimation

The aim of the work presented in Paper A is to identify distinct levels of occupant activity based on the single covariate CO2 concentration. This activity
level here is defined as the change of air quality caused by the occupants’ presence and actions as well as by ventilation and infiltration. We compared hidden
Markov models (see section 3.5.2) and Markov-switching models (see section
3.5.3) with a varying number of states in two different environments, a school
classroom and the main room of a summer house. Furthermore, models with
homogeneous and inhomogeneous transition probabilities were compared. Inhomogeneity was included by using a periodic spline basis of the time of day,
as described in section 3.4. Performance indicators used in the model assessment were Akaike’s information criterion (AIC) and Baye’s information criterion
(BIC), as well as an analysis of the one-step prediction residuals. The analysis
suggested that a 5-state Markov-switching model with inhomogeneous transition
probabilities is the most suitable choice. The reason that the Markov-switching
model outperformed the hidden Markov model is that the CO2 observations are
highly autocorrelated, what is better reflected by the Markov-switching model
with autoregressive processes.

Figure 4.1: Global decoding of
a 5-state Markovswitching model.

Figure 4.2: Analysis of one-step
prediction intervals.

Figure 4.1 shows an example of a global decoding of a CO2 sample. This means,
every time step is allocated to one of the five states, as indicated by the different
colours in the CO2 values and the black step function at the bottom of the figure.
The one-step prediction residual analysis of the 5-state Markov-switching model
is shown in Figure 4.2. It is apparent that the residuals are satisfying, since they
show no autocorrelation and suggest a Gaussian distribution.

4.2 Hidden Markov model for room-level occupancy simulation in private
households
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Figure 4.3: One hundred simulations (grey) with measured values (red).
Beside the estimation of the occupant activity level, the model can be used for
simulating the activity level and the corresponding CO2 value. Figure 4.3 shows
one hundred simulation runs of the fitted 5-state Markov switching model. The
red line represents the measured CO2 level. The dark step function at the
bottom of the graph corresponds to the estimated activity level of the measured
CO2 level. The fine grey line are simulations of the CO2 level based on the
fitted model. For each simulation run, first, a state sequence is sampled from
the fitted Markov chain. Subsequently, the corresponding CO2 is sampled from
the response distribution.

4.2

Hidden Markov model for room-level occupancy simulation in private households

In Paper B, we present an occupancy simulation model for private households.
The main contribution is that the occupancy is modelled on a room level. This
means, in every time step, a household member is either allocated to a room
within the household or considered to be absent. This is in contrast to earlier
studies on domestic occupancy simulation, which considered a maximum of three
states: "present and awake", "present and sleeping" and "absent". The model
is based on a time-use survey of Danish households in which the occupants
reported their activity every ten minutes. The information on the location
of the occupants is not directly contained in the data. For this reason, the
suggested model employs a HMM to estimate the occupant location from the
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activity records. In contrast to the model in Paper A, the HMM presented in
Paper B has a discrete response distribution. In particular, the output space
(image) of the response distribution is a set of 28 possible activities, in contrast
to the continuous space of CO2 level from Paper A. The state transitions are
modelled in a similar manner as in Paper A, i.e. using a spline basis of the time
of day. In order to represent different behavioural patterns, the data was divided
into six occupant categories based on the age and household constellation:
i. children (<18 years)
ii. single adult
iii. adult living with partner
iv. adult living with partner and children
v. single senior (>66 years)
vi. senior (>66 years) living with partner
The fitted Markov chain can then be used to generate room-wise occupancy
profiles. An example for a family household with two children is shown in Figure 4.4. Based on the presented model, we developed an online application
called ProccS. This can be found at https://www.proccs.org/. The application simulates room-wise occupancy profiles for a custom household and a
selected period. It produces both occupancy diagrams and a downloadable text
file in csv-format containing the profiles for each room. The application employs
a Python back-end framework. Figure 4.5 shows an example for the usage of
the ProccS application.

4.3

Grey-box model for occupancy detection

Paper C suggests a grey-box model for occupant detection based on a CO2
mass balance equation. Moreover, in Paper D, this model is compared with an
occupant detection model that uses a deterministic approach. Both models are
applied to data from ten offices from a university building in Germany.
The model suggested in Paper C utilises a stochastic version of a CO2 mass balance equation. This equation contains a parameter vector that corresponds to
the number of occupants present in each time step. The basic idea of estimating
the number of occupants is to maximise the likelihood of the observed CO2 trajectory with respect to the discrete occupancy vector. The model is formulated

4.3 Grey-box model for occupancy detection
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Figure 4.4: Room-wise occupancy profile for a family with two children
in continuous time and is therefore not restricted to equidistant observations.
It is given by equations (4.1) and (4.2).

dXt = − [(nnat · δwin + nmec · δmec + ninf ) · (Xt − ce ) + ċocc · nocc ] dt + σ · dω ,
(4.1)

Yk = Xtk + εk .

(4.2)

The deterministic part of the system equation (4.1) describes an affine relationship between the change in indoor CO2 , represented by Xt , and the difference
between indoor and outdoor CO2 level, Xt − ce . The parameters nnat , nmec
and nnat are the rates of natural, mechanical and infiltrative air change, respectively. The coefficients δwin and δmec are binary variables, which are equal to
one if and only if a window is open and the mechanical ventilation is on, respectively. Furthermore, ċocc is the CO2 emission rate per person and nocc the
number of occupants present. The diffusion term σ · dω addresses uncertainties
corresponding to oversimplified model assumptions, such as:
• The CO2 concentration is spatially homogeneous throughout the room.
• The angle of window openings, which are not measured, are not considered.
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(i) Definition of household and simulation period

(ii) Allocation of bedrooms to the occupants

(iii) Example for living room occupancy profile

Figure 4.5: ProccS Online Application

4.3 Grey-box model for occupancy detection
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• The mechanical ventilation rate is constant.
• The infiltration rate is constant (no pressure differences).
• The CO2 emission rate of the occupants is constant.
• The outdoor CO2 level is constant.
The observation equation (4.2) addresses uncertainty in the measurements. Figure 4.6 shows an example of the occupancy estimation. The blue and red lines
represent the observed and estimated occupancy, respectively. The upper part
of the graph shows the corresponding CO2 trajectory.

Figure 4.6: CO2 trajectory (top) and occupancy estimation (bottom)
Parameter estimation was done using MLE. The estimation of the model parameters and the occupancy vector were carried out separately. In a first step,
the model parameters were estimated using a training set with observed CO2
and observed occupancy. Subsequently, the fitted model was used to estimate
occupancy, by maximising the likelihood of the CO2 trajectories with respect
to the occupancy vector.
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Chapter

5
Conclusions & Future
Research

5.1

Contributions

This thesis advances the use of hidden state methods in the field of occupant
behaviour modelling.
Hidden states methods, such as hidden Markov models, Markov-switching models, state-space models and grey-box models are useful tools in situations where
the quantity of interest is not directly observed. This is indeed often the case
for occupant behaviour, for different reasons. First of all, privacy concerns may
prevent the installation of certain sensors and other monitoring devices (e.g.
cameras). Moreover, some monitoring devices can be intrusive in a way that influences the behaviour, leading to biased results. It should also be kept in mind
that measurement campaigns are costly. The use of sensors that are already
installed for other purposes, such as monitoring the indoor climate, can be a
cost-efficient alternative to dedicated occupant behaviour sensors.
The thesis mainly focuses on the modelling of occupants’ presence in buildings.
Novel methods for both occupancy detection and occupancy simulation have
been proposed.
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A grey-box model for occupancy detection based on a carbondioxide mass balance equation is presented in Paper C. Though earlier studies have proposed
CO2 -based detection models, it is, to the best of our knowledge, for the first
time in this paper that a stochastic grey-box framework is utilised. The use of
stochastic differential equations, as opposed to ordinary differential equations,
is appropriate in regard to the high degree of uncertainty, which is intrinsic due
to simplifications in the model structure. Moreover, this framework provides
quantitative measures of the uncertainty. A potential application of this model
is a demand-based HVAC control strategy. For instance, the heating or cooling
can be adjusted, depending on the number of occupants present. In Paper D,
the model of Paper C is applied to an independent data set comprising ten office
rooms, showing satisfying results.
Furthermore, the use of hidden state methods based on Markov chains to describe occupant behaviour is explored in Papers A and B. While the use of
hidden Markov models is not new to this field, the integration of time inhomogeneity is. The periodic spline bases, that we use, are suitable tools to describe
state transitions that depend on the time of day, such as occupants’ presence and
activities. They reduce the number of parameters greatly, compared to saving
a transition probability matrix for every time step. Furthermore, they lead to
smooth transition probabilities as a function of time. Inhomogeneity improves
the model’s ability to forecast occupant behaviour, since it has been shown that
occupant behaviour is time-dependent. Hence, the inclusion of inhomogeneity
is an important improvement towards occupant-dependent, model-predictive
HVAC controllers.
Paper A presents a Markov-switching model for the estimation of occupant
activity based on CO2 levels. In the paper, we compare hidden Markov models
and Markov-switching models, and show that the latter are more suitable, as
they take the auto-correlation in the CO2 level into account. The model can
be used for detection (filtering) the activity level from CO2 measurements, but
also for forecasting and simulation.
To the best of our knowledge, for the first time, a room-level occupancy model
for private households, based on a time-use survey, was suggested in Paper B.
In this work, we modelled transitions between rooms by inhomogeneous Markov
chains. For each of six occupant categories and different days of the week, one
Markov chain was fitted. Moreover, we developed a new method to estimate
the occupant location from time-use data, using a hidden Markov model with
a discrete-valued response distribution. Based on this model, we developed an
online application which lets the user create and download room-level occupancy
profiles for a custom household.
Finally, in Paper E, two stochastic window opening models were evaluated by

5.2 Future Research
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applying and refitting them to an independent data set. While, in contrast to
all other works in thesis, this study does not provide new methodologies, it emphasises the importance of model validation. Evaluating a model’s performance
using data that was not used in the original model development is an important factor in an objective assessment of the model’s validity across different
environments.

5.2

Future Research

The field of occupant behaviour modelling is still young and there is plenty of
room and need for further research. In this paragraph, we address some possible
research perspectives related to the work presented in this thesis.
The grey-box model for occupancy detection was mainly developed to be used
as input for demand-based HVAC control strategies. A natural extension of this
work would be the development of a model predictive controller, that uses the
model to predict occupant presence and accordingly adapt the heating, cooling
and ventilation systems in advance.
The influence of natural ventilation on the CO2 -based methods in this thesis
needs more attention. We experienced that CO2 -based estimation is easier in
mechanically-ventilated environments, at least if the ventilation rate is constant.
In rooms that are naturally ventilated, i.e. ventilated by manual window openings, estimation becomes more difficult. On the one hand, this is due to varying
pressure differences between indoor and outdoor air, caused by, for instance,
varying levels of wind speed and direction. On the other hand, possibly varying
window opening angles, that are not recorded, make the estimation difficult.
We are convinced that the models presented here can be improved by analysing
a training set that additionally includes ground truth data of the window state.
The behaviour of different occupants is not independent. Our actions strongly
depend on the people around us. This calls for models that link occupants
who naturally spend time together, such as members of a household. Moreover,
each occupant is unique. Preferences and habits vary with different occupants.
This challenges most occupant behaviour models, including the ones presented
in this thesis, as they are mean value models. This means that measurements
from many occupants are compiled into one model that describes the behaviour
of the "mean occupant", rather than reflecting the variation related to occupant diversity. The use of mixed-effects models [90] as applied in [106, 84] is
an approach that can be employed to both grouping correlated occupants and
reflecting individual behaviour. On top of constant covariates (fixed effects),
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these models can include random effects. Random effects are covariates that
are considered random variables of some population. This way, both "occupant"
and, for instance "household" or "office" could be included as a random effect. In
this regard, the use of mixed-effects models for the proposed occupancy models
should be explored in future research.
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Abstract
Heating and ventilation strategies in buildings can be improved significantly if information about the current presence and activity level
of the occupants is taken into account. Therefore, there is a high demand for inexpensive sensor-based methods to detect the occupancy
or occupant activity level. It is shown that the carbon dioxide (CO2 )
level in a room is dependent on the activity level rather than only
on just the number of people. Therefore, this study suggests a new
model based on the use of CO2 trajectories to estimate the occupant
activity level, trained on measurements both from a school classroom and from a Danish summerhouse. A hidden Markov-switching
model was employed to identify the activity level. This modelling
approach is a generalization of hidden Markov models, taking autocorrelation in the observations into account. This is done by an
additional autoregressive part which models the persistence of the
CO2 concentration by relating the current value to past lags. The
analysis of one-step prediction residuals shows that this method inherits the dynamics of the CO2 curves much better than an ordinary
hidden Markov model, and can therefore be considered a promising
candidate for occupant activity estimation. Furthermore, it is shown
that the presented model can be used for simulations of activity level
and of the accompanying CO2 levels.

A.1

Introduction

Creating a comfortable indoor climate in terms of temperature and air quality
can require a lot of energy. In most buildings, this effort is made on a fixed
1 Technical

University of Denmark
University of Science and Technology

2 Norwegian
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schedule regardless of the actual occupancy state. Therefore, there is a high
energy-saving potential if heating, ventilation and lighting periods are fitted to
the occupancy patterns [A1, A2]. For automated ventilation control, however,
it is not the the binary occupancy state, i.e., present or absent, that should
determine the ventilation rate. It is rather the total generation of CO2 and air
pollutants that play a role. The classical approach to address the rate of this
generation is to associate it with the number of people in the room. However,
CO2 generation differs from person to person and is highly dependent on the
physical activity level of the occupants [A3, A4]. Furthermore, human respiration is not always the single source of CO2 in buildings [A5]. Therefore, we
suggest to identify the state for an entire room instead; and we will define the
occupants’ activity level by the rate the room air quality changes by the presence, physical activity and actions of all occupants as well as by ventilation.
Notice that this is not necessarily proportional to the number of occupants.
In this work, we present a method for estimation, simulation and short-term
forecasting of occupant activity levels. The class of models considered in this
work are hidden Markov models (HMM) and autoregressive hidden Markov
models (ARHMM). The latter are also referred to as Markov-switching models.
The model’s single input are trajectories of room CO2 sensors which are increasingly getting integrated in building services, and are easy and relatively cheap
to install, as pointed out in [A6, A7, A8]. We tested the suggested approach
in two environments of very different nature. The first dataset stems from a
Danish primary school. Here, occupancy is very regular as pupils and teachers
are present according to weekly time tables. The other dataset was measured
in a Danish summerhouse. As it is used for vacation only, the occupants’ schedule is rather relaxed and naturally yields a higher volatility. In general, the
methodology presented here is not restricted to a type of building or occupancy
behaviour. The models were built on the open source statistical software R [A9].
The remainder of this section gives a brief overview of the related work the in
literature.

A.1.1

Related work

There has been extensive research on modelling occupancy in buildings, both for
office spaces and residential environments. The purpose of the models presented
in literature is, for one part, the simulation of human behaviour, e.g. for building
energy simulations (e.g. [A10, A11, A12]); another part is dedicated to the
estimation of the current occupancy status, with applications in demand-based
building control (e.g. [A13, A14]). Since the here presented model can be seen as
a merging of those two approaches, works from both applications are reviewed.
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Simulation models

For simulation models, the occupancy state is commonly measured directly and
assumed known during the development phase. The goal is to create synthetic
occupancy profiles that inherit the same variation properties as the measurements. These profiles can then be used as input for building simulation tools.
A commonly used approach to occupancy simulation models are Markov chains
(e.g. [A10, A11]). In some cases, the chain’s transition probabilities are timeinhomogenous, i.e., time dependent, as in the work of Andersen et al. [A12].
Another approach used in literature is survival analysis ([A15, A16]). Here, the
duration of occupied and vacant periods are sampled from a probability distribution that is based on measurements. An agent-based approach is employed
by Liao et al. [A17]. In contrast to most other studies, where occupancy is
considered independently for single rooms, in their work the sum of occupied
zones matches the total building occupation, and occupants are assigned to
transition probabilities between zones. While most proposed models are probabilistic, Mahdavi and Tahmasebi [A18] present a non-stochastic model. Instead
of sampling from a probability distribution, the occupancy states are determined
by comparing the probability of occupancy to a fixed threshold. All aforementioned models are developed in a batch training, i.e., parameters are estimated
on one training set and do not change thereafter. However, Dobbs and Hencey
[A19] present an online-trained Markov-chain occupancy model for predictive
HVAC control. The transition probabilities adapt with recent data, whereas
the influence of older observations decreases by means of an included forgetting
factor.

A.1.1.2

Estimation models

Among the studies of occupancy estimation, some models are based on physical considerations. Under the premiss that changes in the CO2 concentration
in a room are determined, apart from interactions with the exterior, only by
CO2 generation per person and the number of persons, some studies present an
estimation algorithm based on the following mass balance equation,
∂Cr
Vr = V̇supp (Csupp − Cr ) + nocc · ṁprod,occ ,
∂t

(A.1)

where Cr and Csupp are the CO2 concentrations of room and supply air, Vr the
room volume, V̇supp the supply air volume flow, nocc the number of occupants,
and ṁprod,occ the CO2 generation per person ([A20, A6, A21]). Other studies
choose a statistical approach. For instance, Hailemariam et al. [A22] use a
decision tree for occupancy detection based on several features including CO2 ,
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electricity use, light, motion and sound. Benezeth et al. [A23] present a computer vision-based model. Here, camera images are automatically interpreted
to detect human figures in a room.
Melfi et al. [A24] explore a method to count and localise building occupants
using the building’s Wi-Fi network. At each wireless access point, the number
of connected devices can be obtained. Further, each mobile device can be associated to the access point to which it is connected. The work shows potential for
estimating occupancy on building scale, but reveals that the method is not suitable for a finer spatial resolution, since access point ranges overlap and mobile
devices do not necessarily connect to the closest one. Kahn et al. [A25] propose
a method of estimating office occupancy and number of occupants using support
vector machines (SVM) and k-nearest-neighbours (kNN). The features for their
model are extracted from the environmental variables temperature, humidity,
passive infrared (PIR) and audio levels as well as from the contextual factors
computer-activity and calendar data. Newsham et al. [A26] explore the possibility of detecting occupancy in offices by using data that is already collected
by the occupant’s computer or by an additional inexpensive sensor mounted to
the computer. They use a genetic programming approach with inputs mouse
activity, keyboard activity and webcam-based motion detection. They show
that this model outperforms commercial PIR sensors, and can be used to decrease timeout-periods, hence saving energy in vacant periods. The results are
promising, but restricted to environments, where occupancy is directly linked
to working on computers.
Another common framework for occupancy estimation are hidden Markov models (HMM). The advantage of this model class is that it provides a complete
stochastic framework based on the likelihood theory, inherently providing parameter and state estimators, measures of uncertainty and forecasts. Dong et al.
[A27] apply three different machine learning approaches to estimate occupancy
and the number of occupants: HMM, Support Vector Machines and Artificial
Neural Networks. They find that HMM perform best, when comparing the
predicted states to the actually observed number of occupants. Dong and Lam
[A28] additionally apply a Gaussian mixture model to detect the number of occupants. Liisberg et al. [A29] investigate in depth the use of HMM for occupancy
modelling based on smart-meter electricity observations of private apartments
in Spain. They test the possibilities of classifying the occupancy states based on
hourly electricity data. Candanedo et al. [A30] investigate different combinations of predictor variables and time scales for the use of occupancy detection.
Their model is a homogeneous HMM with a Gaussian state-dependent distribution. Occupancy is treated as a binary variable. They find that a model with
first-order difference of CO2 concentration performs best. The humidity ratio is
the second best predictor in their analysis. Ai et al. [A31] compare a HMM with
an autoregressive hidden Markov model (ARHMM) to estimate the number of
office occupants, and conclude that the ARHMM has a higher accuracy. They
use data from a controlled office lab with 6 to 10 occupants. A sensor network
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of PIR, CO2 , temperature, relative humidity, air-velocity, global thermometer
and reed switches is used for the estimation.
In contrast to the present work, Ai et al. [A31] use a time-homogeneous Markov
chain for the underlying state transitions. Hence, the probabilities for occupancy
changes are time-independent which appears to be an overly strong assumption.
Furthermore, the number of model states is given a priori, whereas in the present
work, it is used as a tuning parameter, providing the model with more generality.
Most studies that make use of CO2 trajectories focus on office buildings, where
the physical activity level is relatively homogeneous and CO2 generation mainly
originates from human respiration. Much less attention has been drawn to other
types of buildings with less homogeneous activities and other sources of CO2
generation such as smoking or cooking with a gas stove. Only Calì et al. [A6]
and Candanedo et al. [A30], who include rooms of residential houses, such as
kitchen, sleeping room and laundry room in their application, and Dedesko et al.
[A5] who estimate presence and movements in hospital rooms, make attempts
to model non-office buildings.

A.1.1.3

Motivation

The CO2 level in a room changes due to ventilation, infiltration, human exhalation and combustion processes. Any adjustment of windows or other ventilation,
changes in occupancy or changes in the outdoor CO2 level change the course
of the CO2 curve in the room. Furthermore, the room CO2 level is affected by
the occupants’ metabolic equivalent (MET) which relates to physical activity.
A proper description of these factors leads to a white-box model, i.e., a model
that attempts to explicitly describe the system’s internal structure, in this case
including a CO2 mass balance equation. Such a model is rather complex. Its
estimation requires an extensive prior knowledge of the room parameters, and
continuous measurements of the above mentioned quantities. Further, a whitebox model needs to be adjusted every time it is applied to a new environment.
The here presented model, on the other hand, attempts to find states in the
CO2 dynamics by a statistical black-box model which requires no prior knowledge. The model seeks to find the number of states which is most suitable
for the description of the observed data, and estimates an autoregressive process for each state. As such, the states are characterised by their mean value
and their correlation to preceding values in the process. Further, the model
estimates time-dependent transition probabilities between the states processes.
This leads to a suitable mathematical representation of the CO2 dynamics in
the room. Nevertheless, this approach comes with the cost of having no direct
physical interpretation of these estimated states. An a posteriori interpretation
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is possible and was done for the data in this work. However, we argue that a
human interpretation is not necessarily required if the model is used e.g. to aid
an automated control system of the ventilation.
In the present work, we analysed CO2 trajectories of a school classroom and
of a summerhouse, representing two environments very far from each other on
the spectrum of predictability. In contrast to the reviewed works, the estimated
quantity in this work is not occupancy (binary or number of occupants), but
the activity level as defined above, i.e., the rate of air quality change by the
actions of all occupants as well as by ventilation and infiltration. Within a
HMM framework we identify the number of distinguishable states needed to
describe the variations in the activity level, and then estimate the state for each
time point. Since the transition between states is modelled by an inhomogeneous
Markov chain, the model further allows for realistic simulation of the activity
states and corresponding CO2 levels.
The present work is inspired by the work of Bitsch [A32]. For a more comprehensive overview of the literature, the reader is referred to the work of Shen
et al. [A8]. The authors review and classify approaches of implicit occupancy
detection, with a focus on approaches that make use of existing or potentially
available data streams that are related to occupancy.

A.1.2

Data description

This section provides a brief description of the two datasets used in this work.
Figure A.1 shows photographs of the respective rooms.

A.1.2.1

Summerhouse

One of the datasets analysed in this paper stems from a summerhouse on a
Danish island. The dwelling has a floor area of 89 m2 and is used for vacation
only. It is occupied by different occupants throughout the year. The sensor used
in this work is installed in a room used as living room. We analysed CO2 data
from 1st to 31st August 2015 on a five-minute scale. A two day sample of the
data is shown in Figure A.2 (b).
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Figure A.1: Pictures of the classroom and the summerhouse

Figure A.2: Global decoding of the 2 state homogeneous HMM. States represented by colours and by step function.

A.1.2.2

School

Another dataset was measured in a classroom of a Danish primary school near
Copenhagen. Usually, six pupils but up to twelve pupils and two teachers occupy the room in a period from 8 a.m. to 2 p.m or 3 p.m. The low number of
pupils occurs since the room is used for children that have difficulties to follow
the usual classes. The classroom has a floor area of 41 m2 , is located in the first
upper floor and has six operable windows, three westwards and three eastwards.
Mechanical ventilation is carried out every morning before school starts, and
again after school ends. During teaching hours, the ventilation would be too
loud. According to the teachers, the classroom windows are opened for intermittent ventilation if the teachers feel that the air is stuffy. The sensor is placed
at the north side of the room at a height of about about 1.50 meter. The data
reaches from 18th of January to 7th of February 2017 on a five-minute scale. A
two day sample of the data is shown in Figure A.2 (a).
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Methods

This section gives a brief overview of the employed methods in this work. In
Section B.3.1 and Section B.3.2, ordinary and hidden Markov chains are defined,
respectively. A brief definition of autoregressive linear time series model is given
in Section A.2.3, which enables us to subsequently define Markov-switching models in Section A.2.4. In Section A.2.5, it is described how the model parameters
were estimated using maximum likelihood estimation, for the homogeneous and
the inhomogeneous case.

A.2.1

Markov chains

For a finite set M with |M | = m, an m-state Markov chain is a sequence of
M -valued random variables {Xt } with
P (Xt |X(t−1) ) = P (Xt |Xt−1 ),

(A.2)

where X(t−1) = Xt−1 , Xt−2 , . . . , X0 is set of variables of {Xt } up to time t − 1.
Equation (B.1) is referred to as the Markov property. In words, the probability
of the current time step, conditioned on the entire history, depends only on the
previous time step. For i, j ∈ M the conditional probability
P (Xt = i|Xt−1 = j) = γi,j (t)

(A.3)

is called transition probability from state j to state i (at time t). The matrix Γt = {γi,j (t)} is called transition probability matrix (TPM). If Γ does
not depend on the time t, the process is called a homogeneous Markov chain.
Otherwise it is called an inhomogeneous Markov chain.

A.2.2

Hidden Markov chains

A hidden Markov chain is a probabilistic model that consists of two components:
An unobserved Markov chain {Xt } and a state-dependent process of observed
values {Yt }. We assume that Yt only depends on the current state Xt but not
on its own history Y(t−1) .
P (Xt |X(t−1) ) = P (Xt |Xt−1 )
P (Yt |Xt , Y

(t−1)

(t−1)

,X

) = P (Yt |Xt )

(A.4)
(A.5)
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Figure A.3: HMM flow chart.
The distribution of Yt |Xt is called state-dependent distribution (SDD). In case
of a Gaussian SDD, the hidden Markov chain can be expressed by
P (Xt = i | Xt−1 = j) = (Γt )i,j

(A.6)

Yt = µXt + εXt ,t

(A.7)

where µXt is the mean of the process in state Xt and εXt ,t is Gaussian white
noise, i.e. a mutually uncorrelated sequence of identically distributed normal
2
random variables with zero mean, and with a state-dependent variance σX
.
t
The structure of a HMM is best described in a flow chart as in Figure B.2. The
horizontal arrows describe the Markov chain that links the states over time. In
every time step the value only depends on the previous state. The vertical arrows
represent the state-dependent distribution. The current observation Yt only
depends on the current state Xt . The parameters in the model are the transition
2
probabilities as well as the state means and variances, µXt and σX
, respectively.
t
These parameters can be estimated using maximum likelihood estimation. Two
possibilities for the estimation are given by the expectation-maximisation (EM)
algorithm ([A33, A34]), and by direct numerical maximisation of the likelihood.
In the present work, the latter approach is employed.
In the context of HMM, one is usually interested in deriving information about
the unobserved states X(T ) given a sequence of observations Y(T ) . Estimating
the most likely state sequence given the sequence of observations is referred to
as global decoding. It is given by


arg max P X(T ) = x(T ) |Y(T ) = y(T )
(A.8)
x(T )

An efficient way to calculate the global decoding is called Viterbi algorithm.
The core of this algorithm lies in the following observation. Let (x̂1 , · · · , x̂T )
denote the most likely state sequence for the observations (y1 , · · · , yT ). Then,
given x̂t = k, the preceding state x̂t−1 can be found as that state that maximises
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the following expression:
x̂t−1 = arg max P (yt |xt = k) · (Γt )m,k · P (xt−1 = m)

(A.9)

m∈M

Hence, it is the state that maximises the product of the probability of the
observation yt being in this state, and the probability of transition to this state.
For a description of the complete algorithm and a more extensive introduction
to Markov chains and hidden Markov chains please refer to [A33].

A.2.3

Autoregressive Models

An autoregressive process of order p (AR(p)) can be expressed by
Yt = c + φ1 Yt−1 + · · · + φp Yt−p + εt ,

(A.10)

where c, φ1 , . . . , φp are constant parameters and t is Gaussian white noise. The
model suggests that the current value can be expressed as a linear combination
of the previous p time steps up to white noise. For further reading see [A35].

A.2.4

Markov-Switching Models

A Markov-switching (also regime-switching) model is a generalization both of
Markov models and AR(p) processes. It can be seen as an autoregressive model
with a state-dependent mean and variance where the states follow a Markov
process. An AR(1) Markov-switching process is given by
P (Xt = i | Xt−1 = j) = (Γt )i,j

(A.11)

Yt = φXt Yt−1 + cXt + εt,Xt ,

(A.12)

where cXt and φXt are state-dependent parameters and εt,Xt is Gaussian white
2
noise with state-dependent variance σX
. The model can be interpreted as a
t
HMM with mean values µXt = φXt Yt−1 + cXt . The structure of the Markov
switching model can be seen in Figure A.4. Notice the additional dashed horizontal arrows between the observations (compare Figure B.2). They represent
the dependency on the previous observation value in the model.

A.2.5

Parameter Estimation

Let Γ be the transition probability matrix and A be the set of parameters associated to the state-dependent distribution. Parameter estimation is carried out
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Yt+1

Yt+2

...

Xt

Xt+1

Xt+2

...

Figure A.4: Markov Switching flow chart.
by numerical maximisation of the log-likelihood function, i.e. the maximisation
of the logarithm of the joint distribution of all observations with respect to the
model parameters.
X
log P (Y(T ) | Γ, A) = log
P (Y(T ) | X(T ) , A) · P (X(T ) | Γ)
(A.13)
X(T )

The numerical optimisation bears some challenges which are addressed in the
following paragraphs.

A.2.5.1

Homogeneous Markov

The maximum likelihood estimation is carried out using the unconstrained optimiser nlm() in R, though the model parameter underlie certain constraints.
The entries of the TPM require
m
X

0 ≤ γi,j,t ≤ 1,

(A.14)

1 ≤ i ≤ m.

(A.15)

γi,j,t = 1,

j=1

Therefore, a parameter transformation between constrained and unconstrained
domain is necessary. Non-negativity is asserted by applying an increasing, nonnegative function to the parameters. To account for constraint (A.14), we used
the function expit(x)= exp(x)/(1 + exp(x)) with range (0, 1). It additionally
prevents numerical overflow, since for large values it converges to 1; in contrast
of converging to infinity in case of the exponential function. The row sum
constraint (A.15) can be respected by dividing each entry by its row sum. Hence,
the transition probabilities can be expressed for i 6= j by
γi,j,t =

1+

expit(τi,j )
Pm
k6=i expit(τi,k )

(A.16)
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and for i = j by
γi,i,t =

1+

1
.
k6=i expit(τi,k )

(A.17)

Pm

This results in the following transition probability matrix Γ,

1+



Γ=


Pm
k6=1

1
expit(τ1,k )

···

..
.

..

m,1 )
Pexpit(τ
m
1+
expit(τm,k )

.
···

k6=m

1+

1,m )
Pexpit(τ
m
k6=1

expit(τ1,k )

)

..
.
1+

Pm
k6=m

1
expit(τm,k )







(A.18)

with m(m − 1) unconstrained optimisation parameters {τi,j }1≤i6=j≤m .

A.2.5.2

Inhomogeneous Markov

One challenge of modelling an inhomogeneous Markov chain is a high number
of parameters to be estimated. Estimation of transition probability matrices
for every time step t = 1, ..., T of the entire available data would result in
T m(m − 1) free parameters. However, several assumptions can be made to
reduce this number. First, we assume that the transition probabilities do not
change between days. Hence, T reduces to just the number of time steps for
one day, say N . In the case of a five minute resolution, N equals 288. Furthermore, it is presumed that the transition probabilities do not change abruptly
between two time steps but rather describe a continuous function over time, and
can thus be interpolated. In this work, cubic periodic B-splines, i.e., piecewise
polynomial functions, with four equidistant knots were used to interpolate the
transition probabilities on the diagonal of the TPM. The spline basis consists
of four column vectors and is denoted by X = (X1 , . . . , XN )T ∈ RN ×4 . The
spline parameters are denoted by β = (β1 , . . . , βm ) ∈ R4×m . The off-diagonal
parameters are estimated according to paragraph A.2.5.1 with m(m−2) degrees
of freedom. This results in the following TPM.



Γt = 


expit(X
Pmt β1 )
expit(Xt β1 )+
expit(τ1,i )

···

expit(τ
1,m )
Pm
expit(Xt β1 )+
expit(τ1,i )



..
.
expit(τ
m,1 )
Pm

..

..
.
expit(X
Pmt βm )






i6=1

expit(Xt βm )+

i6=m

expit(τm,i )

i6=m

.
···

expit(Xt βm )+

i6=m

expit(τm,i )

(A.19)
The number of parameters to be estimated is 4m + m(m − 2).
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State-dependent distribution

2
In case of homogeneous and inhomogeneous HMM, the parameters µXt and σX
,
t
i.e., a number of 2m parameters, need to be estimated for the state-dependent
distribution. In case of an AR(1) Markov-Switching model, the parameters are
2
cXt , φXt and σX
, what corresponds to a number of 3m. To account for the
t
non-negativity of the variance we applied the exponential function
2
σX
= exp(ξXt ) > 0 ,
t

(A.20)

and optimised the unconstrained parameter ξXt .

A.3

Results

In this section, we describe the results of univariate models within the above
described framework with observations
Yt = log(Ctin − Ctout ) ,

(A.21)

where Ctin is the measured indoor CO2 concentration in parts per million (ppm)
at time t, and Ctout represents the outdoor CO2 concentration. The latter is
here assumed to take a constant level of 350 ppm. It is chosen to be constant,
since variations in the outdoor CO2 level are expected to be negligible for the
purpose of this model. The value is chosen to be slightly below the minimum
level of the recorded indoor CO2 concentration. The authors are aware that the
atmospheric CO2 level is higher than 350 ppm; it was rather a decision made
for numerical reasons to set this value as low. The logarithm function is applied
to the difference as a standard data transformation of skewed, non-negative
distributions to behave more Gaussian, in the sense that the resulting variance
will be more constant and symmetric. In the following, we refer to Yt as CO2
level, neglecting that we actually mean the transformation in (A.21).

A.3.1

Model selection

The selection of the most suitable model among the class of the above-described
class of models was carried out by means of several methodologies. As a first
step, we looked at the visualization of the global decoding. This way, one can
check whether the decoding is in agreement with how human intuition would
divide the data into distinct states.
Additionally, the one-step prediction (pseudo) residuals ([A33]) were analyzed
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with respect to their desired attributes: normality and temporal independence.
These attributes indicate that the model captures all systematic variation in
the data, and only random noise (white noise) is left. In a next step, Akaike’s
information criterion (AIC) and the Bayes information criterion (BIC) were used
to compare models directly with respect to their balance of goodness-of-fit and
complexity. Both AIC and BIC are measures that favour a high likelihood while
penalizing the number of model parameters. For a more detailed introduction
see [A36].

A.3.1.1

Initial model

The objective of model selection is to find the least complex model that describes
the variation of the data well. Therefore, we begin the analysis with the simplest
of the potential models. This is a 2-state model with a homogeneous Markov
chain. Figure A.5 shows the global decoding for this model. The states are
indicated by the colours. The same information is given by the step function
below the graph. One can see that the decoding separates high and low CO2
regions fairly well. However, the transition to the "active" state happens at a
point where the CO2 level is relative high and the occupants have assumingly
already arrived. The analysis of one-step residuals is given in Figure A.6. The
figure shows the residuals over time in the upper left, the residual histogram in
the upper right, the plot of sample quantiles against theoretical quantiles (QQplot) in the lower left and the autocorrelation function of the residuals in the
lower right. The figure reveals weaknesses of the model. The residuals clearly
show a non-random pattern over time. The histogram is far from the desired
Gaussian bell curve. The QQ-plot deviates significantly. The autocorrelation
function shows high dependencies of the residuals to their past values (lags).

A.3.1.2

Homogeneous vs. Inhomogeneous

Activity patterns of building occupants are obviously time-dependent. One
way to capture this time-dependency is to allow the transition probabilities to
vary in time, i.e., to use an inhomogeneous Markov chain for the states. This
approach comes with a higher number of parameters. It is therefore sensible
to test whether this extra complexity pays off in terms of model performance.
Figures of global decoding and residual analysis of a 2-state inhomogeneous
model showed very similar results to the homogeneous case in Figure A.5 and
A.6, respectively, and are therefore omitted. A comparison of AIC and BIC
for models with up to 5 states are given in Table A.1. Both criteria favour
the inhomogeneous model, even though its higher complexity is penalised. For
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Figure A.5: Global decoding of the 2 state homogeneous HMM. States represented by colours and by step function.

Figure A.6: Residual analysis of the 2 state homogeneous HMM.
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Table A.1: Comparison of AIC and BIC (school data)

m=2 states
homogeneous HMM
inhomogeneous HMM
Markov-Switching

parameters

par. (tpm)

par. (sdd)

AIC

BIC

6
12
14

m(m − 1)
m(m − 2) + 4m
m(m − 2) + 4m

2m
2m
3m

7792
7627
-19187

7832
7721
-19080

12
21
24

m(m − 1)
m(m − 2) + 4m
m(m − 2) + 4m

2m
2m
3m

3236
3118
-20326

3316
3279
-20146

20
32
36

m(m − 1)
m(m − 2) + 4m
m(m − 2) + 4m

2m
2m
3m

-690
-827
-20770

-556
-586
-20503

30
45
50

m(m − 1)
m(m − 2) + 4m
m(m − 2) + 4m

2m
2m
3m

-2963
-3101
-21392

-2762
-2766
-21023

m=3 states
homogeneous HMM
inhomogeneous HMM
Markov-Switching
m=4 states
homogeneous HMM
inhomogeneous HMM
Markov-Switching
m=5 states
homogeneous HMM
inhomogeneous HMM
Markov-Switching

this reason, we restrict the class of models considered in the further analysis to
inhomogeneous models.

A.3.1.3

Hidden Markov vs. Markov Switching

A weakness of the above models described in Section A.3.1.2 is that the one-step
residuals show heavy temporal dependency. It is apparent that the autocorrelation of the CO2 values over time is not sufficiently captured. To overcome
this, we introduce an additional autoregressive (AR) parameter φXt as in Equation (A.12) that describes the dependence between observations over time. The
resulting model structure is called Markov-switching. In this model, the current value of Yt is normally distributed with autoregressive and state-dependent
2
mean φXt · yt−1 + cXt and state-dependent variance σX
. Due to the findings
t
above, the transition probabilities are chosen to be time-dependent. Figure A.7
shows the residual analysis of a 2-state Markov-switching model. It shows a
clear improvement over the models without AR parameter, described in Section A.3.1.2. The residuals show less temporal dependence and are evidently
normally distributed. From Table A.1 it is apparent that the Markov-switching
model outperforms the ordinary HMM in terms of the information criteria.
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Figure A.7: Residual analysis of the 2 state Markov switching model.

A.3.1.4

Number of states

One important tuning parameter in the model is the number of hidden states m.
This parameter is not directly optimised by the maximum likelihood estimation.
However, models with different values of m can be compared based on their
maximised likelihood. Hence, AIC and BIC can be used. Figure A.8(a) shows
the AIC and BIC for the models with 2 to 10 states. Both criteria favour the
model with m = 5 as their value is minimal here. Another measure for the
justification of adding additional states is the actual usage of all available states
in the model. If one of the states is barely applied in the global decoding, this
might indicate that this state is obsolete. Figure A.8(b) shows the percentage
of usage for the state that occurs least often in the decoding. For m ≥ 6 this
value is very close to 0 which indicates that there are more states in the model
than useful. Furthermore, the analysis of residuals showed that the model does
not improve significantly for values greater than five.

A.3.2

Final Model

Global decoding and residual analysis of a 5-state inhomogeneous MarkovSwitching model are given in Figures A.9 and A.10, respectively. This model
is referred to as the final model in the following. From Figure A.10, it is evident that, for both datasets, the residuals behave close to what is desired, i.e.,
independently and identically Gaussian distributed. The autocorrelation function shows indeed significant correlations in the first two time lags which might
indicate that a moving average (MA) component in the model would describe
the data even more accurate. Nevertheless, for the sake of parsimony, the final
model is here seen to be accurate enough. The estimates of this model for the
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Figure A.8: Selection of the number of states (school data).
Table A.2: Estimates of the final model
school data
state i
1
2
3
4
5

summerhouse data

µi

φi

σi

µi

φi

σi

4.131
4.754
4.200
7.290
7.562

0.6554
0.9599
0.9909
0.8824
0.9459

0.08173
0.05427
0.01862
0.08784
0.02370

7.569
6.172
4.512
7.524
3.983

1.0052
0.8839
0.8276
0.9629
0.9839

0.02241
0.26615
0.11633
0.05027
0.05534

stationary mean µ, the autoregressive parameter φ and the standard deviation
σ are given in Table A.2.
Figure A.11 shows the transition probabilities of the final model as a function of
time of day for school (left) and summerhouse (right). In the case of the school,
the probabilities are based only on data from Monday to Friday, because no
transitions are expected on weekends. For the summerhouse, all seven days of
a week were taken into account.

A.3.3

Simulation

Figure A.12 shows simulations of the log CO2 levels. The results of one hundred simulation runs of five week days are plotted. The red line indicates the
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Figure A.9: Global decoding of the 5 state inhomogeneous Markov switching
model. States represented by colours and by step function.

Figure A.10: Residual analysis of the 5 state inhomogeneous Markov switching model.

Figure A.11: Transition probabilities of the final model.
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Figure A.12: 100 simulations (grey) with measured values (red).

Table A.3: Interpretation of states
state i

school data

summerhouse data

State
State
State
State
State

long absence
absence (night/weekend)
absence (break/end of day)
presence (after arrival)
presence

sleep
absence
presence
high volatility
presence

1
2
3
4
5

measured log CO2 values for this period. As expected, the simulations of the
school data show much more similarity, to each other and to the measurements,
than in the case of the summerhouse data. The simulations of the summerhouse
look more chaotic. However, it is apparent that the simulated variation is of
same magnitude as in the measurements, indicating a plausible range of values. The bottom part of the two graphs shows the median of the one hundred
accompanying activity state simulations.

Table A.4: Classification

True-positive rate
True-negative rate
Accuracy

school data

summerhouse data

99.4%
96.5%
96.5%

77.0%
74.6%
75.5%
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Interpretation of states

Occupancy has two rather obvious states, present and absent. Even though
it is not the primary objective of this work to estimate binary occupancy, the
interpretation attempt shown in Table A.3 is possible from the global decoding. We can use this interpretation of activity states to evaluate the model
with respect to its ability to distinguish occupied and vacant intervals. Ground
truth occupancy was not recorded for either of the data sets. However, the
average acoustic noise level between two time steps was measured. This can be
an indicator for presence if the environment is quiet in periods of absence. The
acoustic noise levels above a reference measurement level of 32 dBA were compared to the activity states which were associated to presence. These are states
four and five for the school data, and states three, four and five for the summerhouse data. Figure A.14 shows this comparison for one week. The graphic
shows the acoustic noise level (black) along with a comparison of the binary occurrence of acoustic noise (dashed blue) with the model’s “presence estimates"
(red). Here, “presence estimate" refers to the above-mentioned activity states
that are assigned to presence in Table A.3. By Considering the noise signal
the “true" value, the discrimination indicators true-positive rate, true-negative
rate and accuracy are obtained. For building control purposes, false negatives
(wrongly concluded vacancy) and false positives (wrongly concluded occupancy)
may have implications of very different nature, as acknowledged in [A8]. False
negatives are usually more crucial as they may lead to discomfort or annoyance
of the occupants, whereas false positives lead to additional energy consumption.
Table A.4 shows the obtained true-positive rate, true-negative rate and accuracy. The close agreement of these two indicators suggest that, in this case,
both are good estimators for the occupancy state.
In the summerhouse data, the interpretation of states is more difficult for several
reasons. In the recorded period (August), a high degree of natural ventilation
is expected through doors and windows. The occupants spend their vacation
at this house and may therefore have no regular schedule. From the data we
can see that, at night, high CO2 levels coincide with silence, suggesting that the
occupants sleep in the summerhouse. During the day, the values are volatile.
An explanation for this can be that the occupants spend the day both inside
and outside house, or that windows are kept open. A state interpretation can
be found in Table A.3.
Figure A.13 shows the fraction of time spent in each state as a function of time
of day. For the summerhouse it is apparent that state 1, labelled as ’sleep’,
occurs predominantly from around midnight to 9 a.m. From 10 a.m. to 4 p.m.
state 4 of ’high volatility’ is the most dominant. State 3, ’presence’, occurs
mainly in the evening hours before midnight. States 2 and 5 do not show a
strong correlation to the time of day. A comparison of noise and active presence
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Figure A.13: Time spent in each state during the course of day.

(not sleeping) leads to the results in Table A.4. As expected, the assessment
criteria show lower values as they do for the school data.

A.3.5

Sensitivity to sensor location

This section is dedicated to the analysis of how sensitive the state estimations
are to changes in the CO2 measurements due to different sensor locations. For
this analysis, the CO2 level was measured by two sensors in a mechanically
ventilated office room with a floor area of 42 square meters. The sensors were
located in opposing locations in the room. During the measurements, the room
was occupied by three persons. Figure A.15 shows the state estimation of a
2-state and a 3-state Markov Switching model. The ventilation system was
running from 6:00 to 20:00 on workdays. These periods are indicated in the
figure by the grey bars. In the bottom of the graph, the matching of the states
is indicated in green. Overall, the state estimations of the two sensor locations
match 77.3 % of the time in case of the 2-state model compared to an average
matching of 50 % by pure chance. For the 3-state model the states match 60.9
% of the time compared to 33.3 % pure chance probability, and for the 4-state
model the matching is 53.3 % compared to 25 % at pure chance. The results
show that the state estimates of different measurement locations coincides less
for higher number of states. Though, the difference to the matching probability
at pure chance is surprisingly constant with 27.3, 27.6 and 28.3 percentage
points for the 2-state, 3-state and 4-state model, respectively. From the graph
it is apparent that the matching is more accurate in periods of relatively few
state changes.
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Figure A.14: Comparison of states and noise level

Figure A.15: Comparison of states for different sensor locations
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Discussion

The two chosen datasets show naturally very different occupant activity patterns, and with this different CO2 patterns. Due to the scheduled routine in the
school, the CO2 curve is much smoother, and shows a clearer periodicity, than
in the summerhouse, in which the daily routine is much more arbitrary. To this
end, the two environments represent two extremes of occupant activity. It is
therefore encouraging that the model performs equally well in terms of one-step
predictions for both sets. We follow that the presented methodology can be
applied independently from the type of building and building usage.
Choosing an inhomogeneous Markov chain for the underlying state changes,
i.e., allowing the transition probabilities to depend on time, showed an improvement in terms of the model performance. This agrees with the intuition that
occupants’ activities depend on the time of day. Furthermore, the inclusion of
an autoregressive parameter improved the model significantly compared to the
common HMM. The need for this parameter is fairly intuitive since the CO2
level is clearly autocorrelated. From the autocorrelation function of the final
model (Figure A.10) one could argue that an additional moving average parameter would improve the model fit. This was, however, neglected in order to keep
the complexity relatively low. Furthermore, addressing the data’s periodicity
by including a seasonal autoregressive term of e.g. 24 hours can be a sensible
modelling choice. We did not consider this in the present work, since seasonality is already taken into account by the periodic transition probabilities, and
additional parameters might needlessly increase the model’s complexity.
One has to keep in mind that the model learns unsupervised. It finds patterns
in the data without the information of an outcome variable. This leads to states
that might not be human interpretable. However, one can argue that a human
interpretation may be not necessary if the model is used as input for a control
algorithm. Indoor CO2 level proved itself a good predictor for building occupant activity. It needs to be investigated whether the inclusion of other input
variables can improve the presented model without making it overly complex.
Additional inputs can be e.g. temperature, relative humidity or the noise level
in the room.
In order to capture substantial changes of occupancy and occupant activity
pattern, caused by e.g. change of occupants or the use of building, the model
should be able to adapt to these changes by re-estimating its parameters with
new observations. It can be therefore considered to develop an adaptive version
of the presented model in future research.

A.5 Conclusion
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Conclusion

A model for occupant activity estimation, simulation and short-term forecasting in buildings was presented. The model’s only inputs are CO2 level and
time of day. The applied methodology is a hidden Markov framework. The
model’s performance showed a significant improvement when using an inhomogeneous Markov chain and including the autocorrelation between CO2 observations, which resulted in a Markov-switching model. The model performed best
for a state number of five. It was applied to two different datasets, a classroom and a Danish summerhouse. Transition probabilities and state-dependent
parameters were estimated. A global decoding and 5-day simulations were carried out. Evaluation was carried out by means of one-step prediction residual
analysis as well as by AIC and BIC. The results were promising in both cases.
This paper suggests to link the room CO2 levels to occupant activity level; this
link gives a good description of the dynamics and variability of the room CO2 ,
which in turn can be used for better predictions and simulations. The here
presented model can be used for estimation of the occupant activity level, for
predictive control of the indoor air as well as input for building simulations.
Further development of, for instance, a model with additional input variables
or an on-line parameter estimation is left to future research.

A.6

Acknowledgements

This work has partly been carried out as a part of the CITIES, FME ZEN,
and SCA projects. The authors are thankful to Innovation Fund Denmark, EU
Interreg V programme, and the Norwegian Research Council and ZEN partners
for the support.

90

Paper A

References A
[A1]

F. Oldewurtel, D. Sturzenegger, and M. Morari. “Importance of occupancy information for building climate control”. In: Applied Energy 101
(2013), pp. 521–532.

[A2]

F. Oldewurtel et al. “Use of model predictive control and weather forecasts for energy efficient building climate control”. In: Energy and Buildings 45 (2012), pp. 15–27.

[A3]

A. Persily and L. de Jonge. “Carbon dioxide generation rates for building
occupants”. In: Indoor Air 27 (2017), pp. 868–879.

[A4]

M. W. Qi et al. “CO2 generation rate in Chinese people”. In: Indoor Air
24 (2014), pp. 559–566.

[A5]

S. Dedesko et al. “Methods to assess human occupancy and occupant
activity in hospital patient rooms”. In: Building and Environment 90
(2015), pp. 136–145.

[A6]

D. Calì et al. “CO2 based occupancy detection algorithm: Experimental
analysis and validation for office and residential buildings”. In: Building
and Environment 86 (2015), pp. 39–49.

[A7]

B. Gunay et al. “Detecting occupants’ presence in office spaces: A case
study”. In: Proceedings of eSim 2016, Hamilton, ON, Canada. 2016.

[A8]

W. Shen, G. Newsham, and B. Gunay. “Leveraging existing occupancyrelated data for optimal control of commercial office buildings: A review”. In: Advanced Engineering Informatics 33 (2017), pp. 230–242.

[A9]

R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical Computing. Vienna, Austria, 2017.
url: https://www.R-project.org.

[A10]

J. Page et al. “A generalized stochastic model for the simulation of occupant presence”. In: Energy and Buildings 40 (2008), pp. 83–98.

[A11]

I. Richardson, M. Thomson, and D. Infield. “A high-resolution domestic
building occupancy model for energy demand simulations”. In: Energy
and Buildings 40 (2008), pp. 1560–1566.

[A12]

P. D. Andersen et al. “Dynamic modeling of presence of occupants using
inhomogeneous Markov chains”. In: Energy and Buildings 69 (2014),
pp. 213–223.

[A13]

S. Wang and X. Jin. “CO2-based occupancy detection for on-line outdoor
air flow control”. In: Indoor and Built Environment 7 (1998), pp. 165–
181.

REFERENCES A

91

[A14]

S. Wang, J. Burnett, and H. Chong. “Experimental validation of CO2based occupancy detection for demand-controlled ventilation.” In: Indoor and Built Environment 8 (1999), pp. 377–391.

[A15]

D. Wang, C. Federspiel Clifford, and F. Rubenstein. “Modeling occupancy in single person offices”. In: Energy and Buildings 37 (2005),
pp. 121–126.

[A16]

W.-K. Chang and T. Hong. “Statistical analysis and modeling of occupancy patterns in open-plan offices using measured lighting-switch
data”. In: Building Simulation 6 (2013), pp. 23–32.

[A17]

C. Liao, Y. Lin, and P. Barooah. “Agent-based and graphical modelling
of building occupancy”. In: Journal of Building Performance Simulation
5 (2012), pp. 5–25.

[A18]

A. Mahdavi and F. Tahmasebi. “Predicting people’s presence in buildings: An empirically based model performance analysis”. In: Energy and
Buildings 86 (2015), pp. 349–355.

[A19]

J. R. Dobbs and B. M. Hencey. “Model predictive HVAC control with
online occupancy model”. In: Energy and Buildings 82 (2014), pp. 675–
684.

[A20]

M. Gruber, A. Trüschel, and J.-O. Dahlenbäck. “CO2 sensors for occupancy estimations: Potential in building automation applications”. In:
Energy and Buildings 84 (2014), pp. 548–556.

[A21]

F. Wang et al. “Predictive control of indoor environment using occupant
number detected by video data and CO2 concentration”. In: Energy and
Buildings 145 (2017), pp. 155–162.

[A22]

E. Hailemariam et al. “Real-time Occupancy Detection Using Decision
Trees with Multiple Sensor Types”. In: Proceedings of the 2011 Symposium on Simulation for Architecture and Urban Design. SimAUD ’11.
Boston, Massachusetts: Society for Computer Simulation International,
2011, pp. 141–148. url: http : / / dl . acm . org / citation . cfm ? id =
2048536.2048555.

[A23]

Y. Benezeth et al. “Towards a sensor for detecting human presence and
characterizing activity”. In: Energy and Buildings 43 (2011), pp. 305–
314.

[A24]

R. Melfi et al. “Measuring Building Occupancy Using Existing Network Infrastructure”. In: Proceedings of Green Computing Conference
and Workshops (IGCC), 2011. 2011, pp. 1–8.

[A25]

A. Khan et al. “Occupancy monitoring using environmental & context sensors and a hierarchical analysis framework”. In: Proceedings
of ACM International Conference on Embedded Systems For EnergyEfficient Buildings, Memphis, USA 2014. 2014, pp. 90–99.

92

Paper A

[A26]

G. R. Newsham et al. “Testing the accuracy of low-cost data streams
for determining single-person office occupancy and their use for energy
reduction of building services”. In: Energy and Buildings 135 (2017),
pp. 137–147.

[A27]

B. Dong et al. “An information technology enabled sustainability testbed (ITEST) for occupancy detection through an environmental sensing
network”. In: Energy and Buildings 42 (2010), pp. 1038–1046.

[A28]

B. Dong and K. P. Lam. “Building energy and comfort management
through occupant behaviour pattern detection based on a large-scale
environmental sensor network”. In: Journal of Building Performance
Simulation 4 (2011), pp. 359–369.

[A29]

J. Liisberg et al. “Hidden Markov Models for indirect classification of occupant behaviour”. In: Sustainable Cities and Society 27 (2016), pp. 83–
98.

[A30]

L. M. Candanedo, V. Feldheim, and D. Deramaix. “A methodology based
on Hidden Markov Models for occupancy detection and a case study in
a low energy residential building”. In: Energy and Buildings 148 (2017),
pp. 327–341.

[A31]

B. Ai, Z. Fan, and R. X. Goa. “Occupancy Estimation for Smart Buildings by an Auto-Regressive Hidden Markov Model”. In: American Control Conference 2014. Portland, Oregan, USA, 2014.

[A32]

M. A. Bitsch. “Statistical Learning for Energy Informatics”. MA thesis.
DTU, Lyngby, Denmark: Technical University of Denmark, 2016.

[A33]

W. Zucchini, I. McDonald, and R. Langrock. Hidden Markov Models for
Time Series - Second Edition. CRC Press, 2016. isbn: 9781482253832.

[A34]

J. D. Hamilton. Time Series Analysis. Princeton University Press, 1994.
isbn: 0-691-04289-6.

[A35]

H. Madsen. Time Series Analysis. Chapman and Hall, 2008.

[A36]

T. Hastie, R. Tibshirani, and J. Friedman. The Elements of Statistical
Learning; Data Mining, Inference and Prediction. New York: Springer,
2001.

93

Paper

B
Domestic Occupancy
Simulation on Room-level

Authors:
Sebastian Wolf, Davide Calì, Maria Justo Alonso, Rune Korsholm Andersen,
Rongling Li, John Krogstie and Henrik Madsen
Submitted to:
Energy and Buildings.

94

Paper B

95

Domestic Occupancy Simulation on Room-level

Sebastian Wolf1 , Davide Calì1 , Maria Justo Alonso2 ,
Rune Korsholm Andersen1 , Rongling Li1 , John Krogstie2 , Henrik Madsen12

Abstract
To accurately predict the energy demand of a building it is important
to reasonably represent the occupants’ behaviour as it influences the
energy consumption. For this reason, the simulation of occupant
presence (or occupancy) in buildings has received much attention in
the research community of building performance simulation in recent years. Occupant presence directly affects the energy balance of
a building due to metabolic heat production. Furthermore, presence
is a necessary condition for other energy-relevant activities such as
cooking, opening windows, adjusting thermostats and use of electric appliances. Most domestic occupancy models consider the three
states (1) present and awake, (2) present and sleeping and (3) not
present. However, particularly in residential buildings, presence information on room level is crucial, since certain activities are associated to specific rooms. For example, occupants mostly cook in
the kitchen and sleep in the bedroom. Furthermore, with improving
building insulation standards, the relative impact of the occupants’
metabolic heat production is increasing. Hence, it is of increasing
interest to know in which room metabolic heat is produced at what
time. This work presents a novel occupancy simulation model for
the creation of presence profiles in residential buildings. The main
contribution is that occupancy is simulated on room level, as opposed to more course spatial resolutions in previous studies. The
model is based on a time-use survey conducted in Denmark. We
trained a hidden Markov model to estimate transition probabilities
between the five states (1) bedroom, (2) kitchen, (3) bathroom, (4)
living room and (5) not present, based on the recorded activities in
the time-use survey. In order to address diversity among occupants,
the simulation model distinguishes between six groups regarding occupant age and household size. Moreover, the model takes time of
day and weekday into account.
1 Technical

University of Denmark
University of Science and Technology

2 Norwegian

96

Paper B

B.1

Introduction and Literature Review

It is generally recognised that the behaviour of occupants has a significant influence on the energy performance of a building [B1, B2, B3]. This influence
materialises in substantial differences in the energy demand of equally constructed dwellings [B4, B5]. This challenges the forecasting of the building
energy consumption [B6]. The "building performance gap" [B7, B8, B9, B10],
which describes a mismatch between estimated and real energy consumption in
buildings has been at least partly ascribed to inaccurate or oversimplified representations of occupant behaviour in the simulation tools [B11]. It is therefore
crucial to adequately represent the uncertainty related to occupant behaviour in
building energy simulations. One feature of occupant behaviour is the presence
or more generally the location of occupants; and a number of occupant presence
(occupancy) models has been proposed.
Human behaviour is highly complex and difficult to accurately describe in a deterministic manner. Therefore, most models in literature are probabilistic, i.e.,
contain a random component [B12, B13, B14, B15, B16]. A common approach
to model building occupancy is the use of probabilistic time-series models such
as Markov chains (or equivalently survival analysis) whose state represents the
occupancy status of a single occupant (e.g. present, absent) [B17, B18, B19].
Alternatively, the states can represent the number of people in a spatial zone
[B20]. In most cases, the transition probabilities depend on the time of day and
the day of the week [B19, B21, B22, B20]. The occupancy models summarised
below have been developed for the domain of office buildings.
• Wang et al. (2011) [B23] propose a Markov-chain-based occupancy simulation model for office building. The basis of this model is a timehomogeneous Markov chain whose states correspond to zones within the
building (and one state that corresponds to not being in the building).
This means, that the movements of the occupants occur independently
from the time of day. The model is then complemented by certain events
such as "going to work", "going to lunch", "coming from lunch" and "leaving work", which also follow a Markov process. However, these events
are valid only in certain, predefined time ranges. For example "going to
work" can happen only between 7:00 and 8:30. This approach produces
very rigid, non-flexible occupancy profiles. This might be sensible for the
case of office buildings, but is not applicable to the domestic case where
occupant moves are mainly unrestricted.
• Wang et al. (2005) [B17] model occupancy of single person offices by
a process of alternating periods of occupancy and vacancy. They use a
survival analysis approach. This means that the length of occupied and
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vacant periods are each drawn from an exponential distribution. They
suggest both a time-homogeneous approach and an approach with timevarying exponential parameter. Each day’s first arrival, last departure and
lunch break are separately determined as normally distributed around the
respective mean.
• Liao et al. [B24] introduce a probabilistic occupancy simulation model for
a multiple zone office building. Their model is not based on a Markov
chain. Instead, for each zone and time point, each occupant is assigned a
probability to be present. This preliminary distribution is then modified
by additional schedule information and access restrictions for each occupants. Furthermore, transition probabilities from and to certain zones are
directly manipulated if a person is known to usually spend long or short
periods, respectively, in these zones.

The following works propose occupancy models for dwellings.
• Richardson et al. [B20] propose a domestic occupancy simulation model
based on UK time-use data. The model comprises an inhomogeneous
Markov chain representing the number of active (not asleep) occupants in
the household. A distinction between weekend and week days as well as
the household size are considered as inputs to the model.
• Widen et al. [B25] suggest a slightly different approach than the one of
Richardson et al. [B20]. In their occupancy model for the use of simulating
domestic lighting demand, each occupant is individually represented by
an inhomogeneous Markov chain. This Markov chain has three states:
"active", "inactive", "absent". The model is based on a Swedish time-use
survey (TUS). Inputs to the model are the distinctions of weekdays and
weekend days, and apartments and detached houses, respectively.
• In Widen and Wackelgard [B26], this approach is modified by splitting up
the "active" state into seven finer states related to electricity consumption
(cooking, dish-washing, washing, TV, computer, audio, other).
• Aerts et al. [B27] present a similar approach as Widen et al. [B25] based
on a Belgian TUS using the three equivalent states ("active", "inactive",
"absent"). In addition to [B25], the authors apply a hierarchical clustering
method to define six distinct behavioural types of occupancy, each of which
is simulated separately.
• Flett and Kelly [B28] suggest another 3-state occupancy model with some
additional features. They present a higher-order Markov model which
takes into account the elapsed time of the current state. The authors
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argue that this improved the lead times of the states, i.e. the duration the
occupants remain in one state, as compared to an ordinary Markov chain
model. Moreover, they link correlated occupants (e.g. spouses, parents,
children) by representing the occupants by one combined Markov chain,
similarly to the approach of [B20].
• Baetens and Saelens [B29] present their model StrOBe (stochastic residential occupant behaviour) for district energy simulations. This model
includes a 3-state Markov chain-based occupancy model and an activity
model based on a Belgian TUS.

None of the reviewed studies on domestic occupancy attempt to simulate presence on a spatial resolution finer than household.
However, it is important in building energy simulations to determine the occupants’ location for two reasons. First, the metabolic heat gain of the occupants
has an effect on a room’s energy balance. The influence of these heat gains grows
with increasing building insulation standards, as, with reduced heating demand,
metabolic heat gains represent a larger share of the required heating. Secondly,
presence is a necessary condition for many actions that affect the energy consumption. These actions are modelled in separate models that often take the
occupancy state as input variable. Examples in residential buildings are window
opening [B30, B31], thermostat adjustment [B32], cooking and use of electronic
devices [B33] such as ICT appliances or washing mashing and tumble dryer.
Wolf et al. [B34] suggest a room-level occupancy simulation model. The model
is trained using activity diaries of a Danish TUS from 2008/09. In this data
set, only activities but no locations are recorded. Therefore, a novel method
of estimating the transition probabilities is employed. A hidden Markov model
(HMM) is used to make statistical inference on the unobserved locations, based
on the observed activities. The states of the Markov chain represent the rooms
of the household. One additional state represents the occupant being outside
the dwelling (not present). The state transition probabilities are time-dependent
(inhomogeneous) in order to respect the diurnal rhythm of the occupants. Furthermore, inputs to the model are the days of the week and six occupant categories which were identified based on occupant age and household size.
The present work is a continuation of the work of [B34]. The model was improved and described in more detail. Different approaches to incorporate inhomogeneity were tested and compared. The simulation results were thoroughly
analysed. The model was evaluated and its advantages and drawbacks were
discussed. Based on the presented model, we developed an online application
called ProccS, to generate and download occupancy profiles in private households [B35]. A similar occupancy simulation tool for office environments is
available in [B36].
The remainder of the present work is organized as follows. Section B.2 describes
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the TUS data set. Section B.3 gives a brief overview of the methods used, in
particular hidden Markov models (HMM). The simulation model is introduced
in Section B.4. Section B.5 presents the main results which are then discussed
in Section B.6. Conclusions and future research tasks are given in Section B.7.

B.2

Data description

The model was trained using data from a Danish TUS conducted between March
2008 and March 2009 by [B37]. The data set included responses from 5676
families in Denmark. The household sizes varied from one to seven persons.
After cleaning the data from missing values, the survey comprised responses
from 4344 families with a total number of 11341 individuals, of which 8201
wrote an activity diary. The majority of participants conducted a diary for one
weekday and one weekend day. The participant age varied from 4 years to 85
years (mean: 52.7, median: 56), where young children were helped to complete
a diary. In a diary day, every 10-minute period was assigned to one of forty
predefined activities. The diaries did not reveal direct information about the
location of the occupants. In total, the data set included diaries from 12083
individuals. Moreover, activities which did not occur at least once in at least
80% of the individuals’ diaries were considered untypical. Diary-person-days
(a sequence of 24 h for one person) that included any untypical activity were
removed from the data. Thereafter, 28 activities and 4877 diary-person-days
remained. Figure B.1 shows the 28 analysed activities. A detailed analysis of
the data set can be found in [B38].

B.3
B.3.1

Methods
Markov chains

Given a finite set M = {1, 2, . . . , m}, an m-state (discrete-time) Markov chain
is a sequence of M -valued discrete-time random variables {Xt : t ∈ N} that
satisfies the Markov property:
P (Xt |X(t−1) ) = P (Xt |Xt−1 ),

(B.1)

where X(t−1) = Xt−1 , Xt−2 , . . . , X0 is set of variables of {Xt } up to time t −
1. In words, conditioning on the entire history of the process is equivalent to
conditioning only on the most recent time step. Hence, all information, that the
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Figure B.1: Time spent for each activity
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Figure B.2: HMM flow chart.

past course of the process provides about the current value, is contained in the
most recent observation. The matrix of conditional probabilities between two
states i, j ∈ M ,
Γi,j (t) = P (Xt = i|Xt−1 = j)

(B.2)

defines the transition probability matrix (TPM). In case Γ does not depend on
the time t, the process is called a homogeneous Markov chain. Otherwise it is
called an inhomogeneous Markov chain. For Xt = i, we say that the Markov
chain is in state i at time step t.

B.3.2

Hidden Markov models

A hidden Markov model (HMM) is a probabilistic time series model consisting
of two components: A sequence of observations {Yt : t ∈ N} and an unobserved
Markov chain {Xt ∈ N}. The current observation Yt only depends on the current
state Xt but not on its own history Y(t−1) :
P (Yt |Xt , Y(t−1) , X(t−1) ) = P (Yt |Xt )

(B.3)

The distribution of Yt |Xt is called response distribution. The structure of a
HMM can be described in a flow chart as in Figure B.2. The horizontal arrows
describe the dependence on the most recent state in a Markov chain, whereas the
vertical arrows represent the state-dependent distribution. Both the distribution
of transition probabilities and the response distribution can be subject to inputs
and parameters. The parameters can be defined by the set {A, B, π}, where A
and B are parameter vectors corresponding to the TPM and the response distribution, respectively. The parameter vector π defines the distribution of X0 ,
that is, the distribution of the unobserved state in the initial time step. A common approach to parameter estimation in parametric stochastic models is the
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principle of maximum likelihood estimation (MLE). An MLE-based algorithm
dedicated to the parameter estimation in HMM is the Baum-Welch algorithm
([B39, B40]), which we implemented in Python for this study. In addition to
parameter estimation, one is often interested in the most likely sequence of unobserved states for a given sequence of observations. Both the estimation of this
sequence and the sequence itself are referred to as global decoding. An efficient
global decoding algorithm is given by the Viterbi algorithm [B39].

B.4

Description of the simulation model

We defined m = 5 states that corresponded to the occupants’ locations, namely
{bedroom, kitchen, bathroom, living room, out}, where the last state refers to
the occupant not being home. At any time, the occupants could be engaged in
one of the n = 28 activities listed in Figure B.1. We defined {Yt } as the sequence of observed activities and {Xt } the corresponding unobserved sequence
of locations (Markov chain). To fully set up the HMM, we defined the set of parameters corresponding to the transition probabilities, the response distribution
and the initial distribution, respectively, i.e. {A, B, π}.

B.4.1

Response distribution

The conditional distribution of the locations given the activities, P (Xt |Yt ), was
defined by assigning the probabilities in Figure B.3. These probabilities were
chosen by the authors using common sense. They are not data-based estimates.
Subsequently, the response distribution P (Yt |Xt ) was obtained using Bayes’
theorem:
P (Yt |Xt ) =

P (Yt )
· P (Xt |Yt ),
P (Xt )

(B.4)

where P (Yt ) is estimated as the relative frequency of each observed
P activity,
and where P (Xt ) is a normalisation factor defined by the constraint y P (Yt =
y|Xt ) = 1. As an example, the response distribution for the living room is
shown in Figure B.4.

B.4.2

Transition probabilities

The transition probabilities in the presented HMM are dependent on the time
of day. Hence, the underlying Markov chain {Xt : t ∈ N} is inhomogeneous. To
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Figure B.3: Activity distribution P (X|Y )

Figure B.4: Response distribution of the location "living room"
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Figure B.5: Probabilities of leaving a state during the next 10 minutes (category (iv), weekdays)

represent this time-dependency, we employed a B-spline basis with a periodicity
of 24 h. This means, the basis functions of the spline basis, which are four
smooth periodic functions, were used as covariates to the transition probabilities.
The use of splines has several merits over calculating a TPM for each time step.
This method is not prone to unwanted jumps in the transition probabilities
that are caused by lack data, and hence results in smooth transition probability
curves. Furthermore, the transition probabilities of a HMM cannot be estimated
simply by relative frequencies of transitions, as is the case of Markov chains.
Therefore, the use of splines drastically reduces the number of parameters and
with this the computational costs. As it is common practise, a logit function
was used as link between the unbounded space of the linear covariates and the
bounded space of the probabilities. Hence, the model’s TPM is given by:
Γi,j,t =

exp(x 0 a )
Pm t ij 0
,
1 + h6=i exp(xt aih )

i, j ∈ {1, . . . , m}, i 6= j,

(B.5)

and
Γi,i,t =

1+

1
,
0
h6=i exp(xt aih )

Pm

i ∈ {1, . . . , m},

(B.6)

with the spline basis xt = (xt1 , xt2 , xt3 , xt4 ) at time t and parameters aij =
(aij1 , aij2 , aij3 , aij4 ). The set of parameters is given by A = {aij }i6=j . As an
example, the probabilities of leaving a state as a function of time are shown in
Figure B.5. This model is relatively complex. Let p be the number of spline
basis functions (in this case p = 4). The number of parameters included in
the transition probabilities equals (m − 1)mp = 80. An alternative with less
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parameters is to incorporate inhomogeneity only on the TPM diagonal, resulting
in the following matrix:
Γi,j,t =

exp(τij )
Pm
,
exp(xt 0 aii ) + h6=i exp(τih )

i, j ∈ {1, . . . , m}, i 6= j,

(B.7)

and
Γi,i,t =

exp(xt 0 aii )
Pm
,
+ h6=i exp(τih )

exp(xt 0 aii )

i ∈ {1, . . . , m},

(B.8)

with parameters τij ∈ R for i 6= j. This approach, to which we refer as simplified
inhomogeneous model [B21], leads to a reduced parameter number of (m −
1)m + pm = 40. The inhomogeneous and simplified inhomogeneous model are
compared in section B.5.1.

B.4.3

Choice of initial values

We used MLE to estimate the parameters of the transition probabilities, A. The
MLE routine may converge to a local (instead of a global) maximum of the loglikelihood. A common approach to avoid this, is to start from different initial
parameter values. For each sub-model, 100 initial parameter vectors were set as
initial values, where each parameter was uniformly distributed on the interval
[−5, 5]. Figure B.6 shows the log-likelihood of the initial values of each group
as a boxplot. The red cross represents the log-likelihood that corresponds to
the final parameter estimates. The fact that the log-likelihood of the fitted
model was significantly higher than of all random initial values indicated that
the estimation routine found the global maximum.

B.4.4

Categorisation of occupants and weekdays

In order to address different behavioural patterns, the occupants were categorised in the following six groups:
(i) children (<18 years)
(ii) single adult
(iii) adult living with partner
(iv) adult living with partner and children
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Figure B.6: Log-likelihood of random initial parameter values (black box-plot)
and the log-likelihood of the final parameter estimates (red cross).

(v) single senior (>66 years)
(vi) senior (>66 years) living with partner

These combinations covered the major part of the participating individuals.
Other constellations are possible, but were disregarded for the sake of simplicity. The above classification was chosen instead of a clustering of behavioural
patterns which was done in previous works (e.g. in [B27]). The reason for this
is that, while clustering can be successfully applied to find distinct patterns in
behaviour, it is difficult to argue which of the found clusters should be used to
simulate the occupancy of a certain group, say a family. The presented model
allows to compose a family by choosing, for instance two occupants of group (i)
and two occupants of group (iv). Moreover, the model differentiates between
four categories of days: Fridays, Saturdays, Sundays and weekdays (Monday to
Thursday). This categorisation of days was chosen over a more simple distinction in weekdays and weekend. We argue that the days Friday, Saturday and
Sunday each have unique occupancy patterns. On Fridays, for example, many
people leave work earlier and go to bed later as compared to other working days,
as they do not have to work the next morning. On Sundays, people may go to
sleep earlier than on Saturdays, as they have to work on Monday morning. In
total, the categorisation of occupants and days resulted in 24 combinations for
each of which one TPM was fitted.

B.5 Results
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Additional activities

Certain patterns of consecutive activities reveal additional information about
the location. For example, if the activity "toilet" is preceded and followed immediately by "work" it is almost sure that the occupant did not use the home
toilet. Therefore, we processed the activity data by adding two additional activities "toilet out" and "eating out". These activities overwrote the states "toilet"
and "eating" if any sequence of these two activities was preceded and followed
by an activity whose probability for "not present" is higher than for any other
state. For instance, the sequence following sequence
work

work

eating

toilet

work

work

was overwritten by
work

work

eating out

toilet out

work

work

The activities "eating out" and "toilet out" were assigned a probability of 1 for
the state "not present".

B.5
B.5.1

Results
Model selection

We compared the inhomogeneous and simplified inhomogenous model, described
in section B.3, and a homogeneous model, in terms of model complexity, calculation time and goodness of fit. The homogeneous model had a number of
m(m − 1) = 20 parameters, the simplified inhomogeneous models had m(m −
1) + pm = 40 parameters and the inhomogeneous model had m(m − 1) · p = 80
parameters. Hence, the incorporated inhomogeneity comes with a price of increased model complexity and calculation time for parameter estimation, which
is shown figure B.7. As expected, the calculation time grew with increasing
sample size. The estimation of the inhomogeneous model takes significantly
longer than for the other two models. Whether the increased calculation time
pays off with a better goodness of fit can be seen from Akaike’s information
criterion (AIC) and Bayes’ information criterion (BIC). Both values compare
the likelihood of different models, while penalising model complexity. A lower
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Figure B.7: Calculation time of the parameter estimation

value is to be preferred. Figure B.8 shows AIC and BIC of the different models
for different occupant categories. In all cases, the inhomogeneous model has
the lowest AIC and BIC. Group 1 was not included in this figure, because the
magnitude of and AIC and BIC differ from the other models. However, for this
group too, the inhomogeneous model has the lowest values. We conclude that
the inomogeneous model fits the data best. Moreover, a low calculation time is
not essential for the purpose of this method, since parameter estimation has be
carried out only once. Therefore, the inhomogeneous model was selected.

B.5.2

Simulation Results

This section presents the simulation results of the inhomogeneous model presented in Section B.4.
Figure B.9 shows the distribution of time spent in each state over the course
of a weekday for the six occupant categories. There are some common features
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Figure B.8: AIC and BIC of the homogenuous, inhomogeneous and simplified
inhomogeneous model
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among the groups that agree with common sense: During the night, occupants
spend most of the time in the bedroom; bathrooms are mostly visited in the
morning and evening; and the probability of being outside the house is highest
from morning to afternoon. The living room is predominantly occupied in the
late afternoon and evening.
On the other hand, there are some behavioural differences between the groups.
As such, it is more typical for elderly people (groups (v) and (vi)) to stay in
bedroom during afternoons, which is presumably associated to afternoon naps.
For adults (groups (ii)-(vi)), there is a higher chance to be up late in the night
than for children. For adults with children, there is a relative high probability of
occupying the kitchen in the afternoon and early evening as compared to singles
and couples, presumably preparing/eating dinner.
Figures B.10 and B.11 show one hundred consecutive simulation days of occupant category (iv) on a weekday and on a Saturday, respectively. As opposed
to Figure B.9, these figures express the variance of the simulations. The simulated days in B.10 and B.11 are consecutive without any resetting. Of course, a
sequence of consecutive Saturdays does not reflect reality and is shown just for
testing purposes. As expected, there are differences between the weekday patterns and Saturday patterns. On Saturdays, the occupants enter the bedroom
later than on a weekday. The Saturday’s schedule is generally less regular than
the weekday’s schedule. In none of the two figures, a drift in the daily patterns
is apparent. The transitions between states occur around constant mean values. For instance, on weekdays the occupant leaves the bedroom on a weekday
around 7:30 a.m. and enters the bedroom for the last time around 11 p.m. This
indicates that the time dependency is successfully implemented. Tables B.1 and
B.2 show the mean getting-up times and bedtimes, averaged over all occupant
groups, respectively. The standard deviations are in parentheses. Moreover,
from Figures B.10 and B.11, a recurrent state order can be seen, particularly in
the mornings and evenings. For example, in most cases, the first state after getting out of the bedroom is either the bathroom or the kitchen. In the evening,
there is a short visit of the bathroom before going to bed. This is confirmed by
Table B.3 which shows the distribution of states that follow after leaving the
bedroom for the first time and precede entering the bedroom for the last time.
The values are averages of all occupant groups and days of the week.

State durations Figure B.12 visualises the holding times of the model, i.e.
the durations an occupant stays in a certain state before changing to another
one. The average duration of being in the bedroom is around 8 hours for most
of the groups. This is likely to reflect the fact that the bedrooms are mainly
used for the night sleep. The mean duration of periods that children (group (i))
spend in the bedroom is around 11 hours, which might be too high, even when
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(i) children

(ii) single adults

(iii) adults living with partner

(iv) adults living with partner

(v) single seniors

(vi) seniors living with partner

Figure B.9: Distribution of time spent during week days
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Figure B.10: Weekday simulations.
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Figure B.11: Saturday simulations.

taking into account that children need more sleep than adults. The high value
can have different reasons. It is possibly a numerical issue, since the number of
children diary-days in the data is small compared to the other occupant groups.
This may lead to too few observations to reliably estimate the parameters.
Alternatively, this issues might be related to design of the TUS.
The activity names are not tailored well for children, since, for instance, there
is no activity for playing. A possible explanation is that children spent time in
the bedroom before going to bed and after getting up. In the case of group (vi)
(elderly couples), there is relatively much probability mass for shorter periods in
the bedroom. This corresponds to the afternoon peak of the bedroom in Figure
B.13 (vi). As expected, bathrooms visits are short (mean=0:34 h). The average
mean duration for kitchen and living room are 1:04 h and 2:57 h, respectively.

Room profiles The main application of the presented model is the simulation
of room-level occupancy profiles. As two examples, Figure B.15 shows three
days of a household of an adult couple and of a household with two adults
and two children. The room occupancy is the sum of the respective persons’
presence. Each occupant moves independently. In the case of the family profile
(b), the adults and the children each share one bedroom. Each occupant enters
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Figure B.12: Box plot of holding times (duration the model stays in a state)
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Table B.1: Mean (and standard deviation) time for leaving the bedroom for
the first time
(i) child
(ii) single adult
(iii) adult living with partner
(iv) adult living with p. and c.
(v) single senior
(vi) senior living with partner

Mon-Thu
08:17 (01:50)
07:34 (01:56)
07:40 (01:34)
07:02 (01:44)
08:00 (01:18)
07:31 (01:07)

Friday
09:33 (01:21)
08:10 (01:44)
07:34 (01:10)
07:35 (01:25)
07:44 (01:14)
07:40 (01:06)

Saturday
09:03 (02:16)
08:24 (01:41)
08:01 (01:25)
08:05 (01:35)
07:59 (01:07)
07:33 (01:27)

Sunday
09:13 (01:32)
08:46 (02:08)
08:18 (01:30)
08:21 (01:46)
08:55 (01:35)
08:07 (01:24)

Table B.2: Mean (and standard deviation) time for entering the bedroom for
the last time
(i) child
(ii) single adult
(iii) adult living with partner
(iv) adult living with p. and c.
(v) single senior
(vi) senior living with partner

Mon-Thu
22:15 (01:43)
23:22 (01:54)
23:20 (01:29)
22:49 (01:31)
22:43 (02:01)
23:02 (01:29)

Friday
22:58 (01:34)
23:35 (01:43)
23:30 (01:33)
23:31 (01:47)
23:23 (01:07)
22:38 (02:35)

Saturday
21:53 (01:33)
00:25 (01:32)
23:32 (01:16)
00:00 (01:23)
22:43 (02:23)
22:49 (02:04)

Sunday
21:12 (01:07)
23:19 (02:15)
23:01 (01:22)
22:58 (01:12)
22:34 (02:34)
23:12 (01:20)

only one bedroom. Otherwise, there are no access constraints. Each household
has one bathroom. However, the implementation of several bathrooms would
be straightforward. The access of the bathroom is not limited to a certain
number of occupants. There is no resetting at midnight or any other time
point. Diurnal patterns are solely based on the periodic transition probabilities.
The rooms are solely occupied by the household members. The model does not
consider visitors. A browser tool to create and download household profiles for
an arbitrary household composition is provided [B35].

B.5.3

Model evaluation

An ideal evaluation of the presented model would consist of the comparison
of simulated and true occupant locations. However, ground truth information
about the location is not available for the used data set. Therefore, a rigorous
model validation procedure is left to an independent work. For this, a data set
including room-level occupancy information is necessary. Even if ground truth
data would be available in the present case, an evaluation on external data will
be more meaningful than assessing the model performance only on the present
data set, as it would additionally test the robustness against context changes
[B41, B42, B43, B44, B45, B46]. As an evaluation procedure in this work, we
analyse whether the simulated locations reflect the response distribution, i.e.
the distribution of states conditioned on the observed activities. Figure B.13
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Table B.3: State after leaving the bedroom for the first and before entering
for the last time

morning
evening

kitchen
28%
2%

bathroom
60%
60%

living room
6%
29%

out
6%
9%

Table B.4: Quantiles of state durations [hours]
quantile
25%
50%
75%

bedroom
6.17
8.17
10.00

bathroom
0.17
0.33
0.67

kitchen
0.33
0.67
1.33

living room
1.00
2.33
4.17

out
1.17
3.00
5.83

shows the mean time spent in each state, averaged over 1000 simulation runs.
For comparison, Figure B.14 visualises the time spent for each activity, based on
the observations. The colouring of the activities corresponds to the probabilities
of the response distribution. Activities that are associated with a probability
of 1 to take place inside the house are coloured in red tones. Activities with
a probability between 0 and 1 are turquoise, and activities with probability 0
are greyed out. The black reference line in Figure B.14 indicates the time spent
at home based on the simulations shown in Figure B.13, i.e., the sum of states
bedroom, kitchen, bathroom and living room. Since this line is mainly running
through the turquoise area, the activities and states were in good agreement
and the model provided the expected outcome conditioned on the choice of the
response distribution.

B.6

Discussion

The presented model simulates household occupancy at room level. It is not
dedicated to a particular application. However, we see several possible applications. First, the model can be used to simulate, on room level, direct physical
consequences of human presence on the built environment. These consequences
are, for instance, metabolic heat gains, the production of CO2 and humidity.
Since internal heat gains, by metabolic heat and by electric appliances, play an
ever more important role in the heat balance of modern, highly-insulated buildings, it is more and more of interest where in the building this heat is produced.
Secondly, the model can serve as input to occupant behaviour models. This
can be occupant behaviour models dedicated to certain activities which require
human presence, such as window opening, thermostat adjustment, or electric ap-
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Figure B.13: State
distribution.
Mean time spent in
each state, averaged
over 1000 simulation
runs for occupant
group (iv) adult living
with
partner
and
children,
weekdays.
[B34]
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Figure B.14: Activity distribution.
Activities that are associated with a probability of 1 to take place
inside the house are
coloured in red tones.
Activities with a probability between 0 and 1
are turquoise, and activities with probability 0 are greyed out.
[B34]

pliance usage. The presented model can be coupled with such a model in order
to define the periods when occupants are present to execute the above activities.
Since the model is agent-based, i.e is based on single occupants’ movements, it is
further possible to implement certain restrictions or access rights. For example,
it could be assumed that only adults operate thermostats or certain appliances.
Furthermore, the model can be employed in model predictive control of heating,
ventilation and air conditioning systems [B47, B48]. Forecasts of occupancy at
room level might help optimising the use of energy, in the sense that energy is
used only where and when needed [B49, B50, B51].
In order to fully represent the variation in occupant behaviour, it is not enough
to consider the variation of behaviour in time. One must also consider the
variation among different occupants [B52]. We did this partially by subdividing the occupants in six categories. However, there might still be distinct
behavioural patterns, i.e. unexplained variation due to occupant diversity, in
these categories. Furthermore, the behaviour of different occupants may not
be independent but rather correlated, especially when the occupants live in the
same household. One way to address occupant diversity and the correlation of
occupants is the use of mixed-effects models as applied in [B53, B54]. On top
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(i) Adult couple

(ii) Family with two children

Figure B.15: Accumulated room profiles.

of constant covariates (fixed effects), these models can include random effects.
Random effects are covariates that are considered random variables of some
population. This way, both "occupant" and "household" could be included as a
random effect. The exploration of mixed-effects models for the model presented
in this work is left to future research.
Compared to other occupancy simulations models, the presented model has the
following advantages,

118

Paper B

+ Occupancy is simulated at room level.
+ Transition probability curves are smooth.
+ The estimation method does not require occupancy observations.
and disadvantages:
- The model is more complex than most occupancy models; higher number
of parameters.
- Model validation is less straight forward if no ground truth occupancy
data is available.

B.6.1

Limitations

The presented model has a number of limitations: a) The model parameters
were estimated using Danish TUS data from 2008/2009. They therefore reflect
the behavioural patterns of the Danish population in 2008/2009. It has not
been verified, to which extent the model can be transferred to other countries.
b) Ideally, Markov chain models are estimated using longitudinal time series
data. However, in the present case, data of 24-hour diaries were used. Hence,
in the observations, there is a cut between each two 24-hour periods. Conveniently, the cut occurs at 4 a.m. when almost all occupants are at sleep, leading
to smooth transitions between diaries in most cases. c) The occupants are simulated independently. In reality, however, the behaviour of occupants of the same
household is not independent. For example, the occupants may eat and go to
sleep at the same time. d) In the present work, the distribution of the location
for a given activity (Figure B.3) was chosen intuitively. Once more evidence is
available, this distribution can be updated. e) A dwelling can include zero or
more than one instance of each room type. For example, it is possible to have
no living room or to have two bathrooms. This is currently not considered in
the model.

B.7

Conclusions

The present work suggests a method to estimate the parameters of an occupancy simulation model. In particular, we employed a hidden Markov model to
fit transition probabilities and to make inference of the occupants’ location based
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on respondents’ self-reported activities in a time-use survey. The method was
used to develop a room-level occupancy simulation model for private households.
The estimated transition probabilities were used to simulate probabilistic location profiles that reflect the observed behaviour. In order to create more distinct
profiles, occupants were categorised into six groups based on age and household
composition. The model can be used to create profiles of single dwellings or
larger scales such as districts. An implementation of the model is available as
online application. Furthermore, it can be implemented in building performance
simulation tools that allow for a room-wise integration of occupancy. The simulation results are in line with the recorded time-use data. However, a thorough
model validation procedure has not been carried out. The model has certain
limitations. Since no ground truth information of the occupancy was available,
the probabilities of the response distribution were chosen based on assumptions.
The model can be updated, once suitable data is available. Moreover, the correlation of occupants of the same households, which is not considered in the
present work, needs to be addressed in future research.
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Carbon dioxide-based occupancy estimation
using stochastic differential equations

Sebastian Wolf1 , Davide Calì1 , John Krogstie2 , Henrik Madsen12

Abstract

In the existing building stock, heating, cooling and ventilation usually run on fixed schedules, in many cases, even all day. In particular,
ventilation systems often run with a constant air flow rate that is
adjusted based on the assumption of maximum occupancy. Hence,
reducing the operation to the required extent would offer energy
potential. Model-based, demand-controlled heating, ventilation and
air-conditioning systems can help to achieve this. Information on
the number of occupants present in a room and ventilation-related
quantities, such as the room-air change rate, are important parameters to control the ventilation of a building. Hence, an automated
estimation of these would help to find optimal model-based control
strategies. In this work, the use of a grey-box model based on a carbon dioxide mass balance is explored to estimate room occupancy
and ventilation parameters. The main contribution of this study is
the employment of stochastic differential equations to describe this
mass balance. In contrast to ordinary differential equations, the
stochastic framework employed here is able to address measurement
errors as well as errors that derive from an inevitably oversimplified
description of the physical system. Due to its probabilistic nature,
this approach inherently includes a method of parameter estimation
using the maximum likelihood approach, which additionally provides
a measure of uncertainty for every estimated parameter. The presented model was tested in one naturally ventilated and one mechanically ventilated office room. In both cases, the estimation of
occupancy and of the model parameters showed promising results.
This leads to the conclusion that the suggested model can be considered as a candidate to be integrated into building control systems.
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Introduction

Heating, ventilation and air-conditioning (HVAC) systems in buildings usually
run on fixed schedules. These are often chosen rather generously; for example
some systems are set to run all day and with the assumption of maximum
occupancy. This is done to ensure occupants’ thermal comfort at any time.
However, several studies [C1, C2] showed that it is possible to significantly
reduce the operation of HVAC systems by considering the actual usage of the
building while maintaining the given comfort standards. Therefore, a reduction
in operation to the times and to the level that are actually required offers a high
energy-saving potential. Hence, the estimation of room occupancy provides
important information for energy-efficient building operation. In particular,
HVAC control strategies benefit from robust presence estimates [C3]. For this
reason, there has been an increased research focus on occupancy estimation
in recent years. In this work, the approaches to occupancy estimation in the
literature are reviewed. The proposed methods can be divided into physical
(white-box) models and statistical (black-box) models. Subsequently, a new
method based on a grey-box model is presented. The model is based on a
carbon dioxide (CO2 ) mass balance equation and employs the framework of
stochastic differential equations (SDEs). As a grey-box model, it combines
physical knowledge with statistical parameter estimation and therefore combines
some of the benefits of black-box and white box-models.
The remainder of this work is organised as follows. Sections C.1.1 and C.1.2
give an overview of the occupancy estimation models proposed in the literature
and a brief statement of the contributions of this work, respectively. Section
C.2 is dedicated to a description of the methodology used in this work. A
brief description of the data is followed by a presentation of the mass balance
equation, a short introduction to SDE-based, grey-box modeling principles and
the related estimation procedures and a presentation of the algorithm used for
the occupancy estimation. In Section C.3, the results are presented. Section
C.4 and C.5 contain the discussion and conclusion, respectively.

C.1.1

Related work

A wide range of different methods to estimate room occupancy has been proposed in the literature [C4, C5, C6, C7]. A decision regarding which method
to install in a real-life application can be made based on three dimensions: accuracy, cost and the degree of intrusiveness. Studies that used methods based
on video cameras had good results pertaining to estimation accuracy [C8, C9,
C10]. However, due to the additional hardware cost and privacy concerns, these

C.1 Introduction

129

methods are excluded from the use in many applications. Even if the images
are recorded in low resolution and are not stored, installed cameras can intrude
on occupants’ perceived privacy. Similar concerns hold for the employment of
radio-frequency identification tags which can not only detect occupancy but
also identify and locate occupants [C11]. In addition, this method is impractical since the occupants are required to carry the radio-frequency identification
tags with them. Further, the use of occupants’ WIFI signal on their mobile
phones has been explored to count and locate people in a building [C12]. This
method is more suitable to estimate whole building occupancy (rather than
room occupancy), and it raises the same privacy concerns as the aforementioned
approaches. For this reason, we focus the remaining literature overview on nonintrusive methods. These can be broadly divided into two categories: methods
based motion sensors, such as passive infrared sensors , and methods based on
environmental variables. Motion sensors suffer from the following limitations:
• They have a limited coverage range and can only detect movements in
their direct line of sight. Therefore, often, one sensor is not sufficient to
fully cover one room.
• They can fail to detect immobile occupants, for example someone sitting
still at a computer [C13]. They can be triggered by movements unrelated
to occupancy, such as objects moved by wind.
• They are not able to detect beginning vacancies. To overcome this, occupancy is assumed until a specified delay time has passed during which the
sensor was not triggered.
• They are unable to detect the number of occupants.
For the control of, for example, lighting it can be sufficient to detect whether
a room is occupied. However, for other applications, such as ventilation control, the number of people present is an important factor. Therefore, the lastmentioned limitation excludes motion sensors for application in larger rooms
with several occupants. Among environmental variables, such as temperature,
pressure, humidity and CO2 , it is widely acknowledged that CO2 is the most
suitable predictor, as it correlates directly with occupant presence. The reason
for this is that human exhalation has a much higher CO2 concentration than
the environmental air, and it usually is the biggest, if not the only, source of
CO2 in a room. Another advantage of CO2 -based methods are their low hardware costs. As pointed out in prior studies [C14, C15, C16], CO2 sensors are
increasingly being integrated in buildings services and are easy and relatively
cheap to install. Methods that take CO2 as an input can be further divided into
purely statistical (black-box) models and methods that are based on a physical
(white-box) models. The former category includes classic probabilistic models,
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such as hidden Markov models [C13, C17, C18, C19], belief networks [C20] and
machine learning methods, such as decision trees [C21] and artificial neural networks [C22]. In this context, physical models are most often based on a CO2
mass balance equation [C16, C23, C24, C25]. Mathematically, this results in
an ordinary differential equation (ODE) of the mass (or volume) of the CO2 in
the room air. In [C22], this mass balance equation is coupled with a convection
equation that additionally describes the air flow between the air supply and air
return in a mechanical ventilation system.
Studies of white-box and black-box models reported similar results with respect
to accuracy. One strength of white-box models lies in the direct physical interpretation of the model parameters. These are typically the CO2 production
per person, the ventilation and infiltration rates of the room’s air, and the CO2
concentration in the supply air. In most studies, the parameters related to ventilation are treated as known inputs. Therefore, the practical use is, in these cases,
limited to situations where this information is available. Only one study [C16]
was found that reported parameters as ventilation rates and supply air concentration to be estimated using an optimisation algorithm. A limitation of the
deterministic ODE approach described above is that it does not account for the
inevitably simplified description of the physical system. These simplifications
can be disturbances, such as inhomogeneity in the room air distribution, different and non-constant CO2 production rates of the occupants and measurement
errors related to the input variables. One way to address these limitations is the
use of an SDE-based grey-box model. A grey-box model combines knowledge
about the physical system with statistical, data-driven parameter estimation
[C26]. They combine assets from both black-box and white-box models. As
opposed to a purely physical model, a grey-box model is able to address and
quantify uncertainties, which improves the robustness of the parameter and state
estimates in a system that contains noise. In [C27], an SDE model based on a
CO2 mass balance equation is presented to estimate the infiltration rate, ventilation rate and CO2 generation per person in an office room. In this method,
however, occupancy is a model input and is thus not estimated.

C.1.2

Contributions

In the present work, a method that employs a grey-box model based on an SDE,
that can be used to estimate room occupancy is presented. The model’s inputs
are the indoor CO2 level and the ventilation state. The system equation is based
on a CO2 mass balance equation. A stochastic noise process is added in the
differential equation to allow for deviations from the deterministic system. An
additional observation equation includes a term that describes measurement errors. In a noisy system, the quantification of these uncertainty measures improve
estimations compared with a deterministic model. The stochastic framework of
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the model further allows for parameter estimation based on maximum likelihood
estimation (MLE). The occupancy states are also estimated using MLE. However, due to the high dimensionality of the optimisation problem and the fact
that occupancy is integer-valued, we propose a heuristic optimisation routine.
The presented algorithm is greedy. Greedy algorithms are efficient heuristics
that make the locally optimal choice in every time step. This means that they
do not necessarily find global maximum of the likelihood. The model was tested
in one naturally and one mechanically ventilated office room. In both cases, the
data was divided into training and test sets in order to compare the training
and validation errors.

C.2

Methods

In this part, we give a brief overview of the data in Section C.2.1, followed by
a description of the mass balance equation on which the presented model is
based (Section C.2.2). Subsequently, we present, to the extent needed in this
work, the framework of SDEs and parameter estimation (Sections C.2.3, C.2.4,
C.2.5 and C.2.6). Finally, an algorithm for occupancy estimation is introduced
(Section C.2.7).

C.2.1

Data description

Data set 1 The CO2 concentration in parts per million [ppm] was measured
across four subsequent days in February, from Wednesday to Saturday, in a
naturally ventilated, five-person office located near Copenhagen in Denmark.
A SenseAir S8 sensor was used for the measurements. The office is located on
the ground floor of a building constructed in the 1960s. It has a floor area of
about 27.5 m2 , and a height of about 3 m. The room is used by five-full time
employees. There are no strict working times, but the office is usually occupied
from around 8:30 a.m. to 6 p.m. The office has two operable windows facing
west and one door leading to a corridor in the east. There is no mechanical
ventilation. The windows were closed during the entire measurement period.
The sampling frequency of the measurements is every five minutes. The CO2
sensor was placed at a height of 1.60 m in the centre of the south wall as shown
in Figure C.1. On the Saturday, only one employee was present, and his presence
was recorded. This day was therefore used for the parameter estimation. We
refer to this data set as "data set 1" or "scenario 1" throughout this work.
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Figure C.1: Office ground plans

Data set 2 Data set 2 stems from a mechanically ventilated, six-person office
in Trondheim, Norway. The room has a floor area of about 36 m2 . The CO2
level in parts per million (ppm) and occupancy were measured for nine weekdays
in August. During this period, the room occupancy was recorded manually. The
room, which is located on the ground floor, has three north-facing windows that
were closed during the entire measurement period. The room’s single door leads
to a corridor in the south. It was closed except for entering or leaving the room.
The measurements were every five minutes. The CO2 sensor was located in the
centre of the room at a height of 1.30 m as can be seen Figure C.1. A Vaisala
GMP222 Carbon Dioxide Probe was used for the CO2 measurements.

C.2.2

Mass balance equation

The mass balance equation describes, in a deterministic way, the variation in
the CO2 levels within the room, and is based on the following assumptions:
1. The CO2 -generation rate per person is constant over time and for all
occupants.
2. The outdoor CO2 concentration is constant over time.
3. The room’s CO2 level is influenced only by human emissions, by fresh air
supply through natural ventilation and by air infiltration.
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Observations
Yk
States
Xt
δwin
δmec
nocc
Known parameters
Vr
Parameters to be estimated
ce
ċocc
V̇

ninf = Vinf
r
nmec = V̇Vmec
r
nnat = V̇Vnat
r
σ2
σ2

Measured room CO2 concentration

[ppm]

Room CO2 concentration
Window state
State of the mechanical ventilation
Number of occupants in the room

[ppm]
{0, 1}
{0, 1}
[-]

Room volume

[m3 ]

Outdoor CO2 concentration
CO2 increment per occupant

[ppm]
[ppm/h]

Air change rate (infiltration)
Air change rate (mech. ventilation)
Air change rate (nat. ventilation)
System error variance
Measurement error variance

[1/h]
[1/h]
[1/h]

Table C.1: All quantities in the model
4. The room’s air is homogeneous.
Based on these assumptions, we can describe the CO2 mass balance equation
as follows:

dXt
= − V̇nat · δwin + V̇mec · δmec + V̇inf (Xt − ce ) + Vr · ċocc · nocc ,
Vr ·
dt
(C.1)
where Table C.1 gives an overview of the quantities (i.e., variables and parameters) in the model. Dividing Equation (C.1) by the room volume, we obtain
the equation describing the variation in the CO2 concentration over time:
dXt
= −(nnat · δwin + nmec · δmec + ninf ) · (Xt − ce ) + ċocc · nocc .
(C.2)
dt
Equation (C.2) shows that the indoor CO2 concentration increases linearly with
respect to the difference between indoor and outdoor concentration. The linearity coefficient is the sum of the infiltrative and ventilative air flow rates. The
ventilative air flow occurs through window openings and through mechanical
ventilation. The binary variables δwin and δmec describe whether a window is
open and the mechanical ventilation system is running, respectively. In addition, the indoor CO2 level increases by human exhalation and is expressed by
the product of the number of people in the room and the amount of CO2 exhaled
per person and time unit.
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C.2.3

Stochastic differential equations

As demonstrated in previous research [C28, C29], a mass balance equation can
only approximate the CO2 variation within a room. In fact, many unknown
factors, such as the air exchange with adjacent rooms through open doors, the
varying exhalation rates of the occupants and simplifications (e.g., the assumption of homogeneous air distribution in the room) may adversely influence the
estimation of the occupancy of rooms. In order to deal with disturbances, such
as inputs not described by the model or inhomogeneity in the air distribution,
an SDE-based model, such as the grey-box model [C26] should be employed
instead of ODE-based or deterministic models. The grey-box model consists of
system equations that describe the dynamics of the states of the model and the
observation equation that describes how the observations relate to the states.
In our case, the system equation can be stated as follows:
dXt = − [(nnat · δwin + nmec · δmec + ninf ) · (Xt − ce ) + ċocc · nocc ] dt + σ · dω ,
(C.3)
where ω is a Wiener process ([C30]). A Wiener process (also Brownian motion)
represents the integral of a white noise Gaussian process. The diffusion term
σ · dω accounts for disturbances in the system. In the present work, we assume
a closed window, that is δwin = 0. Hence, the final system equation can be
simplified as follows:
dXt = − [(nmec · δmec + ninf ) · (Xt − ce ) + ċocc · nocc ] dt + σ · dω .

(C.4)

In this method, we observe the CO2 level at discrete time points, and the
measurements are subject to the measurement error εk ∼ N (0, σε ). This is
expressed by the following observation equation:
Yk = Xtk + εk .

C.2.4

(C.5)

Transition probabilities

As the considered process described in Equation (C.4) evolves over time, we are
interested in its transition from time point s to time point t. In other words,
conditioned on Xs = x at time s, we want to express the probability distribution
of Xt at time t. For λ = (nmec · δmec + ninf ) and ht = (nmec · δmec + ninf ) · ce +
ċocc · nocc , Equation (C.4) can be rewritten as follows:
dXt = (−λXt + ht ) dt + σ · dω .

(C.6)
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It can be shown ([C30]) that, for a given initial condition (s, x), the solution Xt
is normally distributed with mean µX (t) and variance σX (t), where the mean
and variance can be determined as solutions of the following ordinary initial
value problems, respectively:
d
µX (t) = −λµX (t) + ht ,
dt

(C.7)

with initial condition µ(s) = x, and
d 2
2
σ (t) = −2λσX
(t) + σ 2 ,
dt X

(C.8)

with initial condition σX (s) = 0. The solution for the mean is given by:
t

Z
µX (t) = exp(−λ(t − s))x +

exp(−λ(t − u)) · hu du .

(C.9)

s

Since h is piecewise constant on the grid (s = t0 , t1 , . . . , tk = t), we can split the
integral into its constant intervals:
µX (t) = exp(−λ(t − s))x +

k
X

exp(−λ(t − u)) · du

(C.10)

s=t1

i=1

= exp(−λ(t − s))x +

t=tk

Z
hu (i)

k
X

1
hu (i) exp(−λ(ti − ti−1 )) .
λ
i=1

(C.11)

The variance is given by:
2
σX
(t)

Z

t

= exp(−2λ(t − s)) +
exp(−2λ(t − u))σ 2 du
s


σ2
σ2
=
+ 1−
exp(−2λ(t − s)).
2λ
2λ

Hence, the transition density of Xt , given Xs = x, is given by:


1
1
2
p(s → t, x → y) = p
exp
−
(y
−
µ
(t))
.
X
2 (t)
2 (t)
2σX
2πσX

C.2.5

(C.12)
(C.13)

(C.14)

Kalman filtering

In Section C.2.4, we addressed the conditional distribution of Xt |Xs = x. However, the states are not directly observed. All available information about state
X is contained in observation Y which is subject to measurement errors. The
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link between observations and states can be given by a Kalman filter. The
Kalman filter gives an estimate of the state distribution based on observed
measurements. Furthermore, the Kalman filter estimates the conditional distribution of two subsequent observations, that is Yi |Yi−1 = y, which is needed for
the parameter estimation in Section C.2.6.
The room’s CO2 level is observed at equidistant points in time, that is at ∆t =
tk −tk−1 . For every time point t, the Kalman filter consists of a time update that
predicts the state at time t given all observations before t and a data update,
that adjusts this prediction by including information of the current observation
at time t.
The following equations denote the time update:
µX (ti+1 |ti ) = exp(−λ · ∆t)µX (ti |ti ) +

hti
λ

(C.15)

and
2
σX
(ti+1 |ti ) =



σ2
σ2
+ 1−
exp(−2λ∆t) .
2λ
2λ

(C.16)

The following equations denote the data update:
µX (ti+1 |ti+1 ) = µX (ti+1 |ti+1 ) + Ki+1 · (yi+1 − µX (ti+1 |ti+1 ))

(C.17)

and
2
2
2
σX
(ti+1 |ti+1 ) = σX
(ti+1 |ti ) − Ki+1 · σX
(ti+1 |ti ) ,

(C.18)

where the Kalman gain K is given by:
Ki+1 =

2
σX
(ti+1 |ti )
.
2
σX (ti+1 |ti ) + σ2

(C.19)

For a more detailed introduction to the Kalman filter, refer to [C31].

C.2.6

Parameter estimation

The parameters to be estimated are given in Table C.1. The measurements Y
and the room occupancy nocc are given here. We use MLE in order to estimate
the parameter vector θ. Hence, the likelihood function, which is the joint density
of all observations is maximized with respect to the model parameters. Since
the described model respects the Markov property, the joint density is given
by the product of the conditional densities, which is provided by the abovedescribed Kalman filter in Section C.2.5. The conditional density for Yi |Yi−1 is
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2
Gaussian with a mean of µX (ti |ti−1 ) and a variance of σX
(ti |ti−1 ) + σε2 . Hence,
the log-likelihood is given by:
n

log L(θ) = −

1X
(yi − µX (ti |ti−1 ))2
2
.
log(2π) + log(σX
(ti |ti−1 ) + σε2 ) + 2
2 i=1
σX (ti |ti−1 ) + σε2
(C.20)

Numerical optimisation is used to maximise the log-likelihood.

C.2.7

Occupancy estimation

For the estimation of room occupancy, we assume the model parameters to be
known and replace θ with its MLE, which is denoted by θ̂.
In order to estimate the occupancy state vector nocc , the log-likelihood function
needs to be numerically maximised with respect to nocc . This is difficult for two
reasons. First, the number of parameters in nocc equals the number of time steps
and is thus very high. Second, nocc is non-negative and integer-valued, what is
usually not respected by numerical optimisers. Therefore, we use the following
customised procedure. We initialise n̂occ as the zero occupancy vector. Then,
we subsequently increase the vector by one at the time point, which maximises
the log-likelihood locally. This procedure is described in more detail in the
pseudocode below.
1:
2:
3:
4:
5:

procedure
while True do
n̂occ ← (0, . . . , 0)
for i in 1,. . . , n do
niocc ← n̂occ + (0, . . . , 1, . . . , 0)
|
{z
}

6:
7:
8:
9:

end for
i
nmax
occ ← arg max{L(nocc )}
if L(nmax
)
>
L(n̂
)
occ then
occ
n̂occ ← nmax
occ
else
Break
end if
end while
end procedure

i

10:
11:
12:
13:
14:
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Figure C.2: Work flow

C.3

Results

The data from both scenarios was divided into a training set and a test set. In
Scenario 1, the training set consists of one day of data, and the test set consists
of three consecutive days of data. The training and the test set from Scenario
2 consist of four and five consecutive days of data, respectively. The separation
into training and test set was done to achieve a realistic validation error. For
each of the two scenarios, the analysis was carried out in three steps, as shown
in Figure C.2. First, the model parameters were estimated on the respective
training set using MLE. Subsequently, the CO2 level was estimated and forecasts
were conducted using a Kalman filter. This was done for the training set and
for the test set in order to compare the training error and the validation error
of the model. In this step, the occupancy and ventilation (if relevant) states
served as inputs. In the final step, occupancy was estimated using the custom
optimisation routine described in Section C.2.7 for the training and test sets.
Here, the CO2 level and ventilation state were inputs. The results of these three
steps are described in the following sections.

C.3.1

Model parameters

The vector of the model parameters used in Equations (C.4) and (C.5) is given
by θ = (ninf , nmec , ce , ċocc , σ, σε ), where nmec = 0 for data set 1, as there was no
mechanical ventilation in this case. The vector θ is estimated by the method
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described in Section C.2.6. In data set 1, the model parameters were estimated
on simulated CO2 data before being estimated on real data. This way, it was
possible to compare the parameter estimates with the known parameters used in
the simulation. This was mainly done to assess whether the estimation routine
worked as expected. Table C.2 shows the assumed parameters and their estimates for the simulated data. In particular, the physical parameters ninf , ce and
ċocc are in good agreement with their estimates. We follow that the estimation
method is suitable.
Subsequently, the model parameters were estimated on the respective training
sets. In this case, the estimates could not be directly compared with true values, as those were unknown. Nonetheless, the estimates were checked to see if
they were in a plausible range. The occupancy and ventilation states as well as
the CO2 level were treated as known inputs in the parameter estimation. The
parameter estimates obtained here were subsequently used to estimate the CO2
level and occupancy in the following sections.
Table C.2: Parameter estimates of simulated data (data set 1)

ce
ninf
log σ
log σε
ċocc

True value
420.00
0.37
0.69
1.95
180.00

Estimate
410.67
0.37
1.36
0.94
177.25

Standard error
3.05
0.01
0.10
0.03
3.90

p-value
0.00
0.00
0.00
0.00
0.00

Table C.3: Estimated model parameters

ce
ninf
nmec
log σ
log σε
ċocc

Data set 1
Estimate
414
0.51
1.55
0.26
189.89

Standard error
2.82
0.03
0.07
0.07
6.21

p-value
0.00
0.00
0.00
0.00
0.00

Data set 2
Estimate
444
0.12
4.21
2.48
-4.78
150

Standard error
2.5
0.09
0.01
18.85
-

Table C.3 shows the parameter estimates of data set 1 and data set 2. In the
following, the obtained parameter estimates are discussed.

Data set 1 The estimate of ċocc corresponds to a CO2 generation of ċocc ·
V · 10−3 = 15.7 ± 0.5 litre per hour and person, which is in line with the
results of earlier studies. In [C32], an average CO2 generation of 17.28 l/h for
office occupants was reported. [C33] obtained values at a range of 11.6 l/h

p-value
0.00
0.00
0.00
0.80
-
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to 16.2 l/h for 20 sitting Chinese male subjects. They remarked that [C34]
found, on average, a 16% lower resting energy expenditure in Asian compared
to western subjects. This could explain the slightly lower range of their findings
compared to the subject in the present study, who was an ethnic European
male. In addition, the value of ce = 414 ± 2.8 ppm is plausible. The outdoor
CO2 concentration was measured test-wise for a period of six hours next to
the office one meter above the ground. The measurements showed an average
concentration of 417 ppm and a standard deviation of 9 ppm. The magnitude
of these values is in agreement with the literature; the global atmospheric CO2
concentration is about 410 ppm at the time of developing and writing this
work (June 2018) [C35]. Naturally, the air infiltration rate depends on the air
tightness of the building. Further, in reality, the air infiltration rate is not
constant but depends on pressure differences caused by wind and temperature
differences between indoor and outdoor air. However, a value of ninf = 0.51 ±
0.07 times per hour can be considered in the normal range for the given building
type ([C36, C37, C38]). Hence, the estimates of the physical parameters seem
to be plausible.

Data set 2 Measurements of the CO2 level outside the building on nine consecutive days reported a mean of 462 ppm and a standard deviation of 19 ppm.
Hence, the estimate of ce = 444 ppm is lower than the measured average but
still within the standard deviation. The CO2 production per person was not
estimated but assumed with a value of 150 ppm/h, which corresponds to 16.5
litre CO2 per hour. The reason for this is that the model was not fully activated
by the training data. Occupancy and ventilation coincide for the majority of the
data. Therefore, the ventilation rate and the CO2 production per person were
not clearly identifiable from the data. A bigger data set with more occupied
and unventilated periods is required. The ventilation system’s nominal value in
terms of the air flow rate is 330 m3 · h−1 , which corresponds to an air change
rate of 3.5 h−1 in this case. Hence, the estimated vale of 4.21 h−1 overestimates
the nominal value. The relatively low estimate of the infiltration air change
rate at 0.12 h−1 is reasonable since the windows of the building were recently
refurbished.

C.3.2

Carbon dioxide estimation

In this section, the CO2 estimations of the two scenarios are presented. The
estimates are based on the model parameters obtained in Section C.3.1. Occupancy and the state of the ventilation system (data set 2) were used as inputs.
Figure C.3 shows the estimates of the respective training sets. The top graphs
present the one-step predictions, filter estimates (a) and long-term forecast (b)
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Figure C.3: CO2 estimation - Training set
for data set 1. A one-step prediction at time step t is an estimate of the CO2
level based on information up to step t − 1, whereas a filter estimation includes
all information up to step t. A long-term forecast is, in this case, an estimation
of all the CO2 levels based only the first time step t0 . The latter fits the data
fairly well, suggesting not only a good fit in terms of parameters but also that
the chosen model describes the data well. The bottom graph shows the CO2
estimations for data set 2. It includes one-step and one-day predictions. Ventilation periods are coloured in beige. In all cases, as shown in Figure C.3, the
estimates follow the CO2 measurements well. However, these results have to
be regarded as in-sample estimates since the model parameters were estimated
using the same data.
The CO2 estimations of the test set of data set 2 are presented in Figure C.4. In
this case, the data for parameter estimation and for CO2 estimation are independent, and the estimates still fit the measurements well. The corresponding
estimates for data set 1 could not be obtained since occupancy, which served as
the input, was not recorded in this case. The top graph of Figure C.5 shows
the one-step prediction residuals for the respective scenarios. The residuals for
data set 2 are less satisfying, as they show systematic patterns during occupied
periods, and most values are clustered at -10, 0 or +10. The reason for this is
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Figure C.4: CO2 estimation - Test set

Figure C.5: residual analysis
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that the sensor employed in data set 2 has a resolution of 10 ppm and therefore
does not allow for a finer representation of the residuals. The auto-correlation
function (middle) and the cumulative periodogram (bottom) reveal that there
is still some correlation left in the residuals of both data sets, which shows that
not all systemic variation in the data is fully described by the model. No numerical results are provided in this section, as the estimation of the CO2 level is
not the main focus of this work. Instead, it was assessed whether the presented
model is capable of describing the dynamics of CO2 given the provided inputs. A
numerical analysis on the occupancy estimation is given in the following section.

C.3.3

Occupancy estimation results

Occupancy was estimated using the algorithm described in Section C.2.7. Ventilation state and CO2 level serve as input. The estimations are presented in
Figure C.7. In the case of data set 2, the estimations were compared to the
manually recorded occupancy in the training and test sets. The root mean
square error of this comparison for all data points and occupied periods is given
in Table C.5. The latter is more meaningful since the correct estimation of
absence outside of working hours is not challenging. During occupied periods,
the root mean square error is 0.94 people. However, this error rarely concerns a
misclassification of occupancy versus absence, as the model has high accuracy
in terms of binary occupancy. Instead, errors occur more frequently for high
numbers of occupants as can be seen in Figure C.6. The binary occupancy,
defined as the presence of at least one person, of the actual recordings and
the estimations were compared. The results in terms of the true positive rate,
true negative rate and accuracy are presented in Table E.1. For building control purposes, false negatives (wrongly concluded vacancy) and false positives
(wrongly concluded occupancy) may have implications of a different nature, as
acknowledged in [C15]. False negatives are usually more crucial, as they may
lead to the discomfort or annoyance of the occupants, whereas false positives
lead to additional energy consumption. In the case of data set 2, occupancy
was not recorded during the test set measurements. However, the noise level
was measured. This can be an indicator of presence if the environment is quiet
in periods of absence. A comparison of noise levels above the reference measurement level of 32 dBA and the binary estimated occupancy is given in Table
E.1. In comparing the results of data sets 1 and 2, it has to be kept in mind
that occupancy was captured differently in the two scenarios. In data set 1,
the occupancy estimates were compared to the noise level in the room, whereas
in data set 2, the estimates were compared to manual recordings of occupancy.
For both data sets, the occupancy estimates are more accurate for the training
data than for the test data. This is expected since the mean of the validation
error is generally greater than the mean of the training error. Nevertheless, the
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Figure C.6: Correlation of estimates for data set 2

decrease in accuracy in the respective test sets is marginal, suggesting that the
models are not overfitted. The training estimates of data set 1 are less accurate
than the training estimates of data set 2. However, for the results of the test
sets, the opposite is the case. This can likely be ascribed to the small sample
size and the simple structure of training set 2 compared with test set 2. Overall,
the test results are satisfying for both data sets.

Table C.4: Discrimination results

Data
Data
Data
Data

set
set
set
set

1
1
2
2

(training set)
(test set)
(training set)
(test set)

True Positive rate
0.95
0.81
0.83
0.90

True negative rate
1.00
0.90
0.99
0.98

Table C.5: Root mean square error

Data set 2 (training set)
Data set 2 (test set)

All data
0.66
0.77

Occupied periods
0.87
0.94

Accuracy
0.99
0.88
0.92
0.94
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Figure C.7: Occupancy estimation
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Discussion

The described grey-box model can be used to estimate physical parameters, such
as air change rates, the CO2 production rate of the occupants and the mean
outdoor CO2 level. Furthermore, it is able to estimate the room’s CO2 level or
occupancy. The method was tested in one naturally ventilated environment and
one mechanically ventilated environment. In both scenarios, satisfying results
were obtained. The estimation of the physical parameters shows promising
results. In the simulation data, the estimates are close to the true values; in
the real data, the estimates are within a plausible range or close to the nominal
values. In addition, the results of the occupancy estimation were generally
satisfying. The binary occupancy estimates are accurate; errors appear mainly
for higher numbers of occupants. One strength of the model is that it is generic
in the sense that it requires no additional knowledge about the room to which it
is applied. It inherently includes a method of parameter estimation using MLE.
For the estimation of occupancy, the CO2 level and the information regarding
whether the ventilation system is running are the only inputs. As pointed out
in previous studies, CO2 sensors are becoming increasingly more integrated in
buildings, and are easy and relatively cheap to install.

C.4.1

Practical findings

Several practical findings were made in the analysis of this work:
• The proposed method is able to estimate the physical model parameters.
However, the training set must be large enough to fully activate the physical system. For example, if the ventilation system runs only during work
hours, it is difficult to uniquely identify the occupants’ CO2 production
rate and the ventilation air change rate. To resolve this problem, the
training set should include occupied periods in which the mechanical ventilation is turned off. The same counts for the infiltration air flow rate
(ninf ), which can be best estimated in an unventilated period that follows an occupied period. We follow that, in future research or in real-life
applications, the training set should be larger than in the present study.
• The presented algorithm for occupancy estimation is greedy and therefore does not necessarily find the global maximum of the log-likelihood.
However, in light of the results, it appears that there is a good trade-off
between calculation cost and accuracy.
• A time scale of ∆t = 5 minutes was chosen in this work, both for CO2
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observations and for the occupancy state. While this resolution is fine
enough to describe the inert behaviour of CO2 , information about the
short-term presence or absence of the occupants can be lost. The latter
might, however, not be crucial for heating or ventilation control. Since the
model is formulated in continuous time, it generally allows for any time
grid as well as for event-based data.
• In the naturally ventilated office room, the windows were closed during
the entire measurement period. The influence of window openings should
be investigated in future research.
• The model includes a number of simplifications. Despite the diurnal variations in the outdoor CO2 level, the value was assumed to be constant.
Likewise, the CO2 concentrations in the ventilation supply air and in the
outdoor air were assumed to be equal. These simplifications do not appear to be a limitation in terms of the model’s performance. Nevertheless,
whether treating the above-mentioned quantities as inputs leads to an
improvement in the occupancy estimation, should be investigated.

C.4.2

Comparison with other methods

The performance indicators obtained in the present work (i.e., accuracy, true
positive rate and true negative rate), were of the same magnitude as results from
previous studies. Most studies reported an accuracy at 90% to 95% for binary
occupancy. However, it is difficult to compare results across different studies,
since each method was tested only on the data that was measured in each
respective study. We therefore suggest that, in future research, the proposed
methods of occupancy estimation be commonly tested on a series of possibly
representative data sets. In addition, we suggest comparing the models to a
simple benchmark model.

C.5

Conclusion

A grey-box model to describe variations in a room’s carbon dioxide level and
to estimate room occupancy was presented herein. For the first time, stochastic differential equations were employed to estimate occupancy. A benefit of
this approach is its capabilities to address and quantify measurement errors and
errors that arise from simplifications in the description of the underlying physical system. Furthermore, it inherently provides a method to estimate model
parameters using maximum likelihood estimation. The method was tested in
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one naturally and on mechanically ventilated environment. In both scenarios,
it showed promising performance, both for parameter and occupancy estimation. It was found that the number of occupants can be reliably estimated
with a training error of 0.66 and a validation error of 0.77. Moreover, it was
found that the model is accurate in terms of estimating binary occupancy and
that errors mostly occur for higher numbers of occupants. Another finding is
that the training set chosen must be large enough to fully activate the physical
system. This is important to fully being able to identify all the model parameters. A limitation of this study is that the influence of window openings has
not yet been investigated. This, and a thorough comparison to other proposed
approaches, by commonly testing different methods on the same data, is left to
future research.
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Abstract
The operation of heating, cooling and air-conditioning (HVAC) in
buildings often adheres to fixed time schedules. However, associating HVAC schedules to the occupant’s presence patterns can save a
significant amount of energy, reducing operation periods to the required minimum. Therefore, automated occupancy estimation provides valuable input to efficient building control strategies. This
work discusses the validation and adjustment for two carbon dioxidebased occupancy detection algorithms based on data from ten multiperson offices. Both methods base on a carbon dioxide mass balance equation. However, they follow two different philosophies. One
model is deterministic and includes a more detailed representation
of the system, whereas the other model includes stochastic elements
and bases on fewer assumptions. Both approaches show similar and
promising results. The advantages and drawbacks of each method
are reviewed. Furthermore, adjustments of the algorithms to the
given conditions and possible future improvements are discussed.

D.1

Introduction

Activating the ventilation unit in a room when the CO2 level exceeds a certain
threshold, is a good approach to efficiently control the room air quality that does
not require occupancy information. However, for other features of building control, such as adjusting the room temperature only in the presence of occupants,
information on the current occupancy is necessary. Therefore, demand-based
1 RWTH

Aachen University
University of Denmark
3 Norwegian University of Science and Technology
2 Technical
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HVAC control strategies can benefit from robust occupant presence estimation
[D1]. As a result, there has been an increased number of research efforts on
occupancy estimation in recent years. A wide range of methodologies with different levels of accuracy, cost and degree of intrusiveness are now available. For
real-life applications, we consider some of the proposed methods too intrusive
in terms of privacy and practicability for the occupants. Among these are video
camera-based approaches [D2, D3, D4] and approaches where the occupants
need to wear radio-frequency identification tags [D5]. Other methods may be
suitable for occupancy on building scale but less suitable for room level occupancy estimation. An example is the use of occupants’ WIFI signal on their
mobile phones [D6]. Motion sensors, the most common application of which
is lighting control, suffer from the following downsides. They can only detect
moving objects in their direct line of sight and have a limited coverage range.
Moreover, they are unable to detect the number of occupants in a room. Among
environmental parameters, such as temperature, humidity, pressure, and CO2 ,
CO2 is most suitable for predictions, as it shows the highest correlations with
human presence [D7]. Furthermore, as pointed out in several studies [D8, D9,
D10], CO2 sensors are increasingly being implemented in building services and
are relatively cheap. Hence, CO2 -based occupant detection is an inexpensive
way to integrate demand-based control algorithms into building automation systems.
For these reasons, a number of occupancy estimation models, that use the room
CO2 level as input, were proposed in the recent years, e.g., Hailemariam et
al.[D11], Ai et al. [D12] and Jiang et al.[D13]. Some of the suggested algorithms
include statistical or machine learning approaches, such as Linear Discriminant Analysis, Classification and Regression Trees and Random Forest methods
[D14], Hidden Markov Models that use multiple parameters, such as temperature, humidity, CO2 and light [D15] or Support Vector Machines and Artificial
Neural Networks using CO2 values [D16]. Many of these methods require large
training sets and have no direct physical interpretation. An alternative is a
model based on a CO2 mass balance equation, which is a physical modelling
approach that is able to accurately depict occupancy after minimal optimisation. Wang and Jin [D17] and Wang et al. [D18] present a model that estimates
occupancy based on a CO2 balance equation. They showed that their dynamic
model outperforms the steady-state method to detect occupancy as proposed
in the ASHRAE standard at that time. Gruber et al. [D19] applied a similar
approach to estimate occupancy, and used the estimates as external input for
two different model-based controllers for ventilation control. Moreover, Calì et
al. [D8] presented an occupancy detection model based on a CO2 mass balance
equation. They tested their model on different residential and non-residential
buildings with promising results. In contrast to the aforementioned works, they
estimated the parameters for natural ventilation, infiltration rate and supply
air concentration through an optimization algorithm. Nienaber et al. [D20] de-
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scribed their methods and results of the validation of Calì et al.’s [D8] occupancy
detection model, using a more sophisticated system to track the number of people present in the rooms to generate their validation data set. Calì et al. [D8]
carried out the validation using occupancy data acquired through handwritten
occupant surveys. Therefore, occupants’ errors and the inherent influence of the
measurement on the occupant presence itself could have played a role in the evaluation of the algorithm. The new data acquisition in Nienaber et al. [D20] uses
stereoscopic camera-systems to detect the presence of occupants automatically.
Hence, the system does not influence the occupant behaviour, nor is it prone
to human error. New information, including short absence times, which some
occupants may have neglected to make a note of, and a longer surveyed period
are considered. Furthermore, Nienaber et al. [D20] used more accurate windowand door-opening sensors to improve the estimation of the air exchange rates at
each time. Wolf et al. [D21] present a grey-box model to estimate room occupancy. In contrast to the above-mentioned mass balance models, their approach
employs a stochastic different equation to describe the CO2 mass balance. This
makes it possible to address uncertainties in the measurements and the underlying physical system. Furthermore, the stochastic framework of the model allows
estimating the model parameters, such as ventilation rate and the CO2 emission rate per occupant, based on maximum likelihood estimation. This paper
discusses an adjustment of the model of Calì et al.[D8], as discussed in Nienaber
et al. [D20], and compares this adjusted model with one presented by of Wolf et
al. [D21]. First, we introduce both models, detailing their operating principles,
including how we adjusted their parameters to run optimally with the given
data set. Subsequently, we explain our methods for aggregating the data set,
which both models used. This enabled the evaluation and comparison of their
results, which we present in the ensuing chapter. Lastly, we discuss our results
and give a conclusion and outlook on our future work.

D.2

Methods

This paper discusses two different approaches to estimate a room’s occupancy
by using mass balance equations. The mass balance in equation (D.1) describes
the variation in CO2 in a room under the following assumptions:
• The CO2 generation rate per person is constant over time and for all
occupants.
• The outdoor CO2 concentration is constant.
• The only parameters influencing the room CO2 level are human exhalation, natural and mechanical ventilation, air infiltration.
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• The room air is spatially homogeneous.
Both methods described in this work base on the mass balance equation presented in equation (D.1), whose variable names and units of measurement are
listed in Table D.1.

−ṁairx

−ṁamb

−ṁcorr

CprodPP
d
ρair
ρair
ρair
CR =
CR +
Camb +
Ccorr +
Nocc
dt
Voffice
Voffice
Voffice
Voffice

(D.1)

The original algorithm by Calì et al. [D8] uses a first order discretisation (FOD)
of this equation, whereas the new method by Wolf et al. [D21] uses equation
(D.1) in a stochastic differential equations (SDE) framework.

D.2.1

Method 1: First order discretisation (FOD)

The first examined occupancy detection algorithm bases on the mass balance in
equation (D.2), which is the first order discretisation of equation D.1 without
the production term, to estimate the CO2 rate of change. The algorithm uses
various air exchange rates and an estimated CO2 value of the adjacent rooms
as input variables. The air exchange rates include the infiltration rates, the
exchange rates through opened windows and doors and the air-handling unit,
which are described in detail in the original paper [D8]. The mass balance
equation by Calì et al. separated the CO2 production from the rest of the
equation, to make the sequence of calculations more comprehensible. Equation
(D.2) shows the CO2 production for the case of no occupancy for the time step
i.

CR,i+1, NoOcc =

+

+

1−

1−

1−

!
ṁairx,i
ρair ∆i
Voffice
!
ṁamb,i
ρair ∆i
Voffice
!
ṁcorr,i
ρair ∆i
Voffice

CR,i

(D.2)

Camb,i
Ccorr,i

To estimate the current office occupancy, the algorithm calculates the CO2 value
at the next time step, under the assumption of no occupancy, CR,i+1,NoOcc , and
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evaluates the difference between the calculated and next time step’s measured
CO2 value. In equation (D.3), the difference is then divided by the CO2 production of a single person, which is estimated to 1 kg per person per day [D22],
to estimate the number of present occupants.

NOcc,i =

CR,i+1 − CR,i+1,NoOcc
CProdPP ·∆ti
Voffice

(D.3)

Since the CO2 production of a person varies with gender, size and activity level,
the constant value could induce an error into the algorithm, leading to an offset
in the occupancy estimation. This error could cause too high or too low occupancy numbers and increases with the number of people present. However,
in the present case, at least the activity level is assumingly reasonably similar
among the occupants. A brief comparison of the algorithm’s accuracy at different CO2 production rates has shown that a reduction of the production rate to
0.8 kg per person per day decreases the correctly estimated number of occupants
by 1.45 percent points, while an increase to 1.2 kg per person per day increases
it by 0.5 percent points. This is because an increase in the production rate improved the detection of empty offices, since an increase in the CO2 production
rate generally decreased the number of estimated people per room and therefore
eliminated many cases in which the algorithm falsely detected occupancy in a
room. The comparison showed that the production rate of 1.0 kg per person
per day produced the maximum number of exact matches between the number
of measured and estimated occupants in non-empty offices. We therefore set it
as the production rate in all cases.
The original algorithm averaged the measured CO2 value over a timeframe of 40
minutes, centred around the evaluated time step, to lessen the impact of spikes
in the measured values caused e.g. by people standing near the CO2 sensor or
sudden drafts. We found that a 20-minute window of an exponential moving
average, centred before the current value, was more suitable in smoothing the
measured values. This means that the CO2 values before and including the
surveyed time step are weighted on an exponential curve, so that the closer in
time a value is to the current time, the more it influences the average value.
The weighting for each time step can be seen in equation (D.4), w(t) being the
weighting factor of the time step t, tnow+1 being the time step after the current
one, ∆t the size of the time steps and the weighting factor α of the CO2 value
at tnow . In equation (D.5) we divided each weighing factor by the sum of all
factors, so that the sum of all normalized factors is 1. This ensures the correct
averaging of the CO2 values in equation (D.6).
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w(t) = α · (1 − α)

t−tnow+1
∆t

tX
now

wn (t) = w(t)/

w(i)

(D.4)
(D.5)

i=tnow−20∆t

CO2now, ExpAv =

tX
now

wn (i) · CO2i

(D.6)

i=tnow−20∆t

By centring this moving average before the current time step, and not on it,
the algorithm is more suited to run in a live environment, because it only uses
historical data in smoothing the CO2 value. The exponential weighting is more
attenuated to the CO2 gradient than a flat moving average. While sudden
spikes have a larger impact, it lessens the time delay between the slopes of the
measured and smoothed CO2 gradients better than a flat average.

D.2.2

Method 2: Stochastic differential equation (SDE)

The SDE method is based on the same mass balance equation as the FOD
method, with a few adjustments. The air exchange between rooms is neglected.
Moreover, the amount of air leaving the room equals the amount of air entering
the room. This leads to equation (D.7),

d
CR = −nairx · (CR − Camb ) + ċocc · Nocc
dt

(D.7)

ṁairx

air
with nairx = Vρoffice
and ċocc = CVProdPP
. The air exchange rate between room and
office
environment is further divided into mechanical ventilation, natural ventilation
and infiltration, respectively, as shown in equation D.8.

nairx = nmec + nnat + ninf

(D.8)

This method employs a grey-box approach based on stochastic differential equations (SDE). This means that the system equation additionally comprises an error term, which relates to errors arising from an oversimplified model representation. This error term is a Wiener process (also called Brownian motion) which
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represents the integrated version of a Gaussian white-noise process. Moreover,
the model adds an observation equation, which includes an error term relating
to measurement errors. Hence, the grey-box model consists of equations (D.9)
and (D.10).

d
CR = −nairx · (CR − Camb ) + ċocc · Nocc + σ · dω
dt
Ytk = −Ctk + εtk

(D.9)
(D.10)

where Ytk is the observed CO2 on a discrete time grid t1 , . . . , tn . A benefit of
the stochastic nature of this framework is that it inherently contains a method
for parameter estimation. Estimates for the model parameters and for the occupancy states Nocc are derived by maximum likelihood estimation (MLE). A
Kalman filter calculates the likelihood, which is the joint distribution of the
observations. In order to estimate the model parameters, the likelihood is maximised with respect to the parameters. In this step, the occupancy states are
assumed known. Subsequently, the likelihood is maximised with respect to Nocc
to estimate the occupancy states. A more detailed description of the here described method can be found in Wolf et al. [D21]. The estimation routine was
implemented in the statistical computing software R.

D.2.3

Parameterization

In order to take the differences between offices, like dissimilar infiltration rates,
into account, Calì et al. estimated the boundary conditions such as the air
exchange rates of all offices and the CO2 value of the corridor. They subsequently determined these values by using an optimization algorithm. We used
similar boundary conditions and used the daily total difference between single
time step simulated CO2 values and the smoothed measured CO2 values as the
target minimization function. Using this technique, we calculated the air exchange rates of each office for every day. Like Calì et al., we did not measure
the CO2 value of the adjacent corridor and the outside environment. Instead,
we set their values as the mean value of room CO2 measurements from 3 a.m.
until 4 a.m., when the room in most cases has reached an equilibrium with its
surroundings. We chose to do this, because the adjacent corridor is much larger
than the offices and well ventilated and therefore its CO2 value closely resembles the environment. Furthermore, we found an inherent offset of up to 200
ppm between different sensors while comparing rooms that reached their equilibrium with the outside. They showed nearly identical trajectories but large
and constant offsets. By calculating the adjacent CO2 values using the method
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mentioned above, we were able to disregard the large offsets, because each sensor produces their own reference point, which the subsequent calculations use
as their basis. These parameters represent only an approximation of real-world
processes, such as the air exchange with the environment. Therefore, different
wind speeds and directions, which have a large influence on the air exchange
through opened windows, are currently not taken into account.
Table D.1: Algorithm variables
Variable

Name

Unit

CR
Camb
Ccorr
CProdPP
ṁairx

Mass CO2 per volume of air of the office
Mass CO2 per volume of air of the environment
Mass CO2 per volume of air of the corridor
CO2 mass production per person
Air mass flow rate from room to environment
and adjacent rooms
Air mass flow rate from environment into office
Air mass flow rate from the corridor into office
Air density
Volume of office
Time step
Number of occupants

g
m3
g
m3
g
m3
g
min
kg
min

ṁamb
ṁcorr
ρair
Voffice
∆t
Nocc,i

D.3

kg
min
kg
min
kg
m3
3

m
min
−

Data description

In this section, we give a detailed overview on data aggregation in this study and
the approaches we took to gather indirect information on the incoming airflow
through the façade ventilation unit.

D.3.1

Field test setup

We conducted the field test at the E.ON Energy Research Center main building in Aachen in 10 multi-person offices, from December 2017 until November
2018. The offices have nearly identical layouts and two or three workstations
for full time employees. To reflect the influence of the wind conditions on the
infiltration rates of different parts of the building, the chosen offices are located
on two separate floors of the building, with two offices facing south-west, four
facing south-east and four facing north-west. Figure D.1 shows the floorplan of
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these offices. Every office is equipped with a window-opening sensor, a façade
integrated air handling unit and an air quality sensor that measures the room
temperature, humidity, CO2 and VOC, which are installed at a height of 1.50 m
near the door. The original air-handling unit’s sensors were used to represent a
realistic scenario, in which the algorithm would run on the unit’s controller itself,
and would not require an extensive sensor setup which might more accurately
measure the room’s CO2 levels and their distribution throughout the office. The
air-handling units operate at a variable fan speed, which we logged and used to
calculate the volume flow rate and air exchange rate with the environment. To
measure the room’s occupancy, these offices were at first equipped with HELLA
Aglaia APC-180 stereoscopic-cameras, which we replaced with HELLA Aglaia
APS-180E during the field test, to achieve higher accuracies. We placed these
cameras on the ceiling near the door and registered the number of people entering or leaving the office. To calculate the occupancy at any time of the day, the
change of occupancy is added to or subtracted from the counter. The counting
accuracy of the people counter cameras (PCC) is stated by the manufacturer
as being two percent. With an average number of 38 count events per office
and day, statistically 46% of all days should show no error in their measurement
assuming the manufacturer’s accuracy. To eliminate the days where errors in
the measurement occurred, we identified two error indicators. If the camera
registers a person leaving the office while the people counter was already at
zero, it indicates that the camera failed to register a person entering the office
at some point. The second indicator was a positive count at midnight, when we
reset the overall daily counter. If the counter did not read zero at this time, we
assumed that the camera failed to register a person leaving at least once during
the day. We discarded the days with discernible errors and only tested the algorithm on the remaining days, to ensure the validity of the measured occupancy
data. This approach lead to a slight overrepresentation of days without any occupancy within the data set, as those days were unlikely to produce any errors
and therefore stayed in the evaluation data set more often. In the course of the
field test, we added additional window and door opening sensors, to increase the
accuracy of the simulation of air exchange rates through the windows and the
door. Previously, only simple window opening sensors were available, which did
not differentiate between tilted and fully opened windows and could not take
the number of opened windows into account. The new sensors could differentiate between different windows as well as opening states. We previously did not
measure the door opening state at all and could only estimate them by setting
the windows state as open, when we registered people as entering or leaving the
office. The new sensors enable a more accurate air exchange rate calculation
through the doors, because it now considers long door opening times.
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Figure D.1: Positions of the PCC, ventilation unit and sensors in the offices.

D.3.2

Air flow measurements

In previous publications regarding these investigations [D20, D8], we did not
take the recirculation mode of the façade ventilation units (FVU) into account.
We used previous measurements of the airflow rates at the FVU air-outlet and
set these mass flows as containing only fresh air. This does not reflect reality,
since the FVUs recirculate a certain amount of the indoor air, whose fraction
depends on the heat recovery valve (HRV) and secondary air dampener (SAD)
position. To get the actual amount of fresh air entering the office, we ran a
short experiment in one office, in which we measured the CO2 values of the
environment in front of the window, at the FVU’s air-inlet, as a representation
of the indoor air CO2 value, and at the FVU’s air outlet. We measured these
values for two different test set-ups. In the first set-up, we chose the most
frequent combinations of HRV and SAD values and varied them accordingly
while setting the FVU fan power constant at 100%. In the second set-up, we
kept the HRV and SAD fixed and varied the FVU fan power between 10% and
100%. This way, we could measure all of the most common FVU set points,
and could interpolate between the measurements for all remaining combinations.
We measured all outside and inlet CO2 values with an IAQ probe connected
to a Testo 435-4 before and after every set of outlet measurements, to ensure
an accurate representation of their values, while at the same time reducing the
number of necessary measurement devices. To calculate the fraction of incoming
fresh air, we established the simple mass balance equation (D.11), comprising
of the amount of CO2 that the FVU recirculates ṁrec , the amount of CO2 in
the fresh air ṁin and the mass flow at the FVU outlet ṁFVU,out .

ṁrec + ṁin = ṁFVU,out

(D.11)

Using the definition of ppm in equation (D.12), with the molar mass M and the
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molar volume Vm , we can adjust the equation to only comprise of volume flow
rates and CO2 concentrations, as shown in equation (D.13).

ppmgas =

V̇rec · ppmrec ·

Vm
1µggas
Vm
ṁgas
·
=
b
·
M 1Lgas,total M V̇gas,total

M
M
M
+ V̇in · ppmin ·
= V̇FVU,out · ppmFVU,out ·
Vm
Vm
Vm

(D.12)

(D.13)

Which can in turn be simplified and turned into the ratio of incoming fresh air
to air at the FVU outlet, as shown in equation (D.14)

V̇in
V̇FVU,out

=

ppmFVU,out − ppmrec
ppmin − ppmrec

(D.14)

We could therefore calculate the fraction of incoming fresh air by using only
the measured CO2 values. This approach lead us to discover that the fraction
of fresh air entering the room through the FVU ranges between 10% and 70%,
showing a large deviation from the previously estimated 100% fresh air fraction.
By multiplying this calculated fraction with the previously used volume flow
rate at the FVU outlet, we were indirectly able to calculate the amount of air
entering the room from the outside for a large range of FVU set points.

D.4

Results

In this section, we present the results of the occupancy estimations using the
FOD and the SDE model for the test case of the data presented in section
D.3. In the first step, we describe the results for the two models individually.
Subsequently, we give a comparison of the two methods.

D.4.1

Results of FOD

The algorithm is very effective at detecting the occupancy state, estimating the
correct occupancy state in 92.3% of all cases and detecting the correct amount
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Figure D.2: Accuracies of each room and their total average, using the entire
dataset (FOD).

of people present in 86.5% of all cases with varying accuracies for each individual
office, which can be seen in Figure D.2. The results benefit from the fact that
the data includes unoccupied days, on which the estimation is trivial. After
excluding unoccupied days, the accuracies are 87.0% for the binary occupancy
state (at least one person present) and 74.4% for the correct occupant number.
The results represent a vast improvement over the ones published by Nienaber
et al. [D20], which only achieved accuracies of 86.2% and 69.8% respectively,
for the dataset including unoccupied days.
Figure D.3 shows one of the best cases, in which the algorithm detected the
correct occupancy 98.8% of the time and the correct number of people 75.1% of
the time. The respective top graphs show the CO2 levels we simulated based on
the observed occupancy. As a reference, the measured CO2 level is also shown.
The respective lower graphs show the two models’ occupancy estimations along
with the recorded occupancy. The colour schemes in the bottom indicate if the
methods underestimate, overestimate or match the recorded occupancy at the
respective time point.
Figure D.4 shows the histogram of the differences between measured and daywise simulated CO2 values. We expected these differences to be high, because
we executed the simulation for a whole day after setting the measured CO2 value
at midnight as the initial value, and simulating the CO2 values from then on.
Therefore, deviations can accumulate over the course of the day leading to these
measured differences. The accuracy of the daily simulation has improved significantly over Nienaber et al.’s [D20] results, as its mean deviation has decreased
by 127 ppm, as has the standard deviation by 103 ppm. Figure D.5 shows a
similar histogram for a simulation, in which the CO2 value is only simulated for
the next time step, using the previous time step’s measured CO2 value as its
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Figure D.3: Measured and simulated CO2 values and occupants for one day
in one office.

initial value and including the CO2 production of the simulated occupants. This
reflects the accuracy that the algorithm could achieve in a live implementation.
These values have also improved as compared to the previous iteration of the
algorithm, the mean value back then being -1.0 ppm with a standard deviation
of 15.0 ppm.
These improvements in comparison to the previous version can be attributed to
the combination of several factors. We improved the data quality by adding new
window and door opening sensors, which allowed for an improved approximation
of air exchange rates with the environment as well as the adjacent corridor.
And we improved the algorithm itself by providing a more accurate calculation
method of the air coming in from the outside through the FVU and by using
an averaging method, which could more closely resemble the implementation
necessary in a live environment.

D.4.2

Results of SDE model

In this section, the results of the SDE model for the data described in section
D.3 are presented. Table D.2 lists the estimated and assumed model parameters
trained on the data of one of the ten offices. The parameter estimates change
for each office as the model was tuned separately for each room. The assumed
parameters are constant throughout rooms. The overall model performance in
terms of occupancy estimation is satisfying, as shown in Table D.3. In 91.7 %
of the time, it estimated the binary occupancy state correctly. The number of

168

Figure D.4: Histogram of the entire dataset’s differences between day
wise measured and
simulated CO2 values.
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Figure D.5: Histogram of the entire dataset’s differences between single
time step (1 minute)
measured and simulated CO2 values.

Figure D.6: Accuracies of each room and their total average (SDE Model).

occupants was estimated correctly at 85.6 %. After excluding unoccupied days
from the data, the accuracies are 85.4 % for the binary occupancy and 72.5 %
for the correct occupant number. Figure D.6 shows the roomwise and average
accuracies. In the worst case (room 5) the accuracy is at 83.8% / 68.4% for
binary occupancy and occupant number, respectively. In the best case (room
2), the accuracy is 97.5% / 97.0%. In Figure D.7 the model outcome for one
day and one office is shown. The graph shows the measured along with the
simulated CO2 level. The latter was estimated based on the measured occupant
numbers. In addition, the figure shows the measured and estimated occupancy
state. In this example, the algorithm achieves a 97.6% accuracy for the binary
occupancy state.
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Table D.2: Model Parameters based on data of one office.
Estimated Parameters

Parameter

Estimate

Standard Error

CO2 level inlet
Air flow rate (mech. vent.)
Air flow rate (nat. vent.)
Standard deviation of System
noise
Standard deviation of Measurement noise

Cvent
nmech
nnat
σ

391 ppm
1.96 h−1
0.61 h−1
2.46

0.104
0.01
0.03
0.003

σε

−7.31

32.52

Assumed parameters

Parameter

Assumed value

CO2 level outdoor air
Air flow rate (infiltration)
CO2 production per person

Camb
ninf
ċocc

380 ppm
0.1 h−1
0.016 m3 /h

-

Figure D.7: Measured and simulated CO2 values and occupants for one day
in one office (SDE Model).
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Figure D.8: Histogram of the entire dataset‘s differences between day
wise measured and
simulated CO2 values.

Figure D.9: Histogram of the entire dataset‘s differences between single
time step (5 minutes)
measured and simulated CO2 values.

Figures D.8 and D.9 show the residual histograms of daily CO2 forecasts and
one-step predictions, respectively, as described in section D.3.1. As expected,
the daily forecasts show a higher variation than the one-step residuals. Both
histograms show a symmetric distribution, suggesting that there is no bias in
the model. The respective mean values are close to zero.

D.4.3

Comparison

Pertaining the accuracy of occupancy estimation, the two models presented in
this work have a similar performance. As shown in Table 3, the differences in
the performance indicators are not significant. Figures D.10 and D.11 show the
outcome of the two models on two different days. Figure D.10 shows an example
of one day for which both methods perform fairly similar, whereas in Figure
D.11 a day of diverging model outcomes is displayed. One reason for deviations
between the models, as observed in Figure D.11 can likely be ascribed to the
fact that the door was kept open, which was considered in the FOD method
but not in the SDE method. With a more complex occupancy profile, the
uncertainty in both CO2 and occupancy estimations increases, leading to higher
deviations between the two methods, as can be seen in Figure D.11. Figure D.12
shows the differences between the measured and predicted occupant number as
function of the measured occupant number. Both the colour scheme and the
percentage numbers in the graph represent the relative number of occurences
for each separate number of measured occupants. The figure shows that the
occupancy estimates become less accurate with increasing occupant number,

D.5 Discussion

171

Figure D.10: Comparison of daywise simulated CO2 and occupancy estimation, the two models presented in this work show nearly equal
results for this day.

which can be seen on the horizontal line at y = 0. Furthermore, the figure reveals
that, in terms of overestimations, the maximum error for most occupancy states
is higher in the FOD method compared to the SDE methods. On the other hand,
in Table 3, the overall number of overestimations is higher in the SDE model.
In other words, the SDE model overestimates the occupancy state more often,
but the maximum difference between estimation and measurement is smaller,
compared to the FOD model.

D.5

Discussion

The aforementioned total accuracy includes days on which the PCC produced
no verifiable errors, which does not mean that no errors occurred. Therefore, it
is very likely that days were included which the data acquisition script could not
automatically discard and would require a manual identification as being nonvalid. These days could influence the measured accuracy negatively, because
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Figure D.11: Comparison of daywise simulated CO2 and occupancy estimation, two models presented in this work show different results.

Table D.3: Model comparison

Binary accuracy
Correct occupant number
Occupant number underestimated
Occupant number overestimated

FOD model
Total Data
Set

FOD model
Days with
> 10 min
occupancy

SDE model
Total Data
Set

SDE model
Days with
> 10 min
occupancy

92.3%
86.5%

87.0%
74.4%

91.7%
85.6%

85.4%
72.5%

5.6%

12.2%

5.3%

11.3%

7.9%

13.4%

9.1%

16.2%
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Figure D.12: Comparison of occupancy estimation accuracies at different
measured occupancies, using only days with more than 10 minutes of occupancy.
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their data could include contradictions, e.g. rising CO2 levels during times
where the PCC measured no occupant as being present. The occupancy detection presented in this paper produces good results. After minimal adjustments
to the given conditions, using the simple FOD method, achieved an accuracy of
92.3 % for the binary occupancy state and 86.5 % for the correct number of people present. The SDE methods achieved similar results with accuracies of 91.7
% and 85.6 % for binary occupancy and correct occupant number, respectively.
Comparable accuracies using statistical learning models require large data sets
to train the model to the given situation and sensors [D14]. Other papers have
already successfully validated alternative methods of occupancy detection, and
future iterations of our algorithm could implement their approaches to improve
detection rates. These include the trajectories of changing values by Pedersen
et al., which only used these trajectories of the change in CO2 , VOC, noise and
a PIR sensor respectively to detect occupancy, achieving the highest accuracy
using the CO2 trajectories [D23]. Both models used in this work to estimate
room occupancy base on the same CO2 mass balance equation. However, the
two methods have different approaches. Compared to the SDE model, the FOD
model has a relatively high number of input variables and is more complex.
For instance, the FOD model uses measurements of the room temperature and
airflow rates as input variables. The SDE model, on the other hand, neglects
airflow between rooms. In the SDE model, the airflow rates between room
and outside are estimated constants and the model does not consider the room
temperature. Overall, the FOD model targets a more physical representation
of reality. Therefore, the FOD model is regarded as a white-box model. The
SDE model, on the other hand, belongs to the class of grey-box models, which
means that it combines knowledge about the physical system with statistical,
data-driven parameter estimation. The estimation of uncertainty terms address
and quantify errors that arise from an oversimplified model description and from
inaccurate measurements. Due to its stochastic nature, the SDE model inherently provides uncertainty estimates for the model parameters and the model
states (CO2 values). In terms of occupancy estimation, the two models showed
very similar results, which were overall satisfying. The proposed algorithms
are theoretically applicable to any room size, number of people and combination of HVAC systems, as long as the measured CO2 is a good representation
of the rooms average CO2 concentration and the air exchange rates with the
environment are well known or easily estimated.

D.6

Conclusion and outlook

In the present work, we compared two algorithms to estimate a room’s occupancy state. We tested both models on the same dataset, which consists of data
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from ten office rooms in the E.ON Energy Research Center main building in
Aachen, Germany. Both methods base on a CO2 mass balance equation. Calì
et al.’s method uses a first order discretisation, whereas the method of Wolf et
al. uses stochastic differential equations. The accuracy of the estimations is satisfying and of the same magnitude for both models. Therefore, both models can
be considered as a candidate for an occupancy estimation routine, for example
in a demand-controlled HVAC system. The algorithm by Calì et al. is good at
identifying occupancy when analysing air quality data retrospectively. A few
adaptations, such as shortening the moving average window and not centring it
on the current time step, but a previous one instead, enabled the algorithm to
be applicable in a live environment. Moreover, a future research topic could be,
whether the time step size of the data sampling affects the results. An investigation on whether a finer time scale leads to an improvement of the results,
or whether a more course time grid provides results of the same magnitude is
worthwhile. In the latter case, we could achieve a reduction in data storage.
Furthermore, we intend to reduce the number of variables needed to run the
simulation, e.g. by using predictive window opening models, such as the model
developed by Markovic et al. [D24], to estimate window opening instead of
measuring it, to reach the same accuracies at low number of input variables as
the model by Wolf et al [D21]. A limitation of this work is that we tested the
two described models for office rooms exclusively. Testing the applicability for
other room types and in particular, the influence of natural ventilation is left to
future research.
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Abstract
Over the past few years, several window opening models have been
established. More recent modelling approaches are stochastic in order to meet the variability in human behaviour over time and among
different occupants. It is often unclear to what extent the developed
models can be applied to environments other than the ones they were
trained on. The performance of a model might strongly depend on
the type of the investigated building, occupants involved in the data
collection, climate and many other factors. This work investigates
the applicability of two window opening models in an independent
environment by the use of a data set collected in an office building in
Frankfurt, Germany. The validation process for each model consists
of two steps. First, the model’s predictive power is assessed by the
use of the exact parameter values suggested by the model developers.
The second step comprises the validation after calibrating the model
parameters to fit the present data best. In both cases, results of a
Monte Carlo simulation are compared to the measured behaviour,
and validation criteria are evaluated.

E.1

Introduction

In recent years, energy-related building standards have increased, and with them
the impact of occupant behaviour on the building energy consumption. Along
with tighter and better insulated building envelopes, the share of ventilation
losses has increased [E1]. Thus, especially actions on windows have a growing
relevance. Therefore, modelling window opening behaviour is an important part
of building performance simulation, in order to make adequate estimations on
1 Technical

University of Denmark
Aachen University
3 The University of Sheffield
2 RWTH
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the energy demand of a building. Various models for operations on windows
have been established. The majority of the more recent ones use a stochastic
approach in order to encapsulate the randomness of human behaviour over time
and among different occupants [E2, E3, E4, E5]. An important step in model
development is the validation process whose general idea is the comparison of
simulated results and measured data. Two different kinds of validation can be
distinguished. The comparison of simulation results and measured data in the
context of the training environment is denoted as internal validation throughout this paper. If, on the other hand, data from an independent environment
is used to test the model, we speak of external validation. Depending on the
purpose and scope of the model, the definition of an independent environment
might vary from just a temporal shift up to different occupants and dwellings
[E6]. If the model formulates high generality, evaluation by the use of external data is necessary. Model performance can be affected by several factors,
such as the type of dwelling, type of occupants, as well as climatic or cultural
aspects. Therefore, assessing the accuracy of the model only in the training
environment can lead to an overestimation of the model’s performance on independent environments. Without external validation, it remains unclear to
what extent a developed model can be applied to environments other than the
ones they were trained on. In literature, only few models have been externally
evaluated. [E7] use a graphical approach to check simulation and prediction
data against each other for an application of the Humphreys algorithm [E8].
They compare the proportion of occupied days with windows open. [E9] assess
several window opening models based on data from two Swiss dwellings and one
Japanese dwelling. Applying each data set as training and validation set once,
they demonstrate the models’ robustness in the European case. However, they
also find that when applied to other climatic circumstances, the models are not
better than chance. [E10] validate different logistic regression models [E4] for
actions on windows based on data from residential buildings in Denmark. The
authors use fifteen dwellings to train the model. Ten further dwellings serve as
validation set. Subsequently, discrimination criteria and the number of actions
on windows were used for evaluation. In the work of [E6], validation methods for
occupant behaviour are summarized. Furthermore, they add approaches from
other fields of research, such as medicine. [E3] introduce several window opening
models and rigorously evaluate them by the use of internal means and by comparison with predictions from other models applied to the same dataset. [E11]
externally test the same models, originally trained in a Swiss building (LESO),
by simulations on an independent building in Austria. A partial double blind
evaluation is carried out, meaning that the model parameters calibrated for one
building are tested by data from the other building and vice versa. No significant degradation in performance was found using the external data. The authors
state that a more comprehensive and widespread database can help to evaluate
behavioural models in different contexts. They list construction type, climate
zone, and building control type as possible quantities which need to be varied in
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order to test the robustness of model validity. The contribution at hand can be
seen as a further step in this direction. It evaluates two of the models introduced
by [E3] using data recorded in a modern office building, located in Germany,
with high energy standards and a sophisticated passive ventilation system. In
total, data from sixteen office rooms, recorded over a period of two years, are
used within this study. The evaluation process of the models consists of two
steps. First, they are tested using the exact regression parameters suggested by
the developers, i.e. calibrated to data of the Swiss building. In a second step,
the model performance is assessed after parameter calibration to the independent German dataset. In both cases, simulations are carried out and validation
criteria are obtained. The remainder of this work can be outlined as follows.
A first step comprises the description of the evaluated models. Following this,
the building and its control features are described; and the recorded data is
explained. Subsequently, the validation process is explained, and the results are
presented and discussed.

E.2

Models

The models evaluated in this work are two window opening models for the use in
dynamic building performance simulation, introduced by [E3]. Both models use
environmental variables such as temperatures and precipitation as well as occupancy patterns as input. The model development was based on almost seven
years’ data from the Solar Energy and Building Laboratory (LESO-PB) experimental building located in Switzerland. The data comprises measurements of
fourteen south-facing office rooms, occupied by one or two persons. Every office
has two windows which can be tilted or opened manually.

E.2.1

Markov model

In the first model, the probabilities for window opening and closing are calculated by logistic regression in each time step. The probabilities are derived only
on the basis of the conditions prevailing at the previous time step. Therefore, the
model assumes a Markov-property [E12], meaning that the occupant behaviour
is memoryless. This model is thus denoted as Markov model in the following.
[E3] find in their data that interactions occur at relatively far higher frequencies
on arrival and departure than during intermediate presence. Therefore, the formulation of transition probabilities differs for actions on arrival, continued presence and departure. The model is inhomogeneous in the sense that transition
probabilities are recalculated in every time step. The structure of the Markov
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model can be found in equations (E.1) to (E.6= where Logit(p) = log(1/(1−p)).
The explanatory variables included in the model comprise indoor air temperature θi n, the outdoor air temperature θout , the ongoing presence duration Tpres
and the daily mean outdoor air temperature θout,dm . Additionally, the equations contain binary (dummy) explanatory variables fabs,prev , fabs,next , fR and
fGF which are set to one if the office has been unoccupied for the preceding
eight hours, if the office will be unoccupied for the following eight hours, if it
rains, and if the office is not on the ground floor, respectively. Furthermore, a,
bin , bout , bpres , bout,dm , babs,prev , babs,next , bR and bGF are the corresponding
regression parameters whose original estimates can be found in the work of [E3].
Additionally, the regression parameters were calibrated to fit the model to the
validation data. The results are displayed in Table E.7 and Table E.8. In the
algorithm, a potential state transition is simulated by comparing the transition
probability with a standard uniformly distributed number (i.e. a random number between 0 and 1). Only if the probability exceeds the random number is
the transition realized. This way, a discrete sequence of open or closed window
states is created.
Logit(P01,arr ) =a + bin θin + bout θout + babs,prev fabs,prev + bR fR

(E.1)

Logit(P10,arr ) =a + bin θin + bout θout

(E.2)

Logit(P01,int ) =a + bin θin + bout θout + bpres Tpres

(E.3)

Logit(P10,int ) =a + bin θin + bout θout

(E.4)

Logit(P01,dep ) =a + bout,dm θout,dm + babs,next θabs,next + bGF fGF

(E.5)

Logit(P10,dep ) =a + bin θin + bout,dm θout,dm + babs,next fabs,next + bGF fGF
(E.6)

E.2.2

Hybrid model

The second model is a hybrid of the model described above and a survival
analysis model [E13]. The window opening probabilities are calculated as in the
Markov model. But now once a window is opened, the duration for which it
will survive in this open state is estimated from a Weibull distributed random
variable. During this time, the window stays open regardless of the evolving
environmental conditions. After that, the window status is set to ‘closed’ and
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Figure E.1: Occupancy averaged over two years and all sixteen offices with
99% confidence band.

the Markov process restarts. The survival function of the Weibull distribution
for non-negative times t is given in equation (E.7).

Sweib (t) = exp(−(λt)α )

(E.7)

On the basis of the observed opening durations in the training LESO data, values
for shape parameter α and scale parameter λ were estimated. The corresponding
values are given in Table E.2. Outdoor temperature was found to be the best
single predictor for window opening durations. Figure E.2 shows the graphs of
the fitted Weibull survival function for different values of θout . Additionally,
the figure displays the distributions’ corresponding expected values; to be read
as the x-axis values of the red dots. Taking a closer look at the shapes of the
survival functions, it is clear that the expected durations are highly sensitive
to high outdoor air temperature. For θout = 25◦ C, the mean duration takes a
value of 1847 minutes.

For a detailed description of this model and the implementation into building
simulation tools, see [E3]. A third variant introduced by the authors models
window opening behaviour as a Bernoulli process, meaning that the window
states are predicted independently from their previous state. This variant was
not considered in this work.
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Figure E.2: Weibull distribution survival functions for different outdoor air
temperatures and corresponding expected values (red dots).

E.3

Description of the Building

The dataset used for external validation in this work originates from sixteen
single or two-person offices of a naturally ventilated office building in Frankfurt,
Germany, built in 2002 [E14, E15]. All offices considered in this study are
located above the ground floor and are directed eastwards or westwards.

Passive ventilation The offices are all connected to an atrium located in
the centre of the building. In summer, a natural night ventilation system is
used. During the night, skylights in the façade and towards the corridor open
automatically. This forces warm air in the central atrium to rise and escape the
building through an air duct in the roof. At the same time, cool air from the
outside flows into the building.

Windows The main windows can be operated manually, whereas for the
façade skylights the occupants use a remote control panel. They also can choose
an intermittent ventilation of three minutes by pressing another button. The
corridor skylight opens whenever the façade skylight opens. All windows have
a heat transfer coefficient of 1.4W · m−2 · K −1 (frame included) and an overall
energy transmittance of g = 0.38.

Lighting Lighting is, daylight and presence driven, automatically controlled.
A floating ceiling panel (sail) provides direct and indirect lighting.
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Blinds All sixteen offices have external venetian blinds which are automatically controlled by illuminance. After an intervention through the occupant the
automatic control is off for two hours.

Occupancy The usual working hours are from 8 a.m. to 6 p.m. with a lunch
break around midday. The occupancy averaged over two years and all sixteen
offices is depicted in Figure E.1.

E.4

Description of the Data

The data which served as validation set for this work originates from the building
described above. Occupancy states as well as window states were recorded along
with the indoor air temperature over a period of two years in sixteen offices.
Additionally, environmental variables such as outdoor air temperature and the
occurrence of precipitation were recorded by a weather station located on the
roof of the building. A fully open window cannot be discriminated from a
tilted window in the data. The data is available as ten minute intervals for
all variables. The models evaluated in this work are trained on a data set of
five minutes resolution. Hence, all probabilities given by [E3] correspond to a
window action in an interval of five minutes. In order to apply the models to
the validation set, the probabilities need to be transformed as follows,

P10 = 1 − (1 − P5 )2

(E.8)

where P5 and P10 are the probabilities of an action to occur in a five and ten
minutes interval, respectively. See appendix for explanation.

E.5

Model Validation Methods

The general idea of external model validation is to train a model on one set
(training set) and validate its performance by the use of a second, independent
set (validation or test set). The model evaluation process carried out in this
work can be described as follows. First, the two models were implemented with
the proposed regression parameters. Using the Frankfurt data as input, one
hundred simulation runs of two years and all sixteen offices were then carried
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out. The simulated window states were compared to the measured ones by
the use of different validation criteria described in this section. Furthermore,
empirical distributions of respective error functions were derived.

E.5.1

Model-specific criteria

The models presented in this work are not meant to make accurate short-term
predictions of the window states but rather to create realistic time series of
openings and closings that reproduce the real occupants’ behaviour as a function of the environmental conditions. To evaluate if the synthetic sequences of
window states adequately represent real behaviour, the following criteria were
used in the analysis.
• Overall open ratio – proportion of time a window is open given that the
office is occupied.
• Number of actions per day – number of transitions from closed to open or
open to closed per day.
• Median opening duration – median of all durations a window was open.
The median average was chosen over the mean in order to reduce the
influence of very long opening durations.

E.5.2

Discrimination criteria

Since the model outcome is binary, it can be interpreted as a binary classifier that
maps elements of a set into two classes, on basis of predefined indicators. Discrimination criteria are metrics that evaluate the performance of such a binary
classifier by assessing its ability to map an element into the right class. They
are deduced by comparison of observed and simulated dichotomous outcomes.
Simulation results may be classified in four groups: an outcome predicted as
positive is truly positive (True Positive, TP) or actually negative (False Positive, FP, also type I error); an outcome predicted as negative is truly negative
(TN), or actually positive (False negative, FN, also type II error). This leads
to the definitions listed in Table E.1, where true corresponds to open and false
to closed.
Discrimination criteria allow for a good understanding of the ability of a model
to correctly discriminate between periods of e.g. open or closed windows. However, these indicators should be considered in combination as it is not possible
to faithfully summarise this ability in a single figure.

E.5 Model Validation Methods

189

Table E.1: Discrimination Criteria
True positive rate (Sensitivity)
TPR = TP/(TP+FN)
proportion of correctly predicted open out of all truly open
True negative rate (Specificity, or 1-FPR)
TNR=TN/(FP+TN)
proportion of correctly predicted closed out of all truly closed
Positive predictive value (Precision)
PPV = TP/(TP+FP)
proportion of correctly predicted open out of all predicted open
Accuracy
ACC = (TP+TN)/(P+N)
proportion of correct classifications
F1 Score
F1 = 2TP/(2TP+FP+FN)
harmonic mean of precision and sensitivity
Table E.2: Parameters of Weibull distribution before and after fitting to the
Frankfurt data

E.5.3

α

λ

Original

0.4185

1/ exp(2.123 + 0.1727 · θout )

After fitting

0.5879

1/ exp(4.3083 + 0.0637 · θout )

Parameter Fitting

During the process of this work, the logistic regression parameters were reestimated in order to fit the logistic functions to the recorded data of the survey
in Frankfurt. The estimations were carried out by the use of the glm (generalized
linear model) function in the statistic software R ([E16]) as well by the Python
([E17]) package SciPy. Both ways generated the same results. Table E.7 and
Table E.8 show the estimates as well as the corresponding Nagelkerke’s R2
measure.
For the closing probability on departure there were not enough data points to
adequately fit the parameters. It was chosen to apply the closing probability
of intermediate presence in the Markov algorithm instead. Even though the
best predictors for the data at hand might differ from the ones chosen in the
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Table E.3: Summer temperatures in Lausanne and Frankfurt ([E18, E19])
Daiy mean [◦ C]
Lausanne Frankfurt
June
July
August
September

17.8
20.3
19.7
15.8

17.8
20.0
19.5
15.2

Average high [◦ C]
Lausanne Frankfurt
22.4
25.0
24.4
19.8

23.1
25.5
25.1
20.3

original models, model selection is out of scope of this paper. Scale parameter
λ and shape parameter α of the Weibull distribution for estimating the window
opening durations were re-estimated as well, using the survival library in R. The
results can be found in Table E.2.

E.6

Results

For the described models, outdoor temperature is one of the main drivers for
actions on windows. Figure E.3 shows the proportion of windows open as a
function of outdoor air temperature given that the corresponding office was occupied. A 95% normal confidence band is added. The upper graph originates
from the work of [E3] and corresponds to the LESO building whereas the data
of the lower graph originates from the Frankfurt building. A similar curve can
be observed in both cases. The number of open windows increases until an
outdoor air temperature of about 25◦ C is reached. For higher temperatures,
the proportion of open windows decreases. A significant difference lies in the
maximum peak, which takes a value of 70% open windows for the LESO data
and only 45% for the Frankfurt data. This difference might be related to the effective ventilation concept in the Frankfurt building (night cooling, intermittent
ventilation by button use) or to the fact that openings of the façade skylights
were not considered. Neither was the influence of noise considered. Table E.3
shows that the climatic summer conditions of the two locations are similar. An
influence of different weather conditions can therefore most likely be excluded.
In the following, the results of one hundred simulation runs of the two described
models using the Frankfurt data as model input are presented. Figure E.4 shows
the empirical error distributions of the overall open ratio, number of changes
per day and mean opening duration based on model input originating from the
validation data.
In this figure, the original regression and Weibull parameters were used. In
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Figure E.3: Proportion of windows open when occupied against outdoor temperature for the LESO data (top) and the Frankfurt data (bottom).
Table E.4: Median values and errors of 100 simulations
Model

Overall percentage
of time open [%]

Number of changes
per day [-]

Median
opening
duration [h]

Measurements
Markov
Markov after fit
Hybrid
Hybrid after fit

20.0
1.3 (-18.7)
3.0 (-17.0)
14.9 (-5.1)
33.3 (+13.3)

7.7
9.7 (+2.0)
22.6 (+14.9)
5.5 (-2.2)
14.0 (+6.3)

1.17
0.17
0.17
1.83
1.67

(-1.0)
(-1.0)
(+0.66)
(+0.5)
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Figure E.4: Empirical error distributions of different validation criteria for the
hybrid model

Table E.4, the median vales, out of one hundred simulation runs, of the used
validation criteria are displayed. The number in parentheses are the corresponding deviations from the measured data. The table shows results for both models
before and after fitting to the Frankfurt data. It can be seen that the three validation criteria do not consistently improve after calibration. In most cases the
median error is even higher for the fitted parameter. For the hybrid model, the
overall open ratio error increases by 8 percentage points. The number of actions
per day error increases by 12.9 for the Markov model. The only improvement
is a 0.16 hours lower median opening duration error for the hybrid model.
The discrimination results of Markov and hybrid model, before and after fitting
to the Frankfurt data, are shown in Figure E.5 and Table E.5. It can be observed
that the Markov model does not perform much better than a model which
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Figure E.5: Discrimination.

predicts only closed window states. Specificity and accuracy are high due to
the fact that, in the recorded data, the ratio of closed window states is much
higher (90 %) than the ratio for open window states (10 %). The Markov model
classifies about 98% of the window states to be closed and therefore predicts
correctly in most of the cases. However, the low value of sensitivity shows that
the model is not able to reproduce the intervals of open windows in the data.
By contrast, the hybrid model identifies 25 % of the truly open windows by
the use of the parameters suggested by [E3], and even 37% after the parameter
fitting to the Frankfurt data. In both cases, the value of specificity is relatively
high as well. The F1 score is significantly higher for the hybrid model. Figure
E.6 shows the results in ROC space.

Table E.5: Discrimination results

Always closed
Markov
Markov after fit
Hybrid
Hybrid after fit

Sensitivity

Specificity

Accuracy

F1 Score

0.00
0.03
0.03
0.25
0.37

1.00
0.98
0.99
0.83
0.67

0.90
0.89
0.89
0.77
0.64

0.00
0.05
0.04
0.19
0.18
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Figure E.6: Simulatiion results of Markov and hybrid model in ROC space

E.7
E.7.1

Discussion
Model performance

In general, in this study the hybrid model performs better than the Markov
model. The latter underestimates overall open ratio and median opening duration. The fact that it shows a higher accuracy is due to the skewed data structure, meaning that open window states occur much rarer then closed ones. Even
a model that would simply predict only closed window states would reach an
accuracy of 90 percent in this case; but this would fail outright to encapsulate
interaction dynamics, which are increasingly important during warm weather
spells. In contrast, the results of [E11] show that, applying the models to an
office building in Hartberg, Austria, the Markov model performs better in terms
of the F1 score (Table E.6). By looking at the chosen validation criteria, we have
seen that the model performance did not improve after calibrating the model
parameter to the test set. Low values of goodness of fit parameters indicate
that the best predictors for the LESO data might not be best for the Frankfurt
building.
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Also the shorter monitoring period and the lower temporal resolution in the
Frankfurt data might contribute to the unsatisfactory goodness of fit results.
Table E.6: Comparison of F1 scores of Frankfurt and Hartberg data

E.7.2

F1 Score

Frankfurt data

Hartberg data

Markov
Markov after fit

0.05
0.19

0.21
0.09

Simulating indoor temperature

Throughout the validation process, the measured indoor air temperature was
used as input for the simulation of stochastic time series of window states. However, indoor air temperature is not a pure input to the model. It is influenced
by the window state as an open window results in a convective heat flow which
changes the room temperature. Yet there will be no feedback on this temperature when prior measured data is used as simulation input. This might affect
the results in case the measured and simulated window states do not overlap. If
the indoor temperature is warmer than desired but the measured window state
is closed, the simulated window might be open for a longer period than realistic
as it gets no feedback of a cooling effect for its driver indoor air temperature.
On the other hand, the measured window state might be open, cooling down
the measured indoor temperature, which then prevents the simulated window
from opening at all in case it is not open in the first place. That is why ideally
a coupled thermal solver calculates the room temperature in every time step,
as is the case when the models are implemented in practice. Tests on the simulating the indoor temperature by a grey box RC model were carried out in the
process of this study. However, due to the lack of information about the exact
building structure, heating and internal gains, the estimation were not sufficiently accurate. Furthermore, it is difficult to isolate errors originating in the
thermal prediction model from errors that are ascribed to the window opening
model. Therefore, it was decided to use the measured indoor temperature for
all simulations.

E.8

Conclusion

Two stochastic window opening models were evaluated by the use of an independent data set. The presented hybrid model performed better than the
Markov model, even though another study shows different results. Calibrating
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the model parameters to the validation set did not significantly improve the
model performance, according to the evaluation criteria used here. This would
tend to support previous claims that models estimated from training data from
one context can robustly predict behaviours in another, provided that this other
context falls within the scope of applicability of the underlying model. But it
may also indicate that the explanatory variables of the original model are not
the best predictors for this new context, as no model selection was carried out
in this work. To decide on the magnitude of error that is acceptable for window
opening models of the kind examined here, further work is required.
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Table E.7: Fitted regression parameters for opening probabilities
Arrival (RN = 0.0646)

Estimate

p-value

a
bin
bout
babs,prev
bR

−3.186 ± 0.610
−0.031 ± 0.029
0.050 ± 0.006
1.151 ± 0.075
−0.156 ± 0.145

1.74e − 07
0.278
< 2e − 16
< 2e − 16
0.285

Intermediate (RN = 0.0030)

Estimate

p-value

a
bin
bout
bpres
bR

−1.934 ± 0.373
−0.108 ± 0.017
0.019 ± 0.003
5.259E − 4 ± 1.447E − 4
−0.080 ± 0.073

2.25e − 07
3.38e − 10
1.66e − 11
0.000278
0.273279

Departure (RN = 0.0399)

Estimate

p-value

a
bout,dm
babs,next

−6.002 ± 0.397
−0.019 ± 0.027
−2.442 ± 1.025

< 2e − 16
0.472
0.017
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