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ABSTRACT

The building sector is responsible for a significant share of global greenhouse gas emissions, contributing to anthropogenic global warming. To
“decarbonize” cities effectively, interventions on different spatial scales —
from the building to the neighborhood to the city — have to be evaluated in
terms of trade-offs and synergies. Urban building energy models (UBEM)
are promising tools for planners and decision-makers. However, these tools
are relatively new and many considerations regarding their appropriate
complexity and level of detail are topics of ongoing research.
This doctoral dissertation examined one critical aspect for UBEM — the
occupant presence modeling approach for the urban scale. Occupants are
one of the most influential factors for the energy performance simulation of
individual buildings. However, in UBEM, occupant presence and behavior
is often treated in a simplified way for various reasons. The overarching
question driving this research is whether these simplifications potentially
undermine the suitability of UBEM for energy system planning purposes.
Novel data-driven occupant presence models were developed and compared to the status-quo approach to address this question. The objective of
this thesis is to propose and examine alternative approaches for occupant
presence in UBEM by using urban-scale data sources.
First, in chapter 2, the literature on occupant behavior modeling approaches in UBEM was reviewed. Existing approaches were categorized
into space-based and person-based approaches and assessed in terms of
their capabilities to include diversity among spaces and persons of the same
category. The typical approach to model occupant behavior in UBEM was
deterministic, space-based, and non-diverse. Often, standardized assumptions per building use-type were used.
Then, in chapter 3, the use of environmental data collected by wearable
internet of things sensors in Singapore was examined. A clustering technique was developed to determine the air-conditioning exposure of the
sensors. It was demonstrated how this kind of data could be used to inform
data-driven urban occupant behavior models.
Later, in chapter 4, the use of location-based services data in the form
of Google Maps popular times was examined. Context-specific average
occupancy profiles for commercial buildings in different U.S. cities were
created. The Earth Mover’s Distance and a set of energy-related features
v

were proposed for the comparison of these profiles. It was found that datadriven profiles were significantly different from standard assumptions and
that differences between cities exist.
Finally, in chapter 5, data-driven urban occupant presence models were
developed and applied to a UBEM case study in Singapore. Diverse urban
occupant presence models assigned randomly chosen profiles from a large
data-set of observations to individual buildings. Non-diverse models assigned the same profile to all buildings. It was found that the model choice
significantly impacted the UBEM simulation results relevant for district
cooling system design. For the context of the case study, it was advised to
use diverse models and run multiple simulations for the purpose of district
cooling system design.
Overall, the advantages of using data-driven approaches for occupant
presence in UBEM was demonstrated. Context specificity was shown to be
important because the occupancy profiles for different cities were found
to be different. Similarly, diversity was found to be important because
observed differences in occupancy profiles of buildings of the same use-type
significantly impacted the urban energy demand predicted by UBEM. Both
of these aspects cannot be addressed with the current standard assumptions
and might therefore result in misinformed decision-making. Data-driven
approaches provide excellent opportunities to further research and refine
occupant behavior models, contributing to making UBEM valuable tools to
plan a low-carbon future.
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Z U S A M M E N FA S S U N G

Der Gebäudesektor ist für einen bedeutenden Anteil der globalen Treibhausgasemissionen verantwortlich und trägt zur anthropogenen globalen
Erwärmung bei. Um Städte effektiv zu “dekarbonisieren”, müssen Interventionen auf verschiedenen räumlichen Ebenen — vom Gebäude über
die Nachbarschaft bis hin zur Stadt — im Hinblick auf Trade-offs und
Synergien bewertet werden. Urban Building Energy Models (UBEM) sind
vielversprechende Instrumente für Planer und Entscheidungsträger. Diese
Instrumente sind jedoch relativ neu, und viele Überlegungen hinsichtlich
ihrer angemessenen Komplexität und ihres Detaillierungsgrades sind Gegenstand laufender Forschung.
Diese Dissertation untersuchte einen für UBEM kritischen Aspekt — den
Ansatz zur Modellierung der Gebäudebelegung und des Nutzerverhaltens
auf städtischer Ebene. Das Verhalten der Gebäudenutzer ist einer der einflussreichsten Faktoren für die Simulation des Energieverbrauchs einzelner
Gebäude. In UBEM wird das Nutzerverhalten jedoch aus verschiedenen
Gründen oft sehr vereinfacht berücksichtigt. Die übergeordnete Frage, die
dieser Forschung zugrunde liegt, ist, ob diese Vereinfachungen die Zweckdienlichkeit von UBEM für die Planung von Energiesystemen potenziell
beeinträchtigen. Dazu wurden neuartige datengestützte Gebäudebelegungsmodelle entwickelt und mit dem klassischen Ansatz verglichen. Das Ziel
dieser Arbeit ist es, alternative Ansätze vorzuschlagen und zu untersuchen,
indem Datenquellen von städtischem Massstab verwendet werden.
Zuerst wurde in Kapitel 2 die Literatur über Modellierungsansätze für
das Nutzerverhalten in UBEM rezensiert. Bestehende Ansätze wurden in
raum- und personenbasierte Ansätze kategorisiert und hinsichtlich ihrer
Fähigkeit bewertet, die Diversität zwischen Räumen und Personen der
gleichen Kategorie einzubeziehen. Der klassische Ansatz zur Modellierung
des Gebäudenutzerverhaltens in UBEM ist deterministisch, raumbasiert und
nicht divers. Häufig wurden Standardannahmen pro Gebäudenutzungstyp
verwendet.
In Kapitel 3 wurde dann die Verwendung von Umgebungsdaten untersucht, die durch tragbare Internet of Things-Sensoren in Singapur erfasst
wurden. Es wurde eine Clustering-Technik entwickelt, um zu bestimmen,
inwiefern die Sensoren einer klimatisierten Umgebung ausgesetzt waren. Es
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wurde aufgezeigt, wie diese Art von Daten verwendet werden könnte, um
datengestützte Modelle für das Verhalten von Stadtbewohnern zu speisen.
Später, in Kapitel 4, wurde die Verwendung von Daten aus Location-based
Services in Form von Google Maps Popular times untersucht. Es wurden kontextspezifische durchschnittliche Belegungsprofile für Gewerbegebäude in
verschiedenen U.S.-Städten kreiert. Für den Vergleich dieser Profile wurden
die Earth Mover’s Distance und eine Reihe von energierelevanten Eigenschaften vorgeschlagen. Es wurde festgestellt, dass die datengestützten Profile
signifikant von den Standardannahmen abweichen und dass Unterschiede
zwischen den Städten bestehen.
Schliesslich wurden in Kapitel 5 datengestützte Modelle für die städtische
Gebäudebelegung entwickelt und auf eine UBEM-Fallstudie in Singapur
angewandt. Modelle mit Diversität in ihren Belegungsprofilen wiesen einzelnen Gebäuden zufällig ausgewählte Profile aus einem umfangreichen
Datensatz zu. Modelle ohne Diversität wiesen allen Gebäuden dasselbe
Profil zu. Es stellte sich heraus, dass die Modellwahl die für die Auslegung
von Fernkältenetzen relevanten UBEM-Simulationsergebnisse erheblich
beeinflusste. Für den Kontext der Fallstudie wurde empfohlen, verschiedene Modelle zu verwenden und mehrere Simulationen zum Zweck des
Fernkältesystemdesigns durchzuführen.
Insgesamt wurden die Vorteile der Verwendung datengestützter Ansätze
für das Nutzerverhalten in UBEM aufgezeigt. Die Bedeutung von Kontextspezifität konnte aufgezeigt werden, da Gebäudebelegungsprofile in
verschiedene Städten Unterschiede aufwiesen. Die Bedeutung von Diversität konnte nachgewiesen werden, weil Unterschiede in Belegungsprofilen
von Gebäuden mit derselben Nutzung die städtische Energiebedarfsprognose durch UBEM erheblich beeinflussten. Diese beiden Aspekte können mit
den klassischen Standardannahmen nicht berücksichtigt werden und könnten daher zu fehlerhaften Entscheindungsfindungen führen. Datengestützte
Ansätze bieten ausgezeichnete Möglichkeiten zur weiteren Erforschung
und Verbesserung von Modellen für das Nutzerverhalten und tragen dazu
bei, UBEM zu einem wertvollen Instrument für die Planung einer klimafreundlichen Zukunft zu machen.
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1
INTRODUCTION

1.1

motivation and background

In 2007 the population of the world became more urban than rural for
the first time. In 2018 already 55% of humankind was living in urban
areas, and the urbanization process is expected to continue for decades [1].
The International Energy Agency (IEA) estimates that these urban areas
are directly or indirectly emitting 70% of the global CO2 [2], contributing
significantly to anthropogenic global warming.
The building sector is roughly responsible for one-third of these emissions
and is the second-largest contributor after the industrial sector. Buildings’
emissions are caused mostly upstream by electricity generation, but also,
depending on the regional climate, from direct use of fossil fuels for space
heating [2].
In order to “decarbonize” cities, technology choices on the building level
are important tools [3, 4]. While concepts like zero-energy buildings are
technically feasible in urban areas in different climate zones [5, 6], limiting
factors such as high urban densities and limited on-site renewable potentials
make integrated solutions on the district-scale promising.
Such solutions, like district heating, district cooling, and smart electricity
grids, aim at using the different building use-types and geometries in the
district to their advantage. These district systems allow the utilization of
excess heat or cold or the sharing of renewable energy sources between
buildings. For new developments or urban redevelopments, it might even
be possible to shape the city in a way that the energy systems’ performance
is positively impacted. For this reason, energy-driven urban design concepts [7] are aimed at including energy as a design parameter for future
cities.
To evaluate and plan such district-scale energy concepts and to add energy as an urban design parameter, appropriate models, methods, and tools
are needed. Such tools should integrate urban design, building performance
simulation, on-site energy potential assessment, and district energy system
simulation.
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1.1.1

Urban building energy models for low-carbon cities

Previous research has demonstrated that only the integrated planning of
urban transformations makes it possible to attain to self-imposed societal goals like the 2000 Watt society [8]. This need for advanced planning
and decision-making tools fostered the research and development of urban building energy models (UBEM) [9]. UBEM are typically bottom-up
physics-based models with the ability to predict spatio-temporal building
energy demand patterns based on geometry inputs and data or expert
assumptions on typical construction parameters, building systems, and
occupant behavior. Together with the on-site energy potential assessment,
these spatio-temporal energy demand patterns are then used to design
efficient, low-carbon district energy systems.
Methods and tools for computer-based building energy modeling (BEM)
and simulations are well-established. In fact, computer simulations of heat
transfer in buildings originated during the Cuban missile crisis in the 1960s,
when no analytical solutions were available to predict the temperature and
humidity in densely occupied and poorly ventilated underground survival
shelters during hot summer days [10].
In principle, it is possible to upscale the BEM approach to UBEM. However, some areas require special attention. Frayssinet et al. [11] identified
three reasons why simulating urban building energy demand is more complex than the energy demand of single buildings. One of them is modeling
the occupant behavior, especially considering the diversity of occupant behavior on the urban scale, leading to temporal variability in energy demand
patterns. The other two reasons are the modeling of the interactions of
buildings via the urban microclimate and the large amount of information
needed about the buildings, such as their geometry, construction properties,
and building system properties. Arguably, the last concern does not apply
to the urban design stage, while the other two are always relevant. Current
approaches of occupant behavior modeling on the urban scale mostly rely
on standardized assumptions for a limited number of building use-types
and might, therefore, limit the usefulness of UBEM. To investigate the
interactions of diverse occupant behavior and UBEM simulation results, the
topic of this thesis is the data-driven modeling of occupant behavior for
UBEM in mixed-use districts.

1.2 problem statement and research questions

1.1.2

Building energy modeling and occupant behavior on the urban scale

Occupants and buildings interact in various active and passive ways.
Energy-related occupant behavior models commonly consist of a set of
sub-models. Presence and movement models constitute the basis on top of
which action models are formulated. Action models can further be divided
into adaptive actions and non-adaptive actions [12, 13]. Adaptive actions
refer to occupants reacting to discomfort in their indoor environment, for
example, by opening or closing windows, turning lights on or off, or adjusting the temperature of the air-conditioning. Non-adaptive actions refer
to energy consumption that is not directly related to indoor comfort, such
as the use of electrical appliances or hot water.
All of these models rely on the prediction of occupant presence, stating
how many occupants are present in a specific building or space within a
building, and — in the case of person-based models — who they are. While
advanced building-scale models exist to predict the presence and movement
of individual occupants in sub-spaces of residences or offices [12], the
common modeling approach for UBEM is the use of deterministic schedules
on the space or the building level [14, 15]. Standardized, representative
values of such schedules have been published for different building usetypes by professional associations in the field, such as the American Society
of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) or
the Swiss Society of Engineers and Architects (SIA) [16, 17]. In the absence
of other models or data, practitioners and researchers often refer to these
standards. Given that most occupant behavior models have been developed
for offices and residences, other building use-types are usually modeled
using standards. Especially on the urban scale, where mixed-use case
studies may include various building use-types, standard assumptions are
often the modelers’ choice. This approximation of representative behavior
might, however, undermine the argument of diversity in energy demand
patterns in the district, which is considered to be one of the main drivers
that make district energy systems attractive and efficient solutions for the
decarbonization of the building sector.
1.2

problem statement and research questions

On the one hand, UBEM are intended to predict high-resolution spatiotemporal energy demand patterns for supply system design purposes. On
the other hand, they rely on simplifying assumptions to reduce their high
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data requirements. This seems to be a mismatch between the expected
deliverable of UBEM and their current capabilities. A hypothesis is that
the simplified treatment of occupants might have a significant impact on
UBEM simulation results. Subsequent decision-making processes might
be influenced as well, potentially leading to wrongly-sized systems or
sub-optimal technology choices. However, the opposite might also be true.
There is a persistent argument in the building-scale literature that averaging
effects justify the use of simplified models if the scale of the simulation is
large enough [18, 19]. Only by comparing different modeling approaches
can these claims be confirmed or rebutted.
The objective of this thesis is, therefore, to provide insights on what might
be the appropriate approach to model occupant presence in UBEM for the
purpose of strategic energy supply system planning and energy-driven
urban design. For this reason, a data-driven approach, incorporating the
ability to consider diversity among buildings of the same use-type, shall be
developed and tested for different application purposes.
The driving research questions in this thesis are:
1. What are existing and potential options to model occupant presence
and behavior in UBEM?
2. How can data from multiple portable environmental sensors be processed and analyzed to infer occupants’ exposure to different climatic
environments?
3. How can aggregated location data from mobile devices be processed
to create context-specific building occupancy profiles and what methods are suitable to compare these data-driven profiles to standard
assumptions and among each other?
4. How does diversity in building occupancy profiles influence the
energy demand and supply at the district scale?
1.3

research overview

The major contribution of this research is the first insight into the potential
implications of next-generation, data-driven building occupant presence
models for the urban scale. Hence, this thesis contains mainly theoretical
groundwork and explorative research on promising data sources. The
specific contributions are introduced in the following subsections.

1.3 research overview

1.3.1

Literature review

The first literature review on the specific topic of occupant behavior modeling in UBEM has been published as part of this thesis. The review confirms
that the status-quo of occupant presence modeling in UBEM is the use
of standardized schedules and that no advanced models for building usetypes other than residential and office had been established. Furthermore,
those advanced models for residences and offices were often defined on the
person-level and based on extensive data collections in the specific local
context, resulting in limited applicability for generally-formulated UBEM.
Other researchers in the field [20] have adopted the proposed categorization
of models into space-based and person-based approaches.
1.3.2

Using IoT data to determine occupants’ air-conditioning exposure in urban
areas

The second contribution of this thesis is an analysis of data from portable
Internet of Things (IoT) devices to extract information on people’s energyrelated behavior in Singapore. Portable sensors constitute a potential novel
data-source that could inform urban occupant behavior models. In 2015
over 43,000 students in Singapore carried a small sensor device to collect
environmental data for one week. A soft clustering approach is used to
detect whether the students were exposed to an air-conditioned or a non-airconditioned environment. Temperature and relative humidity measurement
data is fitted to a Gaussian Mixture Model representing two regions on the
psychrometric chart. With this method the daily air-conditioning (AC) exposure is determined and the shares of AC usage in the students’ residences
can be approximated.
1.3.3

Using LBS data for urban occupant presence

Another integral part of this thesis is the exploration of potential global data
sources to inform the development of novel occupant presence models for
the urban scale. It is demonstrated that location-based services (LBS) data
can be collected and processed to generate context-specific occupancy profiles for publicly-accessible building use-types, such as retail and restaurant
buildings. It is also proposed and demonstrated that the method of Earth
Mover’s Distance is useful for comparing occupancy profiles analytically. By
using this method, it is shown that in the context of North America, average
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occupancy profiles do vary from city to city. The data used as example is
the popular times data from Google Maps [21].
1.3.4

Quantifying the impact of diversity in building occupancy profiles on
district energy demand and supply

The final contribution of this thesis is the application of data-driven urban
occupant presence models in an UBEM case study simulation in Singapore.
Context-specific LBS data was collected to study the impacts of diversity in
restaurant and retail building occupancy profiles onto the various UBEM
simulation results in a high-density mixed-use future district. It was found
that diversity is relevant for district energy system planning in the specific
context of the case study. For other UBEM simulation purposes, such as
the energy or greenhouse gas (GHG) emission benchmarking of the district
or the prediction of the renewable energy integration potential, simplified
models were satisfactory.
1.4

scope and context

This dissertation is written in the context of the Multi-scale Energy Systems
(MuSES) for Low Carbon Cities research project, which is a part of the
Future Cities Laboratory (FCL) program at the Singapore-ETH Centre.
MuSES’ research aimed at leveraging synergies between urban development,
urban design, and energy systems for the efficient and sustainable supply
of energy in cities.
While the methods developed in this work are general, the application
case focuses on high-density mixed-use future districts in tropical climates.
The specific case study is part of a larger effort at FCL concerned with
scenario analysis for a large urban transformation project in Singapore.
In the context of MuSES and related projects in the same professorship,
complementary research on the interplay of urban design, occupant behavior, energy demand, and building-scale and district-scale supply systems
have been published by Zhongming Shi [7], Shanshan Hsieh [22], and
Martín Mosteiro-Romero [23, 24].
Two conference contributions, which are not part of this thesis, have
been published. They cover the topics of urban building energy modeling
methods [25] and the interplay between urban form and urban solar energy
potentials in Southeast Asia from a life cycle assessment perspective [26].

1.5 organisation of the thesis

1.5

organisation of the thesis

Chapter 2 is an extensive literature review on occupant behavior modeling approaches for UBEM. It categorizes existing methods and tools in
two dimensions into deterministic vs. probabilistic and space-based vs.
person-based models. It identifies multiple strategies used to incorporate
diversity. It also identifies the status quo approach for mixed-use districts as
non-diverse deterministic space-based models, based on standard assumptions for the building-scale. Chapter 3 explores a potential data source for
energy-related occupant behavior models. Data from the National Science
Experiment [27] in Singapore is analyzed to determine AC usage patterns.
Chapter 4 explores a potential data source for the next generation of datadriven occupant presence models for the urban scale. Commercial buildings’
hourly relative popularity based on LBS data was collected for different
cities in North America. The average data of different cities was compared
to the respective standard assumptions for occupant presence, as well as
to each other. Chapter 5 presents a study on the impacts of diversity in
building occupancy profiles on energy demand and supply simulations
with UBEM. For a case study in Singapore, context-specific, data-driven
diverse and non-diverse urban occupant presence models were created
and the results of different stages of the UBEM simulation process were
assessed. Finally, Chapter 6 concludes the thesis.
Chapters 2, 4, and 5 have been published in peer-reviewed journals.
Chapter 3 is a peer-reviewed conference contribution. See page 195 for the
references.
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2
A R E V I E W O N O C C U PA N T B E H AV I O R I N U R B A N
BUILDING ENERGY MODELS

Urban building energy models aspire to become key planning tools for the
holistic optimization of buildings, urban design, and energy systems in
neighborhoods and districts. The energy demand of buildings is largely
influenced by the behavior of the occupants. The insufficient consideration
of occupant behavior is one of the causes to the “performance gap” in
buildings - the difference between the simulated and the actually observed
energy consumption. On the urban scale impacts of different occupant
behavior modeling approaches onto the various purposes of urban building
energy models are still largely unknown. Research shows that the inappropriate choice of occupant behavior model could result in oversized district
energy systems, leading to over-investment and low operational efficiency.
This work therefore reviews urban building energy models in terms of their
occupant behavior modeling approaches. Three categories of approaches
are established and discussed: (1) deterministic space-based approaches,
(2) stochastic space-based approaches, and (3) stochastic person-based approaches. They are further assessed in terms of their strategy to consider
diversity in occupant behavior. Stochastic models, especially stochastic
person-based models, seem to be superior to deterministic models. However, there are no stochastic models available yet that can be used for case
studies of mixed-districts, comprising buildings of various occupancy types.
In the reviewed urban-scale approaches, only single-use residential or office
districts are modeled with stochastic techniques. However, people interact
with various buildings on a daily basis. Their activities relate to their presence in different spaces at the urban scale and to their use of appliances
in those spaces. Their individual levels of comfort and behavioral patterns
govern the control actions towards building systems. Therefore, a novel
activity-based multi-agent approach for urban occupant behavior modeling
is proposed as alternative to current approaches.

Happle, G., Fonseca, J. A., & Schlueter, A. (2018). A review on occupant behavior in urban
building energy models. Energy and Buildings, 174, 276–292. doi:10.1016/j.enbuild.2018.06.030

9

10

chapter 2: literature review

2.1

introduction

Urban areas house more than half of the global population and cities are
responsible for more than 70% of the global carbon dioxide emissions. At
the same time, cities are crucial actors in the transition towards sustainable
energy supply [28]. Urban districts and communities play an important
role in the implementation of building energy efficiency policies and lowcarbon energy supply and distribution systems [29]. The extent of required
information on the building stock status, however, makes it difficult to
obtain useful data about energy consumption in buildings. Time consuming
monitoring campaigns to collect measured data of high granularity, suitable
for scenario analysis or the evaluation of policies, are often infeasible [30].
Urban-scale building energy modeling aims to tackle this challenge by
generating the required data via simulation.
2.1.1

From building-scale to urban-scale energy models

Urban-scale modeling tools are becoming increasingly available. They are
expected to become a key planning tool to seek the most effective energy
policies and strategies at the neighborhood, district and city levels [9, 30,
31]. Bottom-up physics-based engineering [32–35] urban building energy
models (UBEM) [9] forecast the performance of several dozens to thousands
of buildings. The approach of UBEM is to apply physical models of heat
and mass flow in and around buildings to predict operational energy uses
as well as indoor and outdoor environmental conditions for groups of
buildings [9]. Bottom-up engineering UBEMs are more versatile than statistical models, and allow planners to quantitatively assess retrofit strategies
and energy supply options [36]. Integrated with urban form generation
such models can be used in an early stage of planning for energy-driven
urban design [7]. This is a concept that uses urban design parameters, such
as density and land use (building occupancy types) to achieve a better
performance of the district energy systems.
For this type of models, typically building-scale methods and models
are directly scaled up to multiple buildings with little or no modifications.
However, the switch from building-scale to district-scale is not just the
simple aggregation of buildings due to the complex interactions within
the urban fabric [37]. Physical properties such as building design, district
layout and the local microclimate influence the energy demand of a district
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as well as occupancy-related properties like building indoor conditions and
socioeconomic factors [38].
2.1.2

Urban building energy modeling for energy systems planning and urban
planning

Many of these emerging urban-scale models are largely demand-focused,
in that the purpose of modeling is to predict annual energy demand of
buildings and quantify the efficacy of energy saving retrofit measures.
The authors’ research focus, however is a different one. We are using
energy demand predictions of highly dense mixed-use districts with urban
energy supply systems in mind. We propose to use urban building energy
models for two main purposes: (1) for the planning and optimization of
urban energy systems and (2) for the planning and optimization of urban
development.
To optimize supply systems, considering control strategies like peak
shaving and load shifting, spatiotemporal patterns of energy demand in
the district are needed. The spatial aspect is of significance because thermal
systems, such as district heating or cooling networks have spatial constraints.
To identify advanced concepts of supply, such as the heat cascade [39] or
the cold cascade, information about the spatiotemporal usage patterns of
buildings in the district are needed.
To make use of concepts of energy-driven urban design [7], we need
to understand how cities change with people, i.e., how scenarios of demographic and socioeconomic changes impact the future energy demand
patterns of a district and with it the requirements for district energy supply
and distribution systems. This is important given the long planning time
horizons of district infrastructure. The official “London Heat Network Manual” for example recommends to aspire to a 50 year life-span for properly
designed and installed heating networks [40].
2.1.3

Key challenges in simulating on the urban-scale versus the building-scale

Simulating spatiotemporal patterns of building energy demand at urbanscale is more complex than at building-scale. On the one hand large amounts
of information about built structures are needed and the urban environment of each building has to be considered, while on the other hand also
the diversity of occupant behavior at the urban-scale influences the spatiotemporal patterns of energy demand [11]. It is for example well known

11

12

chapter 2: literature review

that the maximal total power demand in a district is different from the
sum of the individual buildings’ maximal power demands [41]. For a case
study in China An et al. [42] demonstrated that oversimplified assumptions
about occupant behavior leads to a significant overestimation of the peak
cooling loads resulting in the design of oversized, inefficient district cooling
systems.
A key difference between building-scale and urban-scale energy modeling are the various system interactions that should be considered in urban
contexts [43]. They include interactions between buildings and their surroundings and interactions between buildings and occupants. One such
interaction, that seems to be somewhat overlooked until now in urban building energy modeling, is the interaction of single occupants with multiple
buildings in the district. E.g., an occupant that is absent from an office at
lunch time is likely to be present in a restaurant nearby. Such considerations
are common in land-use and transport modeling and simulation [44].
On top of that, building-scale energy modeling rarely considers the long
time spans of urban development in which changes in socioeconomic boundary conditions could change occupant behavior and thus impact buildings’
energy demand. In residential electric load curve models for the planning
of electric infrastructure for example, scenarios of socioeconomic evolutions
and behavioral changes of occupants are commonly considered [45].
Occupant activities and behavior, their diversity and their evolution over
time should therefore be looked at in the context of urban building energy
modeling.
2.1.4

Occupant behavior - one reason for the performance gap

Occupant behavior is one of the main reasons for systematic discrepancies
between the calculated or expected energy demand in buildings and the actual energy consumption - the performance gap [35, 46]. The cause is related
to the use of unrealistic input parameters regarding occupant behavior and
facilities management in building energy models [46] and the high sensitivity of occupant behavior parameters [47]. In a recent model that generates
detailed thermal energy demand profiles at the district level, the behavior
of occupants was the most important variable [48]. Especially heating and
cooling set point temperatures, which directly relate to occupant comfort
preferences and behavior are some of the most influential parameters in
simplified building stock models [49] and bottom-up engineering urban
building energy models [23].

2.1 introduction

First research that looks at the interdependencies between occupant behavior and urban design showed that age and family structure of occupants
should be considered when designing low carbon residential districts. For
a case study based on surveys and building energy simulation in China
Ruan et al. [50] found that the energy demand of older occupants is more
affected by urban design parameters (Floor Area Ratio, Building Coverage
Ratio, and Aspect Ratio) as a result of their higher heating energy demand.
2.1.5

Occupant behavior in urban-scale building energy models

Different aspects of occupant behavior are usually modeled separately. Occupant presence models, which are often called occupancy models, describe
the presence, absence and movement of occupants in spaces. Occupant
action models describe various types of adaptive and non-adaptive behavior, such as adjusting blinds, opening windows, switching lights, and the
use of appliances. Occupant activity models link presence and activities
of occupants and can consider the use of appliances, lighting or water
related to these activities [51, 52]. Recently, extensive reviews about existing models, the current state-of-the-art research and future challenges for
occupant behavior modeling on the building-scale have been published [12,
13, 53–55].
Urban building energy models typically use databases of archetypical
construction properties or define a number of prototypical reference buildings. Archetypes and reference buildings are usually classified according
to their occupancy type and contain typical occupant behavior properties.
Often, a building occupancy type is primarily distinguished by its occupant
presence schedule [56].
The main concerns with occupant behavior on the urban-scale are the
diversity among buildings of the same occupancy type, that should be
accounted for to obtain realistic energy demand patterns [57, 58] and the
impacts of behavioral changes over time onto building energy demand [35].
Preliminary research on urban-scale occupant behavior models concludes
that stochastic approaches, rather than deterministic, should be considered
when high resolution temporal behavior and realistic peak loads are important [42, 59, 60]. On the other hand, for studies based on monthly or yearly
energy consumption, the effect of human behavior might not be significant
due to averaging effects [60]. In their review on building stock modeling
Brøgger & Wittchen [35] speculate that it might not be necessary to model
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the energy demand of individual buildings exactly, but general trends of
socioeconomic and behavioral changes have to be captured.
Recent publications point out that appropriate occupant behavior models
and the impact of occupant behavior on energy use at various temporal and
spatial resolutions have to be further studied [42, 56]. This work aims to
be a contribution towards research on occupant behavior models for urban
building energy simulations.
The objective of this work is therefore to review, categorize and compare
occupant behavior modeling approaches used in bottom-up engineering
models for urban building energy modeling.
2.2
2.2.1

categorization
Selection criteria

This work aims at presenting a comprehensive review of occupant behavior
in urban building energy models. 43 publications between 2003 and 2017
are considered. Many use cases of such models require at least hourly
resolution energy demand profiles. That is why approaches that use a low
time resolution, defined here as a simulation time step larger than 1 hour,
are excluded.
We categorize the occupant behavior modeling approaches according
to two modeling techniques (deterministic vs. stochastic) and two levels
of granularity (space-based vs. person-based). Their combination would
in principle result in four categories, see figure 2.1. However, only three
were encountered. They are: (1) deterministic space-based approaches,
(2) stochastic space-based approaches, and (3) stochastic person-based
approaches. These three categories were further divided into sub-categories
according to whether they are able to account for inter-individual diversity
among spaces or persons, respectively. The modeling techniques, levels
of granularity and strategies for diversity are introduced in the following
sections.
2.2.2

Modeling techniques

We distinguish between two main occupant behavior modeling techniques
usually used for building performance simulations: Deterministic models
and stochastic models. In sections 2.2.2.1 and 2.2.2.2 the main characteristics
of the two are introduced.

2.2 categorization

Figure 2.1: Logic of the categorization of occupant behavior modeling approaches
in urban building energy models according to modeling technique
and level of granularity.

2.2.2.1

Deterministic models

Deterministic models include schedules and deterministic rule sets. To
model occupants’ presence and non-adaptive actions usually schedules
are used. Schedules, also called diversity factors, profiles, or typical load
shapes, are represented by numbers between zero and one. They relate
the variable consumption of appliances, lighting, etc. to its respective peak
consumption/installed power density or the number of occupants present
in a certain space to its design capacity/occupant density. Different sets of
24-hour schedules for weekdays, weekends and other sets of important daily
variations are usually based on monitored data or a mix of engineering
methods and data monitoring [61]. Examples are schedules of occupant
presence, lighting use, appliance use, etc. for every hour of a typical day.
They are usually published in standard calculation procedures for building
energy demand, e.g. [62, 63], or building science literature, e.g., [64–67].
To model occupants’ adaptive actions in buildings deterministic rule sets
can be used. Deterministic rule sets assume direct causal links between
certain drivers and an action. E.g., occupants open windows as a function
of a fixed indoor air temperature threshold or according to a minimum
required ventilation rate. They are often implicitly included in building
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energy models, e.g., [25]. Deterministic models result in fully repeatable
and predictable behavior without any variation.
2.2.2.2

Stochastic models

Stochastic occupant behavior models typically sample from statistical distributions to predict the likelihood that certain situations or actions occur.
They take into account correlations between observed behavior and environmental stimuli or the occurrence of specific events, e.g., the arrival of an
occupant in the space or the clock time. Stochastic occupant presence models are usually based on first-order Markov chain techniques. A variety of
residential active occupancy models based on time-inhomogeneous Markov
Chain Monte Carlo techniques exist [51, 58, 68–70]. Their transition probability matrices are commonly derived from local time-use survey (TUS)
data, describing human activities in form of a journal. Residential activity
chain models are usually also based on TUS data. They stochastically model
the daily activities of household members, e.g., [52]. Activities can be linked
to power demand of lights or appliances used during a certain activity. With
this approach it is possible to generate residential electric load, gas, and water usage profiles [71–76] as a function of household demographics. Office
occupant presence models based on Markov Chain techniques are usually
derived in a similar way from measured occupancy data [77–79]. Action
models for environmental controls, e.g., window openings [80], lights [81]
or thermostat adjustments [82] employ various stochastic methods and rely
usually on sensor or observation data. By predicting probabilities of actions
these models capture more variations in behavior and they can include
behavior that cannot be explained by external, objective variables, such as
e.g., indoor air temperature or daylight illuminance.
Recent publications for the building-scale researched on the sensitivity
of simulation results to modeling techniques [19] and the effects of using
stochastic models for occupant presence at different spatial scales within
a single-use building [18]. They concluded that reliable estimations of
real occupant behavior are more important than the question of modeling
technique [19] and that for a large number of buildings deterministic models
suffice due to the averaging effects of stochastic models [18]. However, both
studies focused on annual energy demand and single building peak loads
and not on temporal characteristics of aggregated load patterns.

2.2 categorization

2.2.3

Levels of granularity

We distinguish between two levels of granularity in occupant behavior
modeling approaches: Space-based and person-based approaches. The main
characteristics of the two are introduced below.
2.2.3.1

Space-based approaches

Space-based approaches directly model the impact of aggregated occupant
behavior in a space of a certain category. A space in an urban building
energy model could be an archetypical building, or a thermal zone or a
functional zone inside a building, depending on the spatial resolution of
the overall model. Examples of space-based approaches include models for
occupant presence, space heating and cooling controls and ventilation rates
for typical space occupancy types in building energy modeling standards,
e.g., [62, 63]. The output of space-based approaches are e.g., the number
of occupants present in a space, the status of a heating system in a space
or the aggregated electrical power consumption of appliances in a space.
Space-based approaches are governed by space-based model parameters,
e.g., the nominal occupant density, the heating set point temperature, or
the installed appliance power density.
2.2.3.2

Person-based approaches

Person-based approaches model every individual’s presence, activities and
actions. The outputs of person-based approaches are e.g., the presence of
a specific person in a certain space, the control action of a specific person
towards the heating system, or the appliance used by a specific person.
Person-based approaches are governed by the individual characteristics
and behavioral patterns of each person-category (e.g., full time employed
resident, part time employed resident, unemployed resident, etc.). The
aggregated presence and actions of all persons in a certain space yield the
same model output as a space-based approach. Examples of person-based
approaches include the agent-based stochastic occupancy simulator for
office buildings by Chen et al. [83, 84].
2.2.4

Strategies for diversity

As introduced in section 2.1.3 the inter-individual diversity of occupant
behavior is of concern at the urban-scale. Following the observations by

17

18

chapter 2: literature review

O’Brien et al. [85] and Haldi [86] on the building-scale, we consider three
general strategies to account for inter-individual occupant diversity on
the space-level or person-level: (1) the use of measured data for simulation (e.g., real occupant densities for individual buildings), (2) the use of
distinct models for distinct person-types (e.g., active and passive occupants) or space-types (e.g., residential space with high appliance power
density and low appliance power density), and (3) the use of a general
model with metamodels that define the model parameter distributions (e.g.,
occupant densities for individual buildings sampled from a probability
distribution). Novel statistical models that consider inter-occupant diversity
on the building-scale include e.g., the models by Haldi et al. [86, 87] for
occupant actions on windows, shading and lighting in office and residential
environments.
We primarily distinguish between approaches that do not consider diversity and approaches that do consider diversity by any of the possible
strategies. We encountered diversity in space-based as well as person-based
modeling approaches using deterministic as well as stochastic techniques.
We sub-categorize the three occupant behavior modeling approach categories into non-diverse and diverse approaches and describe the chosen
method to consider diversity.
2.2.4.1

Diversity in space-based approaches

Variations of all three strategies were encountered in space-based approaches: The use of real data, e.g., building occupant density in [43],
the use of discrete space typologies, e.g., the use of discrete sets of appliances in residences [41], and the use of probabilistic distributions of
model parameters. One way of obtaining such parameter distributions is
by automated calibration of occupant behavior model parameters. There
are three techniques for the automated calibration of bottom-up building
energy models: meta-modeling, optimization, and Bayesian calibration [57,
88]. Studies that use Bayesian calibration [36, 89] characterize each parameter undergoing calibration as a probability distribution. Each realization
of such a model will therefore contain a different set of parameters. This
is equivalent to diversity strategy 3. On the other hand, Studies that use
optimization calibration [90] result in a unique but constant value of each
parameter. This is very similar to using actual data for simulation, i.e.,
diversity strategy 1. Calibration with meta-modeling, involving the creation
of a simplified surrogate model, has not been encountered in the review
process.

2.3 models

2.2.4.2

Diversity in person-based approaches

In person-based approaches we only encountered variations of diversity
strategy 2. Persons are assigned typical behavioral patterns according to
their observed prevalence in surveys using clustering methods e.g., [42,
91]. Approaches considering synthetically sampled persons or persons
exhibiting changing or emerging behavioral patterns were not encountered.

Figure 2.2: Logic of sub-categorization of urban occupant behavior modeling
approaches according to their level of diversity.

2.3

models

Figure 2.3 shows the number of publications in each category and subcategory per year. It includes journal, books and conference publications.
The first models emerged in 2003/2004 in Japan using stochastic personbased approaches. It seems that urban building energy modeling became
popular in 2015, with deterministic space-based occupant behavior models
as overwhelming majority of approaches. Also since 2015 more and more
approaches consider diversity in behavior. The following sections 2.3.1, 2.3.2
and 2.3.3 describe and discuss each of the three categories.
2.3.1

Deterministic space-based approaches

Urban building energy models and tools that use deterministic space-based
approaches often focus on the automated generation of building models
from 2D GIS or 3D CAD data in conjunction with databases of archetypical construction and typical occupant behavior. They use detailed multi-
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Figure 2.3: Number of publications on urban building energy modeling per year
in each category and sub-category of occupant behavior modeling
approach.

zone (EnergyPlus, eQuest, DOE-2 or IDA-ICE) building energy simulation
tools or simplified existing (Modelica AixLib, HASP) or custom thermal
resistance-capacitance-models (R-C-models). Their space-based deterministic occupant behavior models often use standard schedules of building
energy standard calculation procedures such as ASHRAE 90.11 [62, 92] or
SIA 20242 [63]. Alternatively, they use predefined reference building energy
models from the U.S. Department of Energy (DOE)3 [93, 94] ready available
as EnergyPlus models. One study uses the occupant behavior model of
commercial software another one extracts schedules from measured data.

1 The American Society of Heating, Refrigerating and Air-Conditioning Engineers compiled
various schedules in [92] that were later published in the Guidebook for the building performance calculation method in Standard 90.1 - Energy Standard for Buildings Except Low-Rise
Residential Buildings [62].
2 The Swiss Society of Engineers and Architects published room-level standard occupant
presence, lighting and appliance use schedules as well as HVAC settings for various building
functions to be used in the standard calculation procedure of ISO 13790 - Energy performance
of buildings - Calculation of energy use for space heating and cooling [63].
3 The U.S. Department of Energy Commercial Reference Building Models contain detailed
deterministic occupant behavior schedules [93, 94].

2.3 models

2.3.1.1

Deterministic space-based approaches without diversity

Urban building energy models with deterministic space-based approaches
without diversity are listed in table 2.1. All models and tools are briefly
introduced in this section.
Heiple & Sailor [95] simulate 22 commercial building prototypes and
8 residential building prototypes to obtain hourly, spatial anthropogenic
heat emission profiles. Schedules for occupancy, lighting, internal loads and
HVAC systems are based on ASHRAE and the National Renewable Energy
Laboratory (NREL) benchmark definitions [92, 110].
Kämpf & Robinson [96] present the CitySim tool. According to [97] deterministic rules and schedules describing occupants’ presence and behavior
are implemented. In a case study, envelope retrofit strategies are optimized.
Caputo et al. [30] simulate the annual final energy consumption for
heating, cooling, domestic hot water, cooking, and lights and equipment
of 56 reference buildings with EnergyPlus. Two building occupancy types,
residential and office, are diversified in terms of internal loads, air changes
and occupant presence schedules obtained from context-specific literature.
The model is used to assess the potentials of building envelope and system
retrofits.
The urban modeling interface (UMI) by Reinhart et al. [98] couples building geometries to EnergyPlus. Cerezo Davila et al. [31] auto-generate multizone thermal models of around 100000 buildings with UMI. A set of 52
archetypes for 4 periods of building age and 13 building occupancy types4
is considered. Occupancy-related parameters including internal peak loads
for equipment and lighting use, HVAC system settings and usage schedules
are defined for each archetype based on ASHRAE standards. Hourly load
profiles of electricity and heating fuel usage are produced for the hottest and
the coldest day of the year. Three mixed-use neighborhoods are selected for
a study on demand response operation strategies of district energy systems,
including the controlled manipulation of HVAC set point temperatures.
Orehounig et al. [99] use EnergyPlus to generate hourly space heating
demand by simulating one representative building for 6 categories differing
in occupancy type and age of building. Schedules of occupant presence
and appliance use according to building occupancy type are taken from
SIA. The results are used to assess the integration potential of distributed
energy systems at neighborhood-scale, the evaluation of the retrofitting

4 Residential, Retail, Office, School/Daycare, Medical/Lab/Production, Fire/Police, Convention/Assembly, Supermarket, Hotel, Restaurant, Worship, Garage, Warehouse/Storage
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category study / tool

implemented occupant behavior submodels

origin of
sub-models

no. ocbuilding
cupancy simulation
types
engine

source

1A

Heiple &
Sailor

presence,
lighting, appliance
and HVAC use

ASHRAE,
NREL

12

eQuest, DOE- [95]
2

1A

CitySim

presence,
behavior rulesa

n/a

n/a

custom R-Cmodel

[96, 97]

1A

Caputo et al.

presence,
internal loads,
ventilation

literature

2

EnergyPlus

[30]

1A

UMI

presence,
lighting, appliance
and HVAC use

ASHRAE

13

EnergyPlus

[31, 98]

1A

Orehounig
et al.

appliance and lighting SIA
use

3

EnergyPlus

[99]

1A

CEA

presence,
lighting, appliance
and HVAC use,
hot water use

16

R-C-model
[8, 23,
based on ISO 25, 29,
13790
100]

1A

TEASER

presence,
SIA
lighting and appliance
use

3

Modelica
AixLib

[101–
103]

1A

CityBES

occupant presence,
lighting, appliance
and HVAC use

DOE

2

EnergyPlus

[104–
106]

1A

Params-NZP occupant presence
lighting, appliance
and HVAC use,
hot water use

DOE,
customb

34

EnergyPlus

[107]

1A

Nageler et al. presence,
internal gains,
HVAC use,
window ventilation

SIA, IDA ICE 4

IDA ICE

[108]

1A

Ahmed et al.

presence,
lighting, appliance
and HVAC use,
hot water use,
activity level,
clothing level

DOE

6

EnergyPlus

[109]

1A

Wu et al.

presence,
lighting, appliance
and HVAC use,
hot water use

SIA

1

EnergyPlus

[4]

a
b

SIA

"Behavior rules" not further specified.
14 types of army buildings not disclosed.

Table 2.1: Reviewed urban building energy modeling studies and tools that
use space-based deterministic approaches and do not consider interindividual diversity (sub-category 1A). Publications about the same
urban building energy model are combined in one row.
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potential, and the identification of the optimal mix of renewable energy
sources together with energy conversion technologies.
The City Energy Analyst (CEA) is a tool by Fonseca et al. [8, 29]. Geometric properties of buildings are combined with occupancy-related properties
from an archetypes database. The combination of 16 building occupancy
types5 , 6 construction periods and 6 renovation periods result in 172 building archetypes. Each building occupancy type is linked to an SIA standard
schedule of occupant presence, minimum ventilation rates, temperature
and humidity set points, and hourly electric load values for appliances,
lighting, server rooms and cold rooms. Additional values for local domestic
hourly water consumption are taken from literature. In [29] the simulation
results are used for studies of building retrofits and for the design of district
multi-energy systems. In [8] the tool is used to generate spatiotemporal
patterns of energy demand for four different scenarios of urban retrofit
(changing building form and occupancy types) on the same site. Based
on that, district energy supply systems are designed using optimization
methods.
The Tool for Energy Analysis and Simulation for Efficient Retrofit (TEASER)
by Remmen et al. [101] features a fully automated building model generation from geometry data and archetypical building properties. From the
geometry and occupancy type of a building, an interior design is estimated
based on thermal zones. Thermal zones are defined as aggregated areas
of similar user behavior and thermal conditions. Hourly schedules for
occupant presence and internal gains, divided into lighting and technical
equipment, are based on SIA standards. TEASER generates reduced order
building models in Modelica. For a university campus case study heat loads
for the period of 2020–2050 are predicted, considering a yearly retrofit rate.
In this way it can be ensured that the designed central heating systems will
not be over sized in future scenarios.
The tool of Nageler et al. [108] produces 2.5D IDA ICE building models
based on an archetype database according to building type and age. One
building is represented by maximum three vertical layered thermal zones.
Each zone corresponds to a different use. With the separation of the zones
according to different user profiles, different set points for the room air
temperature can be considered. The occupant presence model of IDA ICE

5 multiple dwelling unit, single dwelling unit, administrative, hotel, self-service restaurant,
restaurant, multipurpose hall, ice hockey stadium, sport arena, fitness studio, cold room, data
center, store/department store, supermarket, public building, deposit/garage
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is used6 . Occupant presence also controls the ventilation air exchange and
window opening behavior. The model is validated against annual measured
data for a case of a district heating network connected to a group of 69
buildings consisting of office, school and residential building occupancy
types.
Ahmed et al. [109] present a tool based on U.S. DOE EnergyPlus models
of reference buildings, including deterministic occupant behavior. In a case
study on the building stock of New York City each building is simulated
using an individual localized weather file from an urbanized weather
forecast model. Spatiotemporal energy demand patterns for heat wave and
non heat-wave days are compared.
Wu et al. [4] use EnergyPlus to generate hourly space heating and electricity demand profiles for 11 representative residential buildings. Deterministic
occupant presence schedules, heating set points, hot water, lighting, and
electricity demands are taken from SIA standards. Up to nine envelope
retrofit scenarios are considered for each representative building. The resulting energy demand patterns are used to simultaneously optimize the
building energy systems and envelope retrofits.
The City Building Energy Saver (CityBES) by Hong et al. [106] is a tool for
retrofit analysis of small and medium-sized office and retail buildings. Chen
et al. [104, 105, 112] present case studies using CityBES in downtown San
Francisco. EnergyPlus models are created from data on building footprint,
age, type, gross floor area, and number of stories, using the Commercial
Building Energy Saver Toolkit (CBES) [113]. CBES contains EnergyPlus models of prototypical office and retail buildings, including various envelope
and building system retrofit measures. Deterministic occupant behavior
models are based on the DOE reference buildings [113].
Params-NZP [107] is a tool based on EnergyPlus for the parametric analysis of communities. It was developed by the US Army Corps of Engineers
as a decision-making aid for Army planners and energy managers. The
collection of prototypical building models includes 14 Army building types,
16 commercial building types, and 4 residential building types. The tool
allows for building-level optimization and optimization of supply and distribution systems. The 16 commercial prototypical buildings are derived
from the DOE reference buildings. Details about Army and residential
building types and their occupant behavior models are not provided.

6 This is not further specified, but in IDA ICE the user can select from a set of predefined
occupant presence schedules with default smoothing applied [111]

2.3 models

2.3.1.2

Deterministic space-based approaches with diversity

Urban building energy models with deterministic space-based approaches
with diversity are listed in table 2.2. All models and tools are briefly introduced in this section.
The later models by Yamaguchi et al. [115] (see section 2.3.3 for the earlier
models) include up to 21 building-level and room-level occupancy types7 .
Deterministic electricity demand profiles for lighting and appliances is
given to each floor usage [116]. The approach is considering real data
for inter-individual diversity among spaces of the same occupancy type
in terms of occupant densities, as Yamaguchi et al. seem to model each
building individually based on site surveys (diversity strategy 1). In [115]
the model is used to evaluate building level retrofits, district energy system
designs and changes to urban form (replacing small prototypical buildings
with large ones). In [116] it is studied how the spatial distribution of
building forms and occupancy types in commercial districts influences
the district energy demand and how different designs of district energy
systems and building-level energy conversion systems impact primary
energy consumption and anthropogenic sensible heat release. In [117]
scenarios of building-level envelope, lighting, appliance and HVAC retrofits
are simulated to estimate the reduction potential of operational carbon
dioxide emission in a commercial district in Osaka.
URBAN-EPC is a tool by Quan et al. [43] which couples a simplified building energy model to a GIS platform. In their case study of Manhattan the
properties of the DOE commercial reference buildings are used. Occupant
densities for residential and commercial usages are taken from block-level
population and job census data. This corresponds to diversity strategy 1,
using real data to consider inter-individual diversity among spaces of the
same occupancy type. The tool’s intended use is to inform urban energy
policy making.
Suesser & Dogan [90] model three buildings on a university campus using
EnergyPlus. Appliance schedules are extracted from metered electricity
consumption and occupant presence schedules are based on SIA with
adjustments to start and end time according to the metered electricity data.
Occupant density and infiltration rate are calibrated to measured heating
energy consumption using optimization. The calibration yields significantly
7 office, retail, hotel, hospital in [115]; normal office, offices closing early, offices closing late,
office lobby, meeting room, data center, parking, hotel lobby, hotel restaurant, hotel conference,
hotel accommodation, hospital lobby, hospital medical treatment, hospital office, hospital
bedroom, conference, library, museum, restaurant, shop, vacant in [117]
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category

study /
tool

1B

implemented occupant behavior
sub-models

origin of
diversity strategy no. of
sub-models
occupancy
types

building
simulation
engine

source

Yamaguchi presence,
et al.
lighting, appliance and HVAC
use

custom

buildings modeled individually
(strategy 1)

4-22

HASPa

[115–
117]

1B

Urban-EPC presence,
lighting, appliance and HVAC
use

DOE

occupant density obtained
from census data
(strategy 1)

16

R-C-model
based on
ISO 13790

[43]

1B

Suesser &
Dogan

presence, appliance use

SIA,
measured
data

occupant den1
sity obtained by
optimization calibration (strategy
1)

EnergyPlus

[90]

1B

Cerezo et
al.

presence, lighting survey data occupant density, 1-4
and appliance use
HVAC settings,
lighting power
obtained by
Bayesian calibration (strategy
3)

EnergyPlus

[89]

1B

Sokol et al.

presence, lighting n/a
and appliance use

occupant density, 1
HVAC settings,
equipment power,
domestic hot
water obtained
by Bayesian calibration (strategy
3)

EnergyPlus

[36]

1B

DiDeProM

presence, lighting DOE
and appliance use

occupant density, 1
lighting power,
appliance power
obtained by random sampling
of parametric
models (strategy
3)

EnergyPlus

[48]

a

HASP/ACLD is a Japanese HVAC simulation tool based on the response factor (or weighting factor)
method [116].

Table 2.2: Reviewed urban building energy modeling studies and tools that use
deterministic space-based approaches and do consider inter-individual
diversity (sub-category 1B). Publications about the same urban building energy model are combined in one row.
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different occupant densities for the three buildings. This method of using
measured data and optimization can be considered as strategy 1 to account
for inter-individual diversity among spaces of the same occupancy type.
The model is used to study various retrofitting scenarios and the impacts
of climate change onto the buildings’ energy demand.
Cerezo et al. [89] address uncertainty related to the inter-individual diversity of occupant behavior by defining certain archetype parameters as
probability distributions rather than fixed deterministic values (diversity
strategy 3). They simulate 140 residential buildings with generic multi-zone
EnergyPlus models based on an archetypes database. Some occupant behavior model parameters are probabilistically defined according to probability
distributions estimated by Bayesian calibration to measured annual building energy consumption data. They are the cooling set point, the installed
lighting, and the buildings’ occupant density. Plug loads and the maximum
hourly domestic hot water consumption are modeled as linear functions of
occupant density. Schedules of occupants’ presence and use of appliances
are taken from context-specific literature and are not subject to the probabilistic modifications of archetypes. The simulation is used for potential
analysis of envelope retrofits in terms of yearly energy demand.
Sokol et al. [36] apply the methodology of Cerezo et al. [89] to a larger
sample of buildings. 8 archetypes (4 age bands determining envelope properties and 2 heating system configurations) are defined to study a low-rise
residential district. No details about the origin of the deterministic occupant
behavior models are provided. 6 selected uncertain parameters are defined as probability distributions: infiltration, heating set point temperature,
cooling set point temperature, occupant density, plug load and lighting
power density, and the domestic hot water flow rate. A Bayesian calibration
procedure against annual and monthly metered data is performed on a
training set of buildings. This leads to posterior distributions for uncertain
parameters on the district-scale, which are then used to simulate a different
set of similar buildings. The authors conclude that probabilistic archetypes
rather than fully-deterministic definitions result in a more realistic spread
of energy demands. Probabilistic archetypes allow the model to account for
inter-individual diversity of occupant behavior within buildings of the same
occupancy type. By performing multiple Monte Carlo simulations of such a
model, results are presented as probability distributions rather than single
values. This allows for example to predict the energy savings from a retrofit
measure with a confidence interval around the expected value. However,
the authors strongly advise against using such a model to generate hourly
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load data. Hourly load data is strongly correlated with occupant behavior,
and all buildings are using the same archetypical schedules. They state that
the time resolution of the calibration data set should be at least as high as
the time resolution of any analysis based on the urban model.
Another approach to introduce inter-individual diversity among spaces of
the same occupancy type is to vary occupant-behavior-related parameters
within certain bounds and randomly select simulated energy demand
profiles (diversity strategy 3). Kazas et al. [48] present a District Demand
Profile Model (DiDeProM). It a combines a fully deterministic building
simulation with a stochastic district demand profile generation method. A
detailed EnergyPlus model of a real building is simulated for 4 scenarios of
varying building orientation and shading and 75 scenarios of combinations
of infiltration rate, occupant density, installed lighting and appliances power
densities (total 300 scenarios). The deterministic schedules of occupant
presence and appliance and lighting use in the building model are based
on the DOE reference buildings [118]. In the second step, these normalized
demand profiles are assigned randomly to buildings of similar orientation.
The authors state that with this random selection uncertainties regarding
occupant behavior can be considered.
2.3.2

Stochastic space-based approaches

Urban building energy models that use stochastic space-based approaches
are listed in table 2.3. They couple building energy models to stochastic
space-based occupant behavior models from literature, such as the Richardson models [51, 76, 119].
Richardson et al. [51] define the term “active occupant” as a person who
is at home and not asleep and pioneered in the use of time-use survey (TUS)
data - using a journal to describe what people do and when. Their twostate active occupancy model is based on the first order non-homogeneous
Markov Chain Monte Carlo technique that generates synthetic data with
the same overall statistics as the original survey data. From UK TUS data
separate transition probability matrices were constructed for weekdays and
weekends and for different numbers of household residents (one to six
residents). This is assumed to better represent simultaneous state changes
in households, e.g. the whole family leaving the house at the same time.
Building up on this model Richardson et al. [76] present a domestic electricity demand model for individual dwellings based on the activities of the
occupants and their associated use of electrical appliances. A similar model

2.3 models

category

study /
tool

implemented
origin of
occupant behav- sub-models
ior sub-models

diversity strategy occupancy
type

building
simulation
engine

source

2B
(2A)

TEASER

presence,
lighting and
appliance use

HAVC settings,
number of occupants obtained
by Quasi-MonteCarlo method
(strategy 3)

residential

Modelica
AixLib

[120,
121]

2B

Bollinger & presence,
Evins
activities,
appliance use

residential

EnergyPlus

[41]

2B

He et al.

number of occu- residenpants obtained by tial
random choice
(strategy 3)

EnergyPlus

[60]

Richardson
lighting use
model [119]

Richardson
use of different
appliance use appliance sets
model [76]
(strategy 2)

active presence, RichardHVAC use
son active
presence
model [51]

Table 2.3: Reviewed urban building energy modeling studies and tools that use
stochastic space-based approaches without diversity (sub-category 2A)
and stochastic space-based approaches with diversity (sub-category
2B). Publications about the same urban building energy model are
combined in one row.

for residential lighting use was also developed by Richardson et al. [119].
These models will be called "Richardson active presence model", "Richardson appliance use model" and "Richardson lighting use model" for the rest
of this work.

2.3.2.1

Stochastic space-based approaches without diversity

Schiefelbein et al. [120] use the TEASER tool to generate building models of
an existing residential district with 248 old buildings. The aim of their case
study is to estimate the state of retrofit for district. Building models are
generated for different retrofit years. Annual stochastic profiles of occupant
presence, appliances and lighting use are generated with a modified version
of the Richardson active presence model [51].
2.3.2.2

Stochastic space-based approaches with diversity

In another case study by Schiefelbein et al. [121] TEASER is used to generate
and calibrate a model of a reference residential district. Autogenerated
building models and stochastic occupant presence and residential electrical
load profiles based on the Richardson lighting use model [119] are used to
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simulate the spatiotemporal thermal and electric energy demand patterns
of 55 buildings. The reference district model is calibrated via Quasi-MonteCarlo uncertainty analysis to measured thermal energy demand of the
district. One of the calibration parameters is the number of occupants per
thermal zone. This corresponds to strategy 3 (probabilistic parameters) for
inter-individual diversity. The electrical load of buildings is then used in an
electricity grid model of the district to simulate the operating conditions.
Bollinger & Evins [41] use a stochastic demand module, based on the
Richardson appliance use model [76] to generate different occupant presence and electricity demand data for 50 identical residential buildings with
different, distinct appliance sets. This corresponds to strategy 2 (distinct
models) for inter-individual diversity of spaces. This data is then used as
an input in EnergyPlus simulations to produce heat and electricity demand
patterns at one-minute time resolution. The results are used to design a
district multi-energy system.
He et al. [60] use the Richardson active presence model [51] in EnergyPlus
simulations of a residential neighborhood with 125 new buildings. 125
stochastic occupancy profiles are generated to derive the stochastic heating
patterns of different rooms according to actively-occupied hours, i.e., the
heating system is turned on when at least one occupant is present and
active. Each of these heating patterns is then randomly assigned to one of
the buildings. This corresponds to strategy 3 (probabilistic parameters) for
inter-individual diversity.
2.3.3

Stochastic person-based approaches

Urban building energy models that use stochastic person-based occupant
behavior approaches are listed in table 2.4. They often combine customdeveloped behavior models with models from building-scale literature.
Their models are typically very data intensive. They build upon measured
data or large-scale questionnaire surveys, like national time use surveys.
They are therefore limited to building occupancy types for which such data
is available, i.e., residential and office occupancy. The individual models
are introduced in this section.
2.3.3.1

Stochastic person-based approaches without diversity

For their district energy simulation model, Yamaguchi et al. [114, 122]
develop a detailed bottom-up energy demand model including stochastic
occupant behavior. They simulate the working states of commercial building

2.3 models

cate- study /
gory tool

implemented origin
occupant
of subbehavior
models
sub-models

diversity strategy

no. of
building building
occupant occusimulation source
types
pancy
engine
type

3A

Yamaguchi presence,
custom
et al.
activities,
appliance use

-

4

office

HASPa

3A

Shimoda
et al.

presence,
custom,
activities,
(SHASE)
lighting,
appliance
and HVAC
operation,
hot water use

-

8

residential

custom
[124–
R-C-model 126]
(HASP)

3A

SUNtool

presence,
appliance
use,
window
opening

n/a

officec

custom
[127]
R-C-model

3B

StROBe

presence,
custom,
activities,
literatured
lighting and
appliance
use,
hot water use

typical pres5
ence patterns,
space heating
settings from
clustering TUS
and large-scale
questionnaire
survey (strategy
2)

residential

Modelica
IDEAS

[91]

3B

SOB

presence,
lighting,
appliance,
HVAC and
window
operation

literaturee

typical cooling 3
set points, lighting control, window operation,
HVAC control
from clustering
large-scale questionnaire survey
(strategy 2)

residential

DeSTf

[42]

literatureb, custom

[114,
122,
123]

a

HASP/ACLD is a Japanese HVAC simulation tool based on the response factor (or weighting factor)
method [116].
The model of Page et al. [78] for occupant presence considering intermediate long absences.
c
assumed to be office as the model of Page et al. [78] was developed for office occupant presence.
d
The model of Richardson et al. [76] for activity-chain, appliance use and hot water use, the model of
Widén et al. [69] for lighting use.
e
The model of Wang et al. [79] for occupant presence and movement for zone to zone. The model of Wang
et al. [128, 129] was adapted for the operation of HVAC systems, lights and windows.
f
The Designer’s Simulation Toolkit (DeST) is a building energy modeling program based on a state-space
multi-zone heat balance calculation method developed in China [130].
b

Table 2.4: Reviewed urban building energy modeling studies and tools that use
stochastic person-based approaches without diversity (sub-category
3A) and stochastic person-based approaches with diversity (subcategory 3B). Publications about the same urban building energy model
are combined in one row.
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occupants. First, working hours are decided based on distribution functions.
Each occupant gets the time when he starts and ends work and the times
when he leaves to and returns from the lunch break assigned. During the
working hours the working state is determined by a homogeneous Markov
chain. Properties for four types of jobs (manager, clerk, sales, and engineer)
and four working states (using PC, not using PC, being out, and using
two PCs) are assumed to generate the transition matrices for the Markov
chain. The working states of each occupant are translated into a power
consumption and heat release from appliances. This approach is considered
to be non-diverse, as no inter-individual diversity in behavior among the
same occupant type is modeled. The model is used to evaluate options
for district energy systems design for two neighboring office buildings
of varying size and energy efficiency measures. The same model is used
in [123, 131] for envelope and building systems retrofit studies of 55 large
office buildings in a commercial district in Osaka. However, it is unclear
whether the original stochastic occupant behavior model is still used, as
“common operational conditions” were assumed for all buildings in [123].
In [124, 125] Shimoda et al. create 460 representative residential buildings
from 20 categories of buildings and 23 household types8 . Stochastic schedules of living activities are considered for each family member category9 .
The energy use for electric appliances, lighting and cooking are simulated
from occupants’ living activities at each time step. Detailed models of appliance dissemination10 in households and appliance electricity consumption
are developed. Later in [126] Shimoda et al. update their model’s simulation
of the occupant activity-chains. 380 representative buildings are created
from 19 household demographics categories and 20 residential building
types. For each of the 8 occupant categories11 the activity-chain is simulated in time steps of five minutes for 500 days of weekdays and holidays.
Simultaneous activities such as watching television while having a meal are
considered. For each household category, the activity-chain of each household member for a day is selected at random from the above mentioned
8 According to number of household members, family type of household and employment
status of husband and wife, e.g., 2 household members / aged mother and child / neither
husband nor wife is employed, or 6 household members / couple, children and parents /
Both husband and wife are employed, etc.
9 The simulation software ‘SCHEDULE’ developed by SHASE (The Society of Heating, AirConditioning and Sanitary Engineers of Japan) generates schedules of heating and cooling,
lighting and other energy use in dwellings from Japanese TUS data.
10 Active power consumption and stand-by power consumption of 23 appliances are considered.
11 The types employed male, employed female, housewife, elementary school student, junior
high school student, high school student, aged male, and aged female, correspond to the
Japanese TUS occupant categories.
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500-day schedules on a daily basis. Each living activity calculated by this
simulation is linked with the energy use of appliances and hot water use.
The probability of appliance use is also considered for each time period.
The location of each living activity is also identified to determine the energy
use for heating, cooling, and lighting of specific rooms. A fixed AC cooling
set point temperature for all occupants is assumed. This approach is considered to be non-diverse, as no inter-individual diversity in behavior among
the same occupant type is modeled. The model is used to study building
envelope efficiency improvements, appliance efficiency improvements, and
the influence of the urban heat island onto building energy demand. In
addition, the authors state that this model has the capability to examine
the effects of life style changes on energy consumption, as appliance use
is directly linked to occupants’ activities. They also state that by considering scenarios of changes in population demographics the model is able to
predict the change of energy consumption in the future.
SUNtool by Robinson et al. [127] includes and combines various stochastic
models for occupant presence, window opening, lights and shading devices,
electrical and water appliances, and waste produced for single buildings
or zones. The occupant presence model of Page et al. [78] is implemented.
The model of Page et al. [78] is a two-state (absent/present) single occupant,
single zone simulation for office spaces based on a time-inhomogeneous
Markov-chain interrupted by occasional periods of long absence. The transition probabilities are estimated based on aggregate measured occupancy. An
assumed parameter of mobility describes the probability of state changes.
An additional algorithm for the random start of a period of long absence is
executed at each time step. Aggregated hourly occupant presence values
produce loads that are considered in the building thermal model. For window opening, a behavioral model relating indoor environmental stimuli
with interaction probability is developed. Indoor temperature and pollutant
concentration are used to predict interaction probability. People already
present in a zone and new arrivals have distinct acceptability of indoor
pollutant concentration. People also have a random, normally distributed
higher or lower critical temperature limit of comfort. Interactions take place
when critical limits of the stimuli are reached, except when occupants are
about to leave for a long absence. The consumption of electrical and water appliances is simulated by using a set of stochastic rules depending
on the presence of occupants, switch-on probability profiles, exponential
distributions of use duration, and, for appliances with varying demand,
a Gaussian distribution of power demand. No interactions with HVAC
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systems are included. This approach is considered to be non-diverse, as
no inter-individual diversity in behavior among the same occupant type is
modeled. In one case study the building energy consumption as a function
of facade glazing ratio and urban street canyon proportions is studied. In
a another case the relationship between building form, urban form and
energy consumption is studied and options for on-site generation of solar
energy technologies are explored. SUNtool was further developed into
CitySim without keeping the stochastic occupant behavior models.
2.3.3.2

Stochastic person-based approaches with diversity

Baetens & Saelens [91] developed a stochastic residential occupant behavior
(StROBe) model for district energy simulations. It simulates plug loads, internal heat gains, thermostat settings and hot water use based on occupant
presence and activities. First a household composition is sampled according
to the distributions found in Belgian TUS data. 4 types of occupants are
distinguished12 . For each household member one of 7 typical occupant presence patterns13 is selected. A three-state stochastic active-occupancy model
(awake at home, asleep at home, and absent) is based on a heterogeneous
discrete-time Markov chain. The transitions are determined by event density
and a survival time density parameters for each of the typical presence
patterns. Residential activities, appliance use and hot water use is modeled
with an adaptation of the Richardson appliance use model [76]. Lighting
loads are modeled with the stochastic domestic lighting demand model of
Widén et al. [69]. For space heating behavior patterns an approach using
clustered questionnaire data from 15000 Dutch dwellings is developed 14 .
The most-active household member at a certain time step determines the
heating set point of the living area. In this way StROBe implements strategy
2 (distinct models) for inter-individual diversity in presence and space
heating behavior of persons of the same type. A two zone thermal model
representative of the Belgian building stock is used. The model is able to
produce district energy demand patterns with simultaneity and autocorrelation measures close to the respective design standards. The model is
12 Full time employed, part time employed, unemployed, retired, and minor.
13 The patterns were clustered from the Belgian TUS data by Aerts [132]. They are: Mostly at
home, very short daytime absence, short daytime absence, daytime absence, afternoon absence,
night-time absence, mostly absent.
14 6 out of 7 typical household heating behavior patterns including set point and set back
temperatures and the extent of heated spaces as described by Leidelmeijer & Van Grieken [133]
are considered. E.g., Pattern 3: 18.5°C if home and awake, 18.5°C if home and asleep, 15.0°C if
absent, day-zone-space and bathroom are heated.
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then used to quantify the uncertainty introduced by stochastic occupant
behavior on electrical district infrastructure design. Various scenarios of 5 30 identical residential buildings and different energy system configurations
consisting of PV systems and heat pumps are simulated.
An et al. [42] present a stochastic occupant behavior method (the SOB
method) to consider the behavior of multiple occupants for residential
district load prediction in China. The SOB method considers variability in
occupant presence, cooling set point temperatures and the operation of
HVAC systems, lighting and windows. For occupant presence and movement from zone to zone they adopt the approach of Wang et al. [79] originally developed for multi-zone office buildings. It combines time-related
events (e.g., reaching home) and stochastic movements from zone to zone
in a homogeneous Markov chain. The parameters of the model are the
expected proportion of time the occupants spend in every zone in the
apartment and the earliest, expected and latest time of each arrival and
departure from the apartment [79]. Six typical set of parameters based on
household size and type of occupants15 are extracted from a large-scale
questionnaire survey. Typical cooling set point distributions are derived
from the same survey. The approach of Wang et al. [128, 129] is adapted
for the operation of HVAC systems, lights and windows. Their conditional
probability model considers environment-triggered (e.g., action in response
to indoor temperature) and event-triggered (e.g., action when arriving at
home) control actions. Environment-triggered action probabilities are defined by three-parameter Weibull cumulative functions - increasing the
probability of actions with with increasing exceedance of the threshold
value. Probabilities of event-triggered actions are set to a constant value.
The case study model parameters are based on reference studies that are
not further specified and the authors’ assumptions. The frequency of four
to five typical behavior modes for each occupant action model (e.g., “AC
off when leaving living room", "AC off when sleeping", etc.) are extracted
from the questionnaire survey. For appliance loads deterministic schedules
are created for each combination of household and apartment type based
on experiments. For the case study in a residential district seven prototype
apartment energy models are created, a questionnaire is used to survey
the frequencies of each typical household composition and occupant behavior type. Stochastic sampling is used to assign household compositions
and occupant behaviors to each apartment in the district. In this way SOB
15 One office worker; Two office workers; Two retirees; Two office workers and one student; Two
office workers, one student, and one retiree; Two office workers, one student, and two retirees
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implements strategy 2 (distinct models) for inter-individual diversity in
presence and HVAC use behavior among persons of the same type. The energy demand of each apartment is simulated using the multi-zone dynamic
building simulation tool DeST [130]. The district cooling load pattern is
simulated and compared to measured data using three occupant behavior
modeling approaches: The SOB method, deterministic schedules from literature and a Chinese HVAC design standard method (assuming constant
internal heat gains and constant AC operation). Five relevant performance
metrics for district energy systems design and policy making are compared:
The total cooling load, the peak load (relevant for infrastructure sizing),
the load duration curve (relevant for conversion systems’ sizing), the load
profile (relevant for operation strategies) and the total load distribution
among households (relevant for policy making). The results show that
deterministic schedules and stochastic occupant behavior models can be
used to predict total cooling consumption. For peak load estimation only
the stochastic method is sufficient. The use of deterministic schedules results in a large error of 150%. None of the methods is able to accurately
reproduce the district load duration curve and the load profile. However,
the SOB method outperforms the two deterministic methods. Regarding
the load distribution, the SOB method predicts similar distributions as the
measurement data. Although only occupant behaviors of the majority of
the population in the district (no extreme behaviors) are considered.
2.4

discussion

2.4.1

Summary

Table 2.5 compares all reviewed urban building energy models in terms of
their capabilities to model different building occupancy types. Table 2.6 lists
the actual and intended modeling purposes of the reviewed publications.
Intended modeling purposes are often mentioned in the outlook sections of
publications.
2.4.1.1

Deterministic space-based approaches

Deterministic space-based approaches seem to be the primary choice of
developers of urban building energy modeling toolsets (CitySim, UMI, CEA,
TEASER, CityBES). These tools are usually capable of modeling various
building occupancy types. UMI and CEA offer the most comprehensive set
of building occupancy types by implementing standard occupant presence

source
Other

Warehouse

Assembly

Restaurant

Education

Lodging

Health

Retail

Office

category study/tool

Residential
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1A

UMI

[31, 98]

1A

CEA

[8, 29, 100]

1A

Heiple & Sailor

[95]

1A

Params-NZP

[107]

1A

Ahmed et al.

[109]

1A

Nageler et al.

[108]

1A

Orehounig et al.

[99]

1A

CityBES

[104–106]

1A

TEASER

[101–103]

1A

Caputo et al.

[30]

1A

Wu et al.

[4]

1A

CitySim

[96, 97]

1B

Urban-EPC

[43]

1B

Yamaguchi et al.

[115–117]

1B

Suesser & Dogan

[90]

1B

DiDeProM

[48]

1B

Cerezo et al.

[89]

1B

Sokol et al.

[36]

2B (2A)

TEASER

[120, 121]

2B

Bollinger & Evins

[41]

2B

He et al.

[60]

3A

Yamaguchi et al.

[114, 122, 123]

3A

SUNTool

[127]

3A

Shimoda et al.

[124–126]

3B

StROBe

[91]

3B

An et al.

[42]

Table 2.5: Building occupancy type categories considered in the reviewed occupant behavior modeling approaches. Publications are ordered according to their occupant behavior modeling approach category and the
number of included building occupancy types.
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Impact of deterministic vs.
stochastic occupant behavior
models onto demand patterns

Energy demand patterns for
district energy systems operation optimization

Energy demand patterns for
district energy
infrastructure design

Impact analysis of demographic or behavioral changes
onto energy demand

Impact analysis of urban
form onto energy demand

study/tool

Anthropogenic heat
generation patterns

category

Impact analysis of climate
effects onto energy demand
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Building retrofit
potential analysis
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source

1A

UMI

[31, 98]

1A

CEA

[8, 29, 100]

1A

Ahmed et al.

[109]

1A

Params-NZP

[107]

1A

CityBES

[104–106]

1A

TEASER

[101–103]

1A

Nageler et al.

[108]

1A

Heiple & Sailor

[95]

1A

CitySim

[96, 97]

1A

Wu et al.

[4]

1A

Caputo et al.

[30]

1A

Orehounig et al.

[99]

1B

Yamaguchi et al.

[115–117]

1B

Suesser & Dogan

[90]

1B

Urban-EPC

[43]

1B

DiDeProM

[48]

1B

Cerezo et al.

[89]

1B

Sokol et al.

[36]

2B (2A) TEASER

[120, 121]

2B

Bollinger & Evins

[41]

2B

He et al.

[60]

3A

Yamaguchi et al.

[114, 122, 123]

3A

SUNTool

[127]

3A

Shimoda et al.

[124–126]

3B

StROBe

[91]

3B

An et al.

[42]

Table 2.6: Demonstrated (dark gray) and intended (light gray) purposes of the
reviewed urban building energy models. The models are ordered
according to their occupant behavior modeling approach category.
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and behavior schedules, see table 2.5. Other reviewed urban building energy
models of this category are based on classical building-scale simulation
tools (DOE-2, eQuest and EnergyPlus), which rely on the input of schedules
of occupant presence, lighting use, appliance use and so on. Such models
and tools are usually used for larger city-scale or district-scale case studies.
Their purposes include building retrofit studies and district energy system
design and operation studies, see table 2.6. In the case of retrofit potential
analysis the choice of deterministic occupant behavior seems appropriate,
as the optimized retrofit strategies are obtained as an indicative value
for classes of buildings. The design of district energy systems, however,
relies on accurate estimation of peak demands. Models with deterministic
occupant behavior might not be the optimal choice for this application.
Studies using stochastic occupant behavior models showed that peak loads
on the district-scale are affected by the stochasticity of demand patterns
in buildings. However, deterministic models based on standard schedules
of occupant presence seem to be the only option if mixed-use case studies
with buildings of various occupancy types ought to be modeled. They
are available in norms and standards or in the respective building-scale
simulation literature and they can easily be input to the commonly-used
building energy simulation tools.
Diversity in deterministic space-based approaches is considered via real
data (diversity strategy 1) either by setting parameter values to actual observations from other data sources, e.g., office occupant density according
to job census data [43] or by calibrating parameter values to measured
energy consumption using optimization algorithms, e.g., [90]. Two options
of diversity strategy 3 (probabilistic model parameters) for deterministic
space-based approaches were discovered: (1) Equip archetypes with probabilistic occupant-behvaior-related parameters, e.g., [36, 89, 121], or (2)
simulate sensitivity-like variations of occupant-behavior-related parameters
to generate a database of heating patterns or normalized load curves and
randomly assign such patterns to buildings in the case study e.g., [48]. By
performing multiple Monte Carlo simulations of such a model, results are
obtained as probability distributions rather than single values. This allows
for example to predict the energy savings from a retrofit measure with a
confidence interval around the expected value. Residential buildings are the
only occupancy type considered in approaches using this diversity strategy,
see table 2.5.
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2.4.1.2

Stochastic space-based approaches

Only a small number of stochastic space-based approaches were encountered in the review process. The reviewed publications of this category
couple existing building energy models (in EnergyPlus or Modelica) to
existing stochastic space-based occupant behavior models of Richardson
et al. [51, 76, 119]. The models of of Richardson et al. were developed for the
residential context and build upon data of UK TUS, which is maybe not appropriate in other contexts. Unless new stochastic occupant behavior models
for other building occupancy types and contexts are developed, this category remains limited by the availability of suitable building-scale models.
The publications that use this approach primarily research the impacts of
stochastic vs. deterministic occupant behavior on resulting spatiotemporal
patterns of energy demand [60] and their respective implications for district
energy systems design [41]. In [41] it is demonstrated that stochastic occupant behavior affects the sizing of district energy systems. In [60] stochastic
occupant presence in residential buildings results in aggregated heating
demand patterns on weekends that are different from commonly-assumed
standard heating hours. However, the effects on the design of district energy
systems were not quantified in any of the studies. The approaches in this
category make use of diversity strategy 2 (distinct models) and diversity
strategy 3 (probabilistic model parameters).
2.4.1.3

Stochastic person-based approaches

Stochastic person-based approaches are implemented in some of the earliest
urban building energy models. They originated from Japan and typically
require access to large TUS and behavior questionnaire survey data in
the relevant context. The approach by Shimoda et al., using stochastic
residential activity chains according to household demographics is used to
study impacts of building retrofits and the urban heat island. It does not
seem that occupant behavior directly influences any of the scenarios under
investigation and that for these modeling purposes a simpler modeling
approach could be appropriate. However, the model of Shimoda et al. [124] is
the only one among the reviewed literature that has the theoretical capability
to predict future energy consumption considering changes in life style and
population demographics. Baetens & Saelens [91] and An et al. [42] present
the most comprehensive and most diverse stochastic person-based occupant
behavior modeling approach for the residential context so far. They are
considering diversity of distinct behavioral patterns amongst persons of
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the same category according to clustered observations. An et al. were also
the only ones who examine the effects of using deterministic space-based
approaches vs. a stochastic person-based approach onto district energy
systems design. They demonstrate the superiority of stochastic personbased approaches for this purpose of urban building energy models.
Overall it can be observed that for the urban-scale various deterministic
and stochastic models have been adopted from building-scale research with
little or no modifications. Among the reviewed publications there are no
stochastic approaches that cover more than a single building occupancy
type. On the district-scale only residential and office occupancy types are
modeled using stochastic approaches. Two studies were reviewed that directly compare the effects of using stochastic occupant behavior approaches
to deterministic ones on the urban-scale [42, 60], see table 2.6. Both of
them are considering residential buildings only. Both of them confirm the
superiority of stochastic occupant behavior models over deterministic ones.
Urban building energy models with deterministic space-based occupant
behavior approaches have been used for district energy sizing and operation
strategies, but first results of comparative studies advise against using such
models, because relevant performance metrics were predicted with large
errors when using deterministic approaches [42]. However, in many publications the occupant behavior modeling approaches are still only side notes.
An approach considering the potential evolution of occupant behavior over
time was not encountered in the review process.
2.4.2

Activity-based multi-agent approaches as an alternative for stochastic urbanscale occupant behavior

In general, stochastic person-based occupant behavior approaches offer the
most capabilities and allow for the inclusion of inter-individual diversity
of behavior on the person-level. They can therefore be potentially used
for all applications of urban building energy models. However, due to the
shortcomings discussed in section 2.4.1 they are currently not ready to
model mixed-use scenarios. Instead of developing stochastic space-based
models for additional building occupancy types, other options, including
urban-scale activity-based multi-agent approaches could be considered.
People interact with various buildings on a daily basis. Their activities relate
to their presence in different spaces at the urban-scale and to their use of
appliances. Their individual level of comfort and behavioral patterns govern
the control actions towards building systems. Modeling people as agents in
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a multi-agent approach, therefore, seems to be a promising option to explore.
Inspiration can be taken from earlier attempts to couple transportation and
land use models to urban building energy simulations [134], from more
general urban energy systems models [135], and from transport science
itself.
The integration of transport simulation for modeling presence and activities of occupants in urban building energy simulation has been proposed
for CitySim [134]. A multi-agent simulation platform (MATSim [136]) was
intended to couple the simulation of individual journeys in the city and
associated transport energy use to the building energy demand. The proposed platform consists of a synthetic population generator that assigned
the agents with relevant socioeconomic parameters using a Monte Carlo
method. The presence of occupants, specified by arrival time, location and
departure time, would then be an output of the transport simulation’s
daily journeys of agents. For the generation of synthetic activity sequences
an approach based on inhomogeneous Markov chain, e.g., [74, 137] was
proposed.
The urban energy systems modeling toolkit SynCity [135, 138] contains
an agent-based microsimulation agent-activity model to generate spatially
and temporally varied patterns of resource-demand. The model simulates
the daily activities of each citizen. It is implemented as a stochastic fourstage transportation model: at each time step, citizens select an activity, an
activity provider (specific location), a transport mode, and a route. From
the generated daily schedules of the agents, demands for electricity and
heat are calculated. The necessary inputs to the model include the average
activity profiles of the citizens. At the time of publication a fully detailed
agent-activity model was under development. A simpler model was used
to test for realistic resource demands. This model first assigns the estimated
population to houses and employers within the city layout. Activity profiles
for 16 different time periods (4 times per day, 2 types of day, and 2 seasons)
and different socioeconomic characteristics control the performed activities
of each citizen [135].
With agent-based approaches it is possible to model systems where agents
influence each other, learn from their experiences and adapt their behavior.
Agents’ behavior is described by relatively simple rule sets. Interactions with
other agents influence their behavior. These rule sets result in patterns, structures and behavior of the system as a whole. This self-organization and the
emphasis on modeling the heterogeneity of agents in a population are two
features that distinguish agent-based models from other techniques [139].

2.5 conclusion

Agent-based approaches can reproduce the properties of classical stochastic
occupant presence models based on Markov-chains [140]. They are used
to create activity-chains of occupants in single buildings [141, 142]. Recent
developments on the building-scale demonstrated the capabilities for incorporating different personality traits [143], agent learning [144], hierarchies
among agents [145], goal-driven behavior [146] and behavioral changes over
time [147]. These could all be valuable additions to scenario-based urban
energy systems planning use cases.
2.5

conclusion

Based on this review of current urban building energy models and their
occupant behavior modeling approaches it can be concluded that occupant
behavior is still considered at the individual building scale and not at
the urban scale. The common approach to model mixed-use districts is to
couple archetypical construction properties of buildings with standardized
deterministic space-based occupant behavior models according to building
occupancy type. This is currently also the only viable approach, as stochastic
space-based and person-based occupant behavior models are only available
for a limited number of building occupancy types.
Compared to deterministic approaches, models considering stochastic
occupant behavior are able to generate more realistic spatiotemporal energy
demand patterns at the district level. However, not all purposes of urban
building energy models require such patterns. In general there should be
a consistency in modeling approach and model purpose. For example an
urban-scale building retrofit potential analysis evaluating overall annual
energy savings most likely does not require a sophisticated stochastic
occupant behavior model, whereas district energy system design, requiring
realistic and robust peak demand estimations, would potentially profit from
such models.
Given the capabilities of agent-based building-scale occupant behavior
models and the prevalent usage of urban-scale multi-agent simulation
approaches in transport science, the option for an agent-based urban-scale
occupant behavior model for urban building energy simulations should be
explored.
Such advanced urban-scale occupant behavior models could be capable
of incorporating changes in population demographics, changes in behavior
over time, and occupants’ adaptation to economic or environmental changes.
By adding the possibility to simulate scenarios of urban development under
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changing boundary conditions, such models would upgrade urban building
energy models to tools for holistic urban planning and optimization of
energy infrastructure.
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3
D E T E R M I N I N G A I R - C O N D I T I O N I N G U S A G E PAT T E R N S
I N S I N G A P O R E F R O M D I S T R I B U T E D , P O R TA B L E
SENSORS

In Singapore, a large portion of residential electricity consumption is typically used for space cooling. The operation patterns and respective energy
consumption of residential split system air-conditioning (AC) units depend
on residents‘ behavior and are not well known. Singapore’s National Science Experiment (NSE) is a nation-wide experiment that involves students
carrying a small sensor device to collect environmental data. Over 43,000
students participated in 2015, and the experiment is still ongoing. In this
study, we use the Expectation-Maximization algorithm to fit a two component Gaussian Mixture Model to measured data of temperature, humidity,
and pressure to infer patterns of AC exposure. The daily probability profile
of AC exposure of Singaporean students was determined. The results can
be used as a basic dataset for thermal comfort and energy consumption
behavior studies. Derived patterns of AC usage could be used in building
energy simulation.

Happle, G., Wilhelm, E., Fonseca, J. A., & Schlueter, A. (2017). Determining air-conditioning
usage patterns in Singapore from distributed, portable sensors. Energy Procedia, 122, 313–318.
doi:10.1016/j.egypro.2017.07.328
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3.1
3.1.1

introduction
Domestic air-conditioning usage in Singapore

In Singapore, the residential sector is responsible for 18% of the electricity
consumption. Non-residential buildings are responsible for 31% of this consumption, of which 60% is exclusively used for air-conditioning (AC) [148].
Split system AC units are common in the residential sector in tropical
Singapore [149]. According to [150], the proportion of households with
air-conditioning in Singapore increased steadily from 71% in 2002 to 76%
in 2012. The distribution amongst dwelling type and household income is
non-uniform. For households living in 1- and 2-room public housing apartments AC ownership is reported to be 13.5%, while 98.8% of households in
private apartments own AC [150].
Chua and Chou [151] studied the usage of AC in close to 100 households in Singapore. The study concluded that most households turn on
their air-conditioning at night between 9pm and 11pm, and off between
6am and 8pm [151]. A link to seasonal outdoor temperature changes has
not been investigated. However, a relationship between monthly total residential electricity consumption and average outdoor temperature can be
observed, with lowest consumption and lowest temperatures in February
and March [152]. Recently, Yang and Olofsson [149] surveyed 229 residents
in Singapore in relation to the patterns of AC usage. The results showed a
seasonal relationship between AC usage and outdoor weather conditions.
Only 21% of the participants used AC for more than 6 months a year [149].
40% of the participants were using AC throughout the night (more than 6
hours), while the remaining were sleeping 1 to 6 hours with AC [149].
According to [153], public schools in Singapore are usually not airconditioned and are encouraged to use fans for natural ventilation.
3.1.2

The National Science Experiment

The NSE was undertaken to educate students about wearable Internet of
Things (IoT) sensors and the analysis of the types of data these sensors can
collect in real-world environments [27]. Through collecting and studying
their own data, the over 100,000 students who participated in the experiment
since 2015 were able to form and study the link between their activities
and the empirical data they generate using a series of online and offline
tools (www.nse.sg). Besides the primary pedagogical goal of the NSE, the
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anonymous data has been used by a large number of researchers and public
agencies to improve their understanding of complex urban systems. For
example, transportation mode choice and after-school activity preferences
have been studied in depth [154, 155].
3.1.3

Objective

The objective of this paper is to assess, whether the sensor data collected in
the NSE can be used to infer use patterns of AC in residential buildings. For
this we apply statistical methods on a large set of distributed measurements
with unknown accuracy. Section 3.2 presents filtering and clustering procedures applied to the data. Section 3.3 depicts results and data analytics.
Section 3.5 concludes and section 3.4 provides an overview of limitations
and future work.
3.2
3.2.1

method
Data collection

The portable IoT sensor device (SENSg) was developed to collect data from
as many physical parameters as possible while maintaining a useful level
of fidelity and frequency across all of its measurements. There are inherent
tradeoffs in this approach due to the limited bandwidth available on the
sensor. Temperature (both sensible and infra-red), pressure, relative humidity, light level, sound pressure level, motion in 9 degrees of freedom, are all
recorded at about a 0.1 Hz interval while the sensor is awake. The sensor
sleeps after a period of 120 seconds without motion in order to enable a
battery life of over 7 days. Step count and transportation mode are inferred
based on raw data which is processed locally as well as inference once
geolocation has been performed based on Wi-Fi access point signatures on
the server. The sensors can store an entire experiments worth of data, but
typically this data is removed and processed each day while the students
are at their schools. Temperature and RH are accurate to 0.4◦ C and 3%
respectively, and pressure is accurate to better than 1m of dry air. Participating students are instructed to wear the sensor on a lanyard around
their neck, except during sports activities and for sleeping. The sensors are
usually handed out to students on the Monday of an experiment week and
collected again on Friday.
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3.2.2

Data processing

Multiple filtering criteria are used to include or exclude specific sensors
from the analysis. The following filtering criteria are applied on 24h raw
datasets from 12:00 to 11:59 on the next day: (1) at least 1 data point every
hour, to keep the sample size constant over a 24 h time window; (2) a
minimum step count increase of 300 steps during the p.m. hours and on
the following a.m. hours, to exclude sensors that are not actually carried
by students; (3) a minimum of 15% difference between the highest and
the lowest observed relative humidity reading in the 24 h time period, to
exclude senors that seem to report constant values; and (4) a minimum
temperature lower than 40◦ in every hour; to exclude sensors that seem to
report temperature values out of a reasonable range.
We used equations from [156] to calculate the humidity ratio, w in
(kgwater /kgdryair ) from the sensors’ pressure, p in ( Pa), temperature, T
in (◦ C ), and relative humidity, RH in (%), recordings. This process aims
to make the two variables of analysis (temperature and humidity ratio)
independent physical quantities.
3.2.3

Distribution based clustering

Preliminary analysis of raw measurement data revealed that the data is
heavily scattered even for sensors supposedly experiencing the same conditions, i.e., students of the same school during school time (see Fig. 3.1). We
therefore propose a clustering approach based on the following hypotheses:
(a) each sensor measures either the true state of (non-AC) outdoor air or
(AC) indoor air in Singapore at a certain hour with a measurement error
due to internal and external causes; (b) all sensors’ outdoor and indoor
measurements during a certain hour are part of a Gaussian distribution,
the measurement error in outdoor air includes the variation of the state of
outdoor air across Singapore at a certain time of day, and the measurement
error in indoor air includes the variation of temperature and humidity
set-points of the AC systems; and (c) because of a previously observed sensor overheating issue during Wi-Fi data transmission, the lowest observed
temperature during a certain hour is assumed to be closest to the ”true”
state of the environment. Therefore for hours with more than one data
point (i.e., sensor not in sleep mode), the sample at the lowest observed
temperature reading is selected for the clustering exercise.

3.3 results

We use the iterative Expectation-Maximization (EM) algorithm [157] to
fit our data to a Gaussian Mixture Model (GMM). GMM is a probabilistic
model that assumes all data points are generated from a mixture of Gaussian
distributions. The fitting optimization is part of the Matlab Statistics and
Machine Learning Toolbox [158].
We parametrized the fitting function according to our hypotheses and
assumptions: (a) The GMM consists of two components, i.e., outdoor or
indoor state; (b) the two components have a shared covariance, i.e., measurements of each of the two states follow the same distribution; (c) the
covariance is diagonal, i.e., no correlation between the two variables; and
(d) we provide an initial guess for the two cluster means according to our
hypothesis, i.e., [T=31◦ C, w=23 g/kg] and [T=25◦ C, w=13 g/kg]. By using
a soft clustering approach with threshold values between 0.4 and 0.6 for the
posterior probability of GMM component membership of each data point,
points that could belong to any of the components with similar probability
are assigned to both clusters. The clustering algorithm is applied at every
hour of a 24h dataset.

Figure 3.1: Raw temperature (left) and relative humidity (right) measurements
of 3 sensors of students of the same school at the same time.

3.3

results

The filtering and data selection resulted in a total of 13 24-hour data sets,
see Tables 3.1, 3.2, 3.3, and 3.4. Each data set consists of 24 points per sensor,
representing the 24 hours of 12:00 until 11:59 the next day. The largest
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24-hour set contains data of 8,064 sensors and the smallest of 469. The two
main filters leading to exclusion of sensors are the step count increase and
the humidity range filter. Our interpretation is that they mainly identify
the same sensors, namely the ones assigned to be used in the experiment at
that week but never handed out to a student, therefore reporting a constant
relative humidity value of their storage room and having no step count
increase.
week of 28. September 2015
MON–TUE

TUE–WED

WED–THU

THU–FRI

Sensors assigned to experiment

14186

14186

14186

14186

Sensors collecting data

13248

12441

11636

10696

Filter 1: 24h of data

2206

2230

2211

2064

Filter 2: PM and AM step increase

3469

3548

5157

6551

Filter 3: Humidity sensor range

3787

3921

5578

7075

Filter 4: Temperature minimum

358

367

364

168

Total filtered

5915

6271

7731

8610

Remaining sensors for clustering

7333

6170

3905

2086

Table 3.1: Results of the filtering process for the first week of the NSE in 2015.

week of 5. October 2015
MON–TUE

TUE–WED

WED–THU

THU–FRI

Sensors assigned to experiment

2099

2099

2099

2099

Sensors collecting data

1846

1771

1668

1472

Filter 1: 24h of data

359

395

432

1472

Filter 2: PM and AM step increase

961

757

614

0

1102

646

730

857

Filter 3: Humidity sensor range
Filter 4: Temperature minimum
Total filtered
Remaining sensors for clustering

55

68

78

15

1377

1220

1097

1472

469

551

571

0

Table 3.2: Results of the filtering process for the second week of the NSE in 2015.

In general the chosen approach leads to reasonably justifiable clusters
for all 312 (13 days x 24 hours) created GMM, see Fig. 3.2 for an example
of the cluster on the psychrometric chart. One cluster with higher mean
temperature and humidity, close to Singapore’s outdoor conditions, and
one cluster with lower mean temperature and humidity, in the range of
typical air-conditioning temperature and humidity set points. With this
method the state of AC exposure is determined for every sensor in every
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week of 12. October 2015
MON–TUE

TUE–WED

WED–THU

THU–FRI

Sensors assigned to experiment

6159

6159

6159

6159

Sensors collecting data

5187

4792

4291

3581

Filter 1: 24h of data

1211

1401

1310

3581

Filter 2: PM and AM step increase

2954

2337

1870

0

Filter 3: Humidity sensor range

3401

2843

2413

2469

Filter 4: Temperature minimum
Total filtered
Remaining sensors for clustering

280

145

113

34

4242

3651

3099

3581

945

1141

1192

0

Table 3.3: Results of the filtering process for the third week of the NSE in 2015.
week of 2. November 2015
MON–TUE

TUE–WED

WED–THU

THU–FRI

Sensors assigned to experiment

19615

19615

19615

19615

Sensors collecting data

18540

17746

16599

15041

Filter 1: 24h of data

2754

3136

3131

15041

Filter 2: PM and AM step increase

8857

6837

6562

0

Filter 3: Humidity sensor range

9349

7334

7269

10554

Filter 4: Temperature minimum
Total filtered
Remaining sensors for clustering

260

370

434

184

11254

9682

9738

15041

7286

8064

6861

0

Table 3.4: Results of the filtering process for the fourth week of the NSE in 2015.

hour of the day for the 13 data sets. Fig. 3.3 (left) shows the boxplots for
the share of AC exposure in every hour of the day. The sensors that could
be part of either cluster in a specific hour were excluded of this analysis.
From 05:00 to 17:00 the share of AC exposure has low variation. Around
20% - 40% of students are exposed to AC during that time. This coincides
with the time window when AC usage is not controlled by the students’
behavior (school hours) and is consistent with the fact that the great part of
classrooms in Singapore is not air-conditioned. In the evening and night
hours, the share and variability of AC exposure increases. During that
time the students’ or their family members’ individual behavior might
influence the AC usage. Besides bias error, this factor could explain the
higher variation in observations. The maximum observed share (60% at
21:00 - 22:00) can be correlated to the AC ownership in residences. This
share differs from the share of 80% reported in [150].
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Fig. 3.3 (right) shows the probability distribution for cumulative daily AC
exposure. Every sensor allocation to the lower temperature, lower humidity
cluster is counted as 1 h of exposure, every allocation to both clusters is
counted as 0.5 h of exposure. With this method the average exposure to
AC for Singaporean students can be determined as 6.2 h per day with a
standard deviation of 6.1 h. The lower quartile is 1 h and the upper quartile
is 10 h per day.

Figure 3.2: Clustering - Example, night time (left) and morning school time
(right).

Figure 3.3: Boxplot of share of AC exposure at every hour of the day (left) and
probability histogram of cumulative AC exposure time per day (right).

3.4 limitations

3.4

limitations

This explorative study proposes a simple data mining method to extract
desired information about one sensor in a data set of unknown accuracy
obtained under uncontrolled conditions, using measurements of all other
sensors. The method has however some notable limitations: By choosing
only one data point in every hour, the duration of AC exposure is likely to
be overestimated. By fixing the number of clusters, times where none or
very few sensors are exposed to AC (i.e., one single distribution) will not
be correctly identified. By using a diagonal covariance matrix, it is assumed
that the humidity and temperature measurement are independent, while in
reality the relative humidity sensor relies on an internal temperature measurement. By using a shared covariance, the two components of the GMM
might not represent the true uncertainty distributions of the measurements.
Furthermore, the spatial information collected by the sensors was not used.
By using a clustering approach on sensor measurements in temporal and
spatial proximity the state identification could possibly be improved.
3.5

conclusions

This paper studied the daily exposure to air-conditioning (AC) of Singaporean students. The study used the Expectation-Maximization algorithm
with a two component Gaussian Mixture Model to cluster the behavior of
students wearing portable sensors during a period of 4 weeks in SeptemberNovember 2015. We found temperature and moisture content to be suitable
variables for this analysis. The average exposure to AC of Singaporean
students was 6.2 hours per day. The maximum exposure to AC during
hours where the students are likely to be at home was 60%. This is 20% less
than the reported AC ownership for residential units. This basic dataset
can be used for studies of human behavior regarding thermal comfort and
energy consumption. Moreover, typical patterns of air-conditioning usage,
extracted from the data, could be used as an input in residential building
energy simulation. The method could be applied to the data collected in
2016 and in the future to study seasonal or yearly trends and establish a
link to outdoor weather conditions. Future measurement campaigns could
include the collection of information about type of housing and household
composition of the students to correlate AC usage to residential status.

53

54

acknowledgements
The authors thank the National Research Foundation (NRF) of Singapore
and the Singapore University of Technology and Design (SUTD) for providing access to the National Science Experiment data. This work was
mainly developed at the Future Cities Laboratory at the Singapore-ETH
Centre, which was established collaboratively between ETH Zurich and
Singapore’s National Research Foundation (FI 370074016) under its Campus
for Research Excellence and Technological Enterprise programme.

4
C O N T E X T - S P E C I F I C U R B A N O C C U PA N C Y M O D E L I N G
U S I N G L O C AT I O N - B A S E D S E R V I C E S D ATA

Energy-related occupant behavior is a major source of uncertainty in building and urban energy performance simulations. Standardized assumptions,
published by ASHRAE and others in the form of occupancy schedules, are
widely used in research and practice, especially on the district-scale. In this
work, we gathered location-based services data to create context-specific,
data-driven occupancy schedules. Using a web mapping service, we collected data for retail and restaurant uses in the downtown neighborhoods
of 13 different U.S. cities to create data-driven schedules for each context.
The schedules were compared to ASHRAE standard assumptions using the
earth mover’s distance approach and the schedules’ energy-related features.
We found that standard schedules seem to significantly overestimate weekly
building occupancy, although the shapes of the schedules are generally
similar. The use of standard schedules could therefore, have significant
impacts on district-scale energy demand simulations, as the overestimation
will be cumulative.
As compared to the differences between data-driven and standard schedules, the differences between different locations are significantly smaller.
However in extreme cases, the weekly cumulative occupancy and the number of occupied hours differ by more than 30% between locations, which
means that context-specific differences together with climatic differences
might also impact building performance simulation results. Furthermore,
we found differences in daily data between the different days of the week.
In particular, the observed behavior on Fridays is significantly different
from other weekdays for both considered use-types. This indicates that
the conventional categorization of occupant behavior models into three
day-types: weekday, Saturday, and Sunday, should be reconsidered.

Happle, G., Fonseca, J. A., & Schlueter, A. (2020). Context-specific urban occupancy
modeling using location-based services data. Building and Environment, 175, 106803.
doi:10.1016/j.buildenv.2020.106803.
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4.1
4.1.1

introduction
Building energy modeling and occupant behavior

Physics-based bottom-up building energy models [32, 33] are commonly
used to forecast the performance of new buildings or to assess the impacts
of various retrofit measures for existing buildings. Uncorroborated assumptions made regarding the behavioral aspects of energy consumption, such as
the hours of occupancy and building systems usage [33], indicate possible
weaknesses in such models. Specifically, energy-related occupant behavior is
one of the main factors affecting building energy consumption and a major
source of uncertainty in simulations [159, 160]. Often, occupant behavior is
represented in the form of standardized schedules, also called profiles or
diversity factors, which are 24-hour time series of fractions of nominal space
occupancy, lighting loads, appliance loads, or building systems operation.
Standard schedules are used when the actual behavior is unknown. This can
lead to simulation result inaccuracies because these standard assumptions
were intended to serve a limited number of specific purposes, which may
not fit the actual purpose of the simulation.
4.1.2

Origins and purposes of standard occupancy schedules

Historically, the development of standard occupancy schedules was closely
linked to the emergence of computers and the first building energy simulation programs. NBSLD (1974), one of the first tools to calculate annual
energy demand in hourly time steps, required the input of “occupancy
schedules” for weekdays and weekends as a “fraction of some maximum”,
which was described as a “normalized 24-hour profile of occupancy” and
needed to be input together with the “maximum number of ... occupants
during the 24 hour period” [161, 162].
The main driver for the creation of standard occupancy schedules was
research aimed at developing energy performance standards for new construction in the late 1970s [163, 164]. For this purpose, the United States
(U.S.) Department of Energy (DOE) published Standard Building Operating
Conditions (SBOC) in 1979 [165]. The occupancy schedules for 14 building
use-types were defined. It is critical to note that the numbers included in
the schedules were determined from averaging the educated guesses of 168
building design teams, rather than from any observable data [165].

4.1 introduction

Table 4.1 lists the published standard schedules of occupancy for different
building use-types from 1979 until the present. Table 4.2 lists the original
purpose of publication at that time.
In 1989 the American Society of Heating, Refrigerating and Air-Conditioning
Engineers (ASHRAE) published standard occupancy schedules for the first
time for 9 building use-types as part of the Building Energy Cost Budget (ECB) method of the Standard 90.1 [166]. See Table 4.1. Many of them
were based on the 1979 DOE SBOC. The same standard assumptions were
published again by ASHRAE in 2004 in the user’s manual to Standard
90.1-2004 [16].
In 2011 reference building energy models were developed by the DOE
to standardize energy efficiency research [167]. Many of the occupancy
schedules for these models were directly taken from ASHRAE documents1 .
For some building use-types, schedules were defined on the zone-level
rather than on the building-level. Additionally, sub-categories for certain
building uses were introduced. See Table 4.1.
In 2013 ASHRAE published standard occupancy schedules for 14 building
use-types on their website to be used to calculate the Envelope Performance
Factor for the Building Envelope Trade-Off Option procedure of their
Standard 90.1-2013 [168, 169]. See Table 4.1. Currently, standard schedules
are also available from other sources such as COMNET, which is an initiative
to standardize building energy modeling [175]. On their web portal a set of
14 default schedules of building operation is available, and most schedules
reference ASHRAE (2013) as the source. Although sporadically updated,
many of the schedules available today are largely the same as in 1979 or
1989. According to [167], the ASHRAE schedules of 1989 were modified for
the 2004 publication by a public review process. However by comparing the
schedules of 2004 to 1989, it becomes evident that only the schedules for
certain use-types (i.e. office, assembly, and restaurant), and only schedules
for Sunday of the latter two were adjusted. By comparing different versions
of schedules, some other important modifications can be noted over time.
For example the health use-type was converted from day time operation
to 24-hour occupancy, and restaurant use-type increased the occupancy
1 For retail, restaurant, and office building use-types schedules were taken from the ASHRAE
user’s manual (2004) [16]. The health, hotel, school, and warehouse use-type schedules were
taken from other ASHRAE documents, (i.e. Advanced Energy Design Guide (AEDG) Technical
support documents) that were developed by ASHRAE in collaboration with the American
Institute of Architects (AIA), the Illuminating Engineering Society of North America (IESNA),
the U.S. Green Building Council (USGBC), and the DOE, based on the previously published
ASHRAE standard schedules that were modified by inputs of the respective project committee
members [170–174].
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Building
use-type

DOE
(1979)

Retail

ASHRAE
(1989)

ASHRAE
(2004)

DOE
(2011)

Shopping CenterZ, Retail
StoreZ

Retail

Retail,
Schedule CC Retail
Strip Mall,
Supermarket

Restaurant

-

Restaurant

Restaurant

Quick Service Restaurant,
Full Service
Restaurant

Schedule BB Restaurant

Health

ClinicZ,
HospitalZ

Health

Health

HospitalZ,
Outpatient
Health Care

Schedule EE Health

Assembly

Community
Center,Z
GymnasiumZ,
Theater/
AuditoriumZ

Assembly

Assembly

-

Schedule HH Assembly

Office

Large OfficeZ,
Small OfficeZ

Office

Office

Large Office, Schedule AA Office
Medium
Office,
Small Office

Warehouse

Warehouse

Warehouse Warehouse Warehouse
Z

ASHRAE
(2013)

COMNET
(2016)

Schedule LL Warehouse

Hotel/Motel

Large Hotel, Schedule FF Hotel/Motel
Small HotelZ

Elementary
School
SchoolZ,
Z
Secondary School

School

Primary
SchoolZ,
Secondary
SchoolZ

Schedule GG School

Residential

Multifamily High- Rise ResidentialZ,
Multifamily LowRise ResidentialZ

-

Midrise
ApartmentZ

Schedule DD Residential

Manufacturing

-

Light Man- ufacturing

Hotel

Hotel/Motel,
Nursing HomeZ

School

Hotel/Motel

-

Z

Schedule JJ Manufacturing

Gymnasium

-

-

-

-

Schedule II GymnasiumI

Parking

-

-

-

-

Schedule KK ParkingK

Various

-

-

-

-

-

Laboratory,
Data Center

Z
A
These building models contain occupancy schedules for zone-level usages
for Courthouse, Office,
Post Office, Town Hall B for Dining: Cafeteria/Fast Food, Dining: Family, Dining: Bar Lounge/Leisure
C
D
for Library, Museum, Retail
for Dormitory, Multi-family
E
for Fire Station, Health Care Clinic, Hospital, Police Station, Transportation
F
G
H
for Hotel, Motel, Penitentiary
for School, University
for Convention Centre, Exercise Centre,
Motion Picture Theatre, Performing Arts Theatre, Religious Building, Sports Arena
I
J
for Gymnasium as part of a School
for Automotive Facility, Manufacturing Facility, Workshop
K
L
for Parking/Parking Garage
for Warehouse

Table 4.1: Standard schedules of occupancy for building performance simulation
of different building use-types published by different entities from
1979 until present.
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Publisher

Purpose

DOE (1979) [165]

Development of Building Energy Performance Standards (BEPS) legislation

ASHRAE (1989) [166]

Building Energy Cost Budget (ECB) Method:
Code compliance via simulation

ASHRAE (2004) [16]

Building Performance Rating Method: Estimation of % energy savings of advanced building
designs

DOE/NREL (2011) [167]

DOE commercial building research: technology assessment, design optimization, analyze
advanced controls, develop energy codes and
standards, and to conduct lighting, daylighting, ventilation, and indoor air quality studies

ASHRAE (2013) [168, 169]

Envelope trade-off: Envelope code compliance via simulation

Table 4.2: Purposes of published standard schedules from 1979 to 2013.

in the AM hours. See Fig. 4.1b. Some schedules however have remained
unchanged since 1979 such as retail use documented in Fig. 4.1a.
On the building-scale, standard schedules are widely used for code
compliance, systems design, and research purposes as intended by their
publishers [14, 167, 176].
However, in our review of occupant behavior in urban building energy
models [177], we found that standard schedules of occupancy are used in
research beyond their original purpose. We found tools and studies that
used standard schedules, among others, to:
• Generate patterns of anthropogenic heat generation,
• Generate energy demand patterns for district energy infrastructure
design, and
• Generate energy demand patterns for district energy systems operation optimization.
4.1.3

Advanced occupant behavior models

Research efforts for improving energy-related occupant behavior modeling and simulations are consolidated in IEA EBC Annex 66: Definition and
simulation of occupant behavior in buildings [178] and the currently ongoing
follow-up Annex 79: Occupant-centric building design and operation [14]. Reviews in 2015 and 2016 [179, 180] confirmed that there were not many
models and tools available for advanced occupancy simulation. The tools
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Figure 4.1: The historic evolution of the retail (a) and restaurant (b) standard
occupancy schedule for weekdays from 1979 to present. The retail
schedule (a) is quantized in steps of 10%. The restaurant schedule (b)
is quantized in steps of 5%. The data is slightly shifted for visualization purposes.

that did exist were developed for office and residential use type buildings
exclusively. As part of [179], a software module was developed to include
three representative occupancy models. Namely, Chang’s model [181] to
simulate the occupancy state of a space, Page’s model [182] to simulate

4.1 introduction

the number of occupants in a space, and Wang’s model [183] to generate
the spatial location of each occupant and the space-level occupancy for the
whole building. As part of IEA EBC Annex 66 and Annex 79 data-based
models and agent-based models for building occupancy have been developed [184–190]. In [185], data-mining methods were used to derive office
occupancy schedules from appliance power consumption measurements.
In [186], data-mining methods were used to derive archetypal working
profiles of individual occupants from measured occupancy data of 16
private offices with single or dual occupancy. In [189], machine learning
techniques were used for daily occupancy patterns recognition for improving the energy efficiency of an office building. An agent-based model for
office buildings has been developed by [190]. It is depending on expert
user inputs, such as, e.g., the typical arrival times of each occupant, the
number of planned meetings per day, and the probability distribution of
meeting durations. The explicit goal of Annex 79 is the development of the
next generation of “dynamic, stochastic, agent-based, and data-driven” [14]
occupant models. The current common practice is, however, still the use of
standard assumptions [14]. We believe that it is time to revisit these standards of commercial buildings by exploring new data sources — especially
in the context of emerging sensing and data collection opportunities.
4.1.4

New data sources for building occupancy

Currently, new data sources of building occupancy are becoming available.
Cell phone positioning systems use different signals, such as radio signals
of cell towers, GPS signals, and Wi-Fi signals, to determine the accurate
location of the phone [191]. Indoor positioning algorithms, using additional data of sensors embedded in smartphones, such as accelerometers
and magnetometers, can determine the position of a cell phone inside a
building [192].
Coupled with information about the exact location and floor plans of
buildings, location-based services (LBS), such as Google Maps (see Fig.
4.2 a) or Facebook (see Fig. 4.2 b) are confident to determine the relative
number of people visiting a specific building or space within a building
in real-time. On their respective online platforms, hourly aggregated and
normalized data is published as so-called popular times data (Google) [193]
or popular hours data (Facebook) [194].
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The resulting data has the same structure as the standard schedules
published by ASHRAE and others for building energy demand simulation.
I.e., typical 24-h profiles for each day of the week.
We assume that a significant part of the population might be captured
by LBS data due to the prevalence of smartphones and the popularity of
the Google Maps and Facebook applications. According to a survey, 81% of
U.S. adults own a smartphone. In terms of demographics, ownership varies
from 53% to 96%. Smartphone ownership is common (>70%) among people
from all economic, educational, and ethnic backgrounds. The only major
demographic group with a lower smartphone ownership rate (53%) are
people aged 65 or older [195]. Among smartphone users, Google Maps is by
far the most popular mapping and navigation app with around 70% market
share [196, 197], even though the market share of iOS and Android in the
U.S. is around 60% to 40% in favor of iOS [198]. Also Facebook is popular
in the U.S. and reaches around 60–80% of people across all demographics,
except for people aged 65 or older [199].
In [200], the authors already directly extracted such data for simulation
of a supermarket in the UK, due to lacking standard schedule for a 24-h
operating retail building [200]. In Japan, researchers used Google popular
times data to estimate quasi-real-time energy demand in a commercial
district in Tokyo. They used a geospatial statistical interpolation, to infer the
popularity and energy demand of commercial buildings without available
data [201]. In China, researchers collaborated with a large Chinese social
media company to collect occupancy data for different building use types
from mobile positioning requests. They extracted typical schedules and
used them in EnergyPlus building simulations and calibrations [202, 203].
Recently, [20] used mobile phone based occupancy estimates in an urbanscale energy modeling case study in Boston.
Even though currently data about non-public buildings, such as offices
and residential buildings, are not published anywhere, we speculate that
this data might be collected in the same way as for public buildings and
possibly will be available at some point in time.
4.1.5

Objectives and research questions

LBS data represents a large and global data-source with potential applications in urban energy simulations and beyond. Despite certain limitations
(see section 4.6), we believe such data is representative for available data
that can be used for the development of new methods for urban occupancy

4.1 introduction

Figure 4.2: Example of Google Maps information of a public place in Boston
(a). The popular times feature displays normalized hourly visitorship
for each day of the week. Example of a Facebook page of a public
place in Singapore (a). The popular hours feature displays normalized
hourly visitorship for each day of the week. Screenshots were taken
on September 26, 2018.

modeling. Our objective for this research is to establish a workflow that
ultimately results in context-specific, representative building occupancy
schedules. Such schedules then could be compared to one another using a
general comparison metric, as well as using a set of energy-related features
to qualitatively assess the impacts of using different schedules in energy demand simulations. From these departure points, our four research questions
are:
Question 1: How can LBS data be used to establish a method to create
context-specific, data-driven occupancy schedules? Question 2: How do the
resulting contextual, data-driven schedules derived LBS compare to standard
deterministic schedules, such as from ASHRAE? Question 3: How do the
resulting data-driven schedules compare to one another with respect to
geographical location and categorization of day types (e.g. weekends vs.
weekdays)? Question 4: What are the potential implications of data-driven
schedules on district energy systems’ capacity and load profile?
We are using popular times LBS data published for places (i.e., commercial
buildings or zones of commercial buildings) available on the Google Maps
platform [21]. We focus on retail and restaurant use-type buildings, because
these building use-types have a high density of available LBS data, and
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simultaneously these buildings typically have a high heating, ventilation,
and air conditioning (HVAC) energy and electricity consumption. Retail
buildings contribute the largest portion to overall commercial energy use
in the U.S. and restaurants have the highest energy use intensity [204]. In
both use-types HVAC is a major end use. The other major energy end use
in such buildings, specifically the ones that handle food, is due to cooking
and refrigeration [205].
Regarding the data collection, we are focusing on downtown areas of larger
cities. They typically contain a high density of commercial buildings, and
they presumably experience relatively similar characteristics of working,
shopping, and leisure activities. We therefore expect a high availability of
data and we hypothesize that the proposed approach will be able to detect
significant differences in the data of such seemingly similar contexts. We are
basing our study in the U.S. in order to compare LBS data-driven schedules
to ASHRAE standard schedules for occupancy in the originally intended
context.
This paper is organized as follows: The method section is split into three
parts. Section 4.2.1 introduces the data collection and processing methods.
Section 4.2.2 introduces the concept of earth mover’s distance to compare
schedules in general. And section 4.2.3 introduces the selected energyrelated features of schedules, to be used to assess the potential impacts on
building and district energy demand simulation results. Next, the selection
of the case study locations is presented in section 4.3. In the results section,
the data collection outcomes are first presented, together with the creation
of average data-driven schedules based on the example of San Francisco in
section 4.4.1. Next in section 4.4.2, context-specific data-driven schedules
are compared to ASHRAE standard schedules, and in section 4.4.3 data
of different locations and different days of the week is compared to one
another. Section 4.5 contains a general discussion of the results, and section
4.6 contains the main limitations of the data source. Finally, the conclusions
and an outlook are presented in sections 4.7 and 4.8.
4.2

methods

Our method comprises three parts: 1) LBS data collection and data-driven
schedule creation for any selected location, 2) using the earth movers’ distance
approach to quantify the difference between schedules, and 3) comparing
schedules’ energy-related features to assess the implications on energy demand and energy supply systems design. Parts 2) and 3) are used to
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compare data-driven schedules to ASHRAE standard schedules as well as
to compare data-driven schedules of different locations. The three parts are
introduced in detail in the subsequent sections 4.2.1, 4.2.2, and 4.2.3.
4.2.1

Methods to generate average, location-specific occupancy schedules

This section describes the LBS data collection and data processing prior
to the analysis and comparison. The process is comprised of three steps:
a) collection of popular times data and building use-type information at
a given search location, b) categorization of places into the two studied
building use-types (i.e. retail and restaurant), and c) creating a representative, data-driven schedule for each location and use-type (i.e. the mean or
median of the data).
For the data collection, step a) we utilize an open-source python library [206] that connects to the Google Places application programming
interface (API) [207], using its nearby search functionality. The nearby search
query of the API requires the following parameters: 1) a geolocation, 2) a
search radius, and 3) a place-type. The place-types that are supported by the
search query are listed in [208]. See also Table A.1 in the appendix. Table
4.3 lists the place-types associated with the restaurant and retail building
use-type according to our categorization. The API nearby search is used to
obtain the names and addresses of places within the search radius. This
information is then used to find the places on Google Maps and collect the
popular times data. A multi-granular (i.e. larger and smaller search radius)
data collection process was implemented to find as many places as possible
within the defined search space2 . The data used for this work consist of the
list of place-types, and if available, the popular times 24-hour time series for
each day of the week in percentage values. See Table A.2 in the appendix
for an example.
A detailed classification into specific building use-types based on the
existing attributes of place-types is not feasible. However, ASHRAE recommends using the same standard schedules for similar use-types [169]. For
2 The parameter values used to identify places were based on manual search experiments.
During experiments with different search radii and supported place-types, as well as wildcard
searches we realized that it is possible to find almost all places falling into the category of the
restaurant use-type (see below) by searching for “restaurant”, “bar”, “cafe” and “night_club”.
For the retail use-type, the same can be achieved by searching for: “store”, “shopping_mall”,
“museum”, “library” and “art_gallery”. See also Table 4.3. For each of the 9 place-types, a
search with a 500m radius was executed in the specified area. In locations where the number
of results might have exceeded the maximum number of results that the API can return (i.e.
60 places), a second search with a radius of 200m was executed in the same area.
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example, the retail schedule is suggested for library and museum buildings.
See Table 4.3. The second step b), the categorization of places into ASHRAE
building use-types, is based on this mapping of ASHRAE use-types to
Google place-types. We used a simple categorization logic based on the
count of place-types in the list belonging to the retail or restaurant use-type.
In case of an equal count, the order of place-types, as returned by the
Google Places API, was used as a secondary decision variable. This means
that we used the first list entry corresponding to a place-type in Table 4.3
as the decisive one in case of a tie between restaurant and retail.

ASHRAE use-type

Google place-types

RETAIL
Used for [169]:
Library,
Museum,
Retail

art_galleryx,
bakery,
bicycle_store,
book_store,
car_dealer,
clothing_store,
convenience_store,
department_store,

RESTAURANT
Used for [169]:
Dining: Cafeteria/Fast
Food,
Dining: Family,
Dining: Bar
Lounge/Leisure

barx,
cafex,
restaurantx,
night_clubx,
meal_takeaway

x

electronics_store,
florist,
furniture_store,
hardware_store,
home_goods_store,
jewelry_store,
libraryx,
liquor_store,

museumx,
pet_store,
pharmacy,
shoe_store,
shopping_mall,
storex,
supermarketx

These are the Google place-types used in the nearby search query for the data collection.

Table 4.3: Categorization of Google place-types to ASHRAE building use-types.

The last step c) of the data-driven schedule creation consists of averaging
the data to create the representative schedule of a building use-type for a
specific location. For this step, the zero-data of days where places are closed
or no popular times are displayed (e.g. “Not enough data yet for Tuesdays”)
were excluded.
In the context of standard schedules of occupancy, it is not clear whether
this representative or average behavior is supposed to represent the mean
of observations or rather the median. It seems that the originally estimated
building occupancy schedules such as the SBOC mentioned above, were
taking the mean of experts’ estimations to create the first standard schedules of occupancy [165]. However when ASHRAE tasked researchers in the
1093-RP project [209] to compile schedules of lighting and receptacle loads
in office buildings for energy and cooling load calculations, they advocated
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in favor of the median of measurements. In their work, the median was
used to create DOE-2, BLAST, and EnergyPlus input files. The median was
chosen over the mean because its value is not affected by outliers [209].
Furthermore, standard schedule values are often presented in quantized
(rounded) steps of 5% or 10%. For example the ASHRAE standard schedule
for retail occupancy is defined in steps of 10% and the restaurant occupancy
schedule is defined in steps of 5%. To ensure a fair comparison with standard schedules (e.g. in terms of peak heights), we also explore data-driven
schedules based on quantized means and medians in the analyses. We expect the quantization to have some impact on the number of occupied hours
because low values of data-driven occupancy <5%, or <2.5% respectively,
will be quantized to 0 and considered as non-occupied. In this work, we are
performing all analyses for the quantized and non-quantized means and
medians. However, we only present selected results in detail.
4.2.2

Methods to quantify the difference between schedules

We propose to use the concept of the earth mover’s distance (EMD) for part
2) of the method, to quantify the difference between any two schedules
(i.e. their general similarity or dissimilarity). The EMD was developed
for comparing color histograms for image retrieval in computer science3 ,
where it is usually formulated as a transportation problem solved with
linear optimization [212]. The next two subsections, will first introduce the
concept, definition, and graphical explanation of the EMD method selected
for our analysis. Second, we provide a comparison to other similarity
metrics and highlight the EMD’s benefits when compared to accuracy
measures for time series comparisons, which are usually used in the field
of building energy simulations.
4.2.2.1

Definition and graphical explanation of the EMD

To intuitively understand the EMD, one schedule is pictured as a mass of
earth spread in space, while the other is pictured as a collection of holes in
that same space. The EMD measures the least amount of work needed to fill
the holes with earth, where one unit of work is quantified by transporting
one unit of earth by one unit of ground distance in that space. The definition
of ground distance is chosen according to the application. This original
3 The same concept applied in mathematics to probability distributions is known as the 1st
Wasserstein distance or Mallows distance [210]. For the formal definition in mathematics,
see [211].
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definition of EMD is only valid for two schedules with the same mass of
earth (i.e. the same integral) [212]. To overcome the limitation of having
to normalize schedules, or histograms in their case, Pele and Werman
proposed a variant of the EMD for non-normalized histograms [213, 214].
In this variant, extra earth can be removed or added with a distance penalty.
Given two histograms P = { P1 , . . . , Pm }, Q = { Q1 , . . . , Qn }, they define
\
EMD:

\ α ( P, Q) = (min ∑ f ij dij ) + | ∑ Pi − ∑ Q j | × α max{dij } s.t Eq. 4.2
EMD
{ f ij } i,j

i

i,j

j

(4.1)

∑ fij ≤ Pi , ∑ fij ≤ Q j , ∑ fi,j = min(∑ Pi , ∑ Q j ) ,
j

j

i,j

i

f ij ≥ 0

(4.2)

j

where { f ij } denotes the flows between P and Q. Each f ij represents the
amount of earth transported from bin i in P to bin j in Q. dij is the ground
distance between bin i and bin j in the histograms. If the masses of P and
\ adds or removes mass such that both sides become
Q are not equal, EMD
equal. The transport distance for this added or removed mass to all other
locations is set to be α times the maximum ground distance.
In our application of comparing schedules, the earth or mass { Pi },{ Q j }
are the people present at different times of the day, and the ground distance dij is the clock-time, which means we are shifting people in time to
transform one occupancy schedule into another. Because of the circular
nature of clock time (i.e. the time of the day), we use the modular distance
as the distance between two points in time. For the definition of ground
distance dij = D MOD (i, j), see eq. 4.3. For example, when comparing two
24-hour schedules, the distance between 03:00 and 23:00 is 4 hours and not
20 hours. In this example, the maximum shift in time is therefore 12 hours
or maxi,j {dij } = 12h. We use this maximum distance value as the distance
penalty associated with creating or removing people from the schedule
(α = 1).
D MOD (i, j) = min(|i − j|, N − |i − j|)

(4.3)

\ α ( P, Q)
For the remainder of this paper we will use EMD to refer to EMD
as defined in eq. 4.1 with ground distance dij = D MOD (i, j) and α = 1. An
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efficient algorithm to compute this EMD is available for python [215]. With
this definition of EMD, the absolute maximum value the metric can assume
between two 24-hour schedules is 28,800 (24 values * 100% * 12 h penalty).
This maximum value corresponds to the difference between a zero schedule,
where every hour of the day is 0% occupied and a full occupancy schedule,
where every hour of the day is 100% occupied.
To illustrate how the value of the EMD is calculated, we can look at
an example of the difference between different versions of the ASHRAE
occupancy schedules for restaurants on weekdays in Fig. 4.3. The occupancy
in the morning hours was modified between the versions of 2004 and 2013,
as mentioned above in section 4.1.2.
The majority of occupancy or earth in grey, remains the same. The green,
purple, and orange occupancy is moved from 1 AM-3 AM to the time at
6 AM-8 AM. The work for moving this occupancy is 165%h (green: 5% *
5 h + 5% * 7 h = 60, purple: 10% * 5 h + 5% * 6 h = 80%h, orange: 5% * 5
h = 25%h) and a total of 90% (yellow) has to be created with a penalty of
12h, yielding an additional 1080%h to the total of 1245%h, corresponding
to 4.3% of the maximum possible EMD between two 24-h schedules.
4.2.2.2

Comparison of the EMD to time series forecasting accuracy measures

We chose two examples to illustrate the benefits of using the EMD to
compare two schedules. See Fig. 4.4. We argue that the difference (distance)
between the schedules A and B (top left vs. bottom left) is maximal. On
the other hand, the difference between the schedules C and D (top right vs.
bottom right) is small, but not zero, as all of their values are just shifted by 1
hour of clock-time. Table 4.4 presents a comparison of the EMD to common
accuracy measures for time series forecasting applied to the examples in
Fig. 4.4. The selected accuracy measures are the root mean square error
(RMSE), the mean squared error (MSE), the mean absolute error (MAE),
the mean percentage error (MAPE), the symmetric mean percentage error
(sMAPE), the mean bias error (MBE), and the coefficient of variation of the
root mean squared error (CV(RMSE)). For definitions of these measures
see [216].
As evident in Table 4.4, the MAE, the MSE, the RMSE, and the sMAPE
give the same value for both examples and therefore, are not indicative of
the differences we would like to quantify. The MAPE, MBE, CV(RMSE) are
not symmetrical and undefined in some cases. They can not be used to
compare two schedules.
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Figure 4.3: ASHRAE standard schedules of occupancy for restaurant on weekdays. The version of 2004 (a) is missing the additional occupancy in
the morning hours that was added to the 2013 version (b). The colors
of the bars illustrate the calculation of the EMD between the two
schedules. The occupancy or earth moved to transform the schedules
into each other is color-coded: grey is the occupancy that remains
in place, yellow is the occupancy that is additionally created with a
distance penalty of 12 hours, the other colors are parts of occupancy
moved from 1-3 AM to 6-8 AM.
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Figure 4.4: Examples to illustrate the usefulness of the EMD to assess the similarity or difference of two schedules. Schedule A (a) represents a full
load schedule to be compared to the zero schedule B (b). Schedules C
(c) and D (d) are two schedules alternating between zero and 100%
that are shifted in time by one hour.

A vs. B

B vs. A

C vs. D

MAE

100

100

100

D vs. C
100

MSE

10000

10000

10000

10000

RMSE

100

100

100

100

MAPE

inf

1.0

inf

inf

sMAPE

2

2

2

2

MBE

inf

100

0

0

CV(RMSE)

inf

100

200

200

EMD

28800

28800

1200

1200

Table 4.4: Various accuracy measures for time series forecasting and the EMD
as per definition in equations 4.1, 4.2, and 4.3 applied to the two
illustrative examples in Fig. 4.4
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On the other hand, the EMD indicates what we would like to see. The
maximum distance between an empty building and a fully occupied space
(A vs. B) and a small but quantifiable distance between two schedules that
only differ in their timing (C vs. D).
Because the EMD is symmetrical and considers changes in scale (adding
or removing occupants) as well as changes in the dynamic behavior (moving
occupants in time), we assume it does not directly translate to implications
in energy demand. In the next section, we introduce methods to assess the
relationships between differences in schedules and their potential energy
implications.
4.2.3

Methods to assess potential energy implications of schedules

The third part of our method is to assess the potential energy implications of
differences in schedules. Because schedules of occupancy are intended for
energy simulations, their direct comparison might not adequately represent
the potential differences or errors in simulation results. Therefore we define
the following energy-related features to compare two schedules with respect
to their potential impact on simulated building and district energy demand
and energy supply systems design:
• The full load hours of a schedule,
• The occupied hours of a schedule,
• The maximum occupancy of a schedule,
• The maximum ramp gradients of a schedule, and
• The average daily peak times and peak values.
The number of full-load hours FL(s) directly impacts the energy consumption of building systems that are occupancy-controlled. For example,
ventilation systems that are controlled via the CO2 concentration. The number of full-load hours also directly impacts the internal gains (sensible and
latent) due to occupancy. Set-point controlled HVAC systems react to those
internal gains. We calculate the full load hours of an occupancy schedule
s = {s1 , . . . , sh , . . . , sn } with Eq. 4.4.
FL(s) =

∑nh=1 sh
100%

(h)

(4.4)
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The number of occupied hours OH (s) directly impacts the energy consumption of building systems that are binary presence controlled. For
example, lights that are either on or off, or ventilation systems that are
either on or off. The occupied hours of an occupancy schedule s are a
summation of boolean values, represented with Iverson bracket notation,
[ P] = 1 if P is true; [ P] = 0 otherwise, that are 1 when there is occupancy
see eq. 4.5.
n

OH (s) =

∑ [ s h > 0]

(h)

(4.5)

h =1

The maximum value of occupancy MAX (s) is related to the expected
peak of energy use for occupancy controlled building systems (e.g. ventilation) or set-point controlled building systems (e.g. latent and sensible
cooling demand). The maximum value observed in the daily or weekly time
series is defined as eq. (4.6).
MAX (s) = max sh
1≤ h ≤ n

(%)

(4.6)

The maximum ramp gradients are defined here as the largest positive
and negative change in hourly occupancy. Large ramps in occupancy can
be indirectly related to stress in power grids or thermal networks via the
sudden increase or decrease in energy demand of occupancy controlled
building systems. For example, an occupancy controlled ventilation system
suddenly has to provide much more fresh air to the building. We calculate
the maximum ramps with Eq. (4.7) and (4.8).
MRU (s) = max sh+1 − sh ,

with

s n +1 = s 1

(%/h)

(4.7)

MRD (s) = min sh+1 − sh ,

with

s n +1 = s 1

(%/h)

(4.8)

1≤ h ≤ n

1≤ h ≤ n

Peak times and values are related to temporal energy demand patterns.
Especially in cooling dominated climates, we assume that in most cases
the peak of the sensible and latent cooling energy demand of setpointcontrolled building systems coincides with the peak of occupancy due to
passive interactions of occupants with building systems. We use the peak
finding algorithm of [217] to find local peaks in weekly or daily schedules.
In signal processing, a local peak is commonly defined as a data sample that
is larger than its two neighboring samples. Additional optional parameters
in peak finding algorithms include required heights of peaks, threshold
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values, the minimum distances to neighboring peaks, and others [217, 218].
We use a minimum distance of 4 hours in cases where two local peaks of
similar height are close to each other. We consider the center of a plateau
peak as its peak time. For the comparison, we calculate the average daily
peak time ∅ PT and the average daily peak value ∅ PV, which we define
as the means of peak times and values of all days of the week. In case
schedules with two daily peaks, subscripts to indicate the first and second
peak are added to the notation (e.g. ∅ PT1 and ∅ PT2 ).
4.3

case study locations

As mentioned above, we based our study in downtown areas of U.S. cities
in order to collect as much data as possible from the same context, for
which the ASHRAE standard schedules were created. In [167] the DOE
defined 16 representative cities of the U.S. climate zones for their commercial reference building models. We selected the same locations to collect
data for potential future studies on climate and occupancy interactions and
their impact on energy demand simulation results. The 13 largest cities are
Miami, Houston, Phoenix, Atlanta, Los Angeles, Las Vegas, San Francisco,
Baltimore, Albuquerque, Seattle, Chicago, Denver, and Minneapolis. The
three remaining cities in cold climates (e.g. Helena, Duluth, and Fairbanks)
were not considered due to their small size. Although this method is generally applicable, we expect that not enough data for meaningful statistical
analysis can currently be collected in smaller cities. Our results (see section
4.4.1) show that in Albuquerque, a city with more than half a million inhabitants, only 91 data points for retail places could be found. The populations
of Helena, Duluth, and Fairbanks are all below 100,000 people [219].
We collected data from the Downtown areas of the 13 large cities. We
selected areas of 4km x 4km around a central location in each city. These locations were extracted from geographical features representing the business
or financial district in the downtown area of each city on Google Maps [21].
Table 4.5 lists the edges of search areas within each city, as well as the name
of the Google Maps data anchor point in the search area.

4.3 case study locations

abbrevia- climate
tion
zone

Google Place name for
center coordinates

southwest edge of search northeast edge of search
area (lat,lng)
area (lat,lng)

MIA

1A

Downtown Miami, Miami, (25.753197,-80.211808)
FL, USA

(25.789303,-80.171932)

HOU

2A

Central Business District,
Houston, TX, USA

(29.734722,-95.385841)

(29.770807,-95.344487)

PHX

2B

Downtown Phoenix,
Phoenix, AZ, USA

(33.433683,-112.095971)

(33.469748,-112.052948)

ATL

3A

Downtown, Atlanta, GA,
USA

(33.737678,-84.409954)

(33.773740,-84.366780)

LA

3B-CA

Financial District, Los
Angeles, CA, USA

(34.032496,-118.278705)

(34.068557,-118.235382)

LV

3B-other

Downtown, Las Vegas, NV, (36.149033,-115.157778)
USA

(36.185081,-115.113321)

SF

3C

Financial District, San
Francisco, CA, USA

(37.776553,-122.422646)

(37.812591,-122.377232)

BAL

4A

Downtown, Baltimore,
MD, USA

(39.273990,-76.639899)

(39.310019,-76.593532)

ABQ

4B

Downtown, Albuquerque,
NM, USA

(35.073642,-106.677586)

(35.109696,-106.633720)

SEA

4C

Downtown, Seattle, WA,
USA

(47.587033,-122.360960)

(47.623010,-122.307764)

CHI

5A

Chicago Loop, Chicago, IL, (41.860626,-87.649142)
USA

(41.896639,-87.600954)

DEN

5B

Central Business District,
Denver, CO, USA

(39.726778,-105.017710)

(39.762804,-104.971041)

MIN

6A

Downtown West, Minneapolis, MN, USA

(44.956211,-93.298675)

(44.992204,-93.247966)

Table 4.5: Area selection for the search of LBS data. All data were collected on
March 12, 2019. The cities are ordered according to climate zone. The
climate zones are depicted in [167]. They range from 1 (very hot), 2
(hot), 3 (warm), 4 (mixed), 5 (cool), to 6 (cold), with subdivisions into
A (moist), B (dry) and C (marine) zones. Zones 7 (very cold) and 8
(subarctic) are not considered here.
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4.4

results

4.4.1

Generation of location-specific, data-driven occupancy schedules

In this section, the results of the LBS data collection and processing are
presented. First, an overview of the available data from the 13 search
locations is provided. Then, on the example of San Francisco, research
question 1 is addressed: “How can LBS data be used to establish a method
to create context-specific occupancy schedules?”
4.4.1.1

Data availability, collection, and processing

Fig. 4.5a shows the number of retail and restaurant places found in each city
after categorization. Fig. 4.5b shows the share of retail and restaurant places
in each city with available popular times data. The smallest sample of 91
retail places with popular times data was collected in Albuquerque, and the
largest sample of 1250 restaurant places was in San Francisco. On average,
popular times data was available for 54% of restaurant and 13% of retail
locations in the investigated downtown areas. In this result section and the
remainder of this paper we will refer to all hourly statistics extracted from
the LBS data set as data-driven occupancy.
4.4.1.2

Weekly data-driven occupancy schedules

Fig. 4.6 shows the data-driven occupancy schedule for retail places in San
Francisco. The graph shows all four variants of the data-driven schedule
(i.e. the mean and the median, as well as the the quantized mean and
the quantized median). The quantization is 10%, like the ASHRAE retail
standard schedules.
From Fig. 4.6, we can observe that retail places in San Francisco follow
a regular pattern with one peak per day in the afternoon. The maximum
values of around 70% are observed on Saturdays and Sundays in the early
afternoon. From Monday to Thursday, the pattern looks very similar. On
Fridays, a higher peak is observed compared to the other weekdays.
Table 4.6 lists the energy-related features of the four different variants
of the data-driven schedule. Choosing the mean instead of the median
results in significantly more full load hours, more occupied hours, and less
steep ramp gradients. Quantization only impacts the mean occupied hours
significantly. This is due to the distribution of the data at night time and
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Figure 4.5: Number of retail and restaurant places with and without popular
times data displayed in a 4km by 4km area in the vicinity of downtown neighbourhoods in different cities in the U.S. (a) and relative
share of places with available popular times data relative to the total
number of places (b).

early morning, where the median is usually zero, but the mean is still larger
than zero but smaller than 10%.
Fig. 4.7 shows the variants of the data-driven restaurant occupancy schedule in San Francisco. The quantization is 5%, like the ASHRAE restaurant
schedules.
The data-driven restaurant occupancy schedule for San Francisco contains
two peaks per day, see Fig. 4.7. The first peak is observed around noon, and
the second peak happens in the evening. A maximum value of around 60%
is observed on Saturday evening. From Monday to Saturday, the second
peak of the day seems to increase in magnitude from around 30% to 60%
for subsequent days, while the first peak value of the day remains between
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Figure 4.6: Data-driven retail occupancy schedule for retail locations in and
around the Financial District in San Francisco. The mean, the quantized mean, the median, and the quantized median is shown. For
the quantization a step of 10% is used analog to the ASHRAE Retail
standard schedule.
data-driven schedule variant

FL
(h/w)

OH
(h/w)

MAX
(%)

MRU
(%/h)

MRD
(%/h)

∅ PT
(hh)

∅ PV
(%)

mean

34.09

168

67

+16

-16

15.9

51

10%-quantized mean

33.2

102

70

+20

-20

15.4

50

median

29.11

74

72

+26

-33

16.4

52

10%-quantized median

28.8

74

70

+30

-30

15.8

50

Table 4.6: Energy-related features of the four variants of the data-driven, weekly
retail occupancy schedule for San Francisco. The data is depicted in
Fig. 4.6.

25% and 35% depending on the day of the week and the quantization. On
Sunday, both peaks are around 40%.
Table 4.7 lists the energy-related features of the four different variants
of the data-driven schedule. The findings are similar to retail (above). The
impact of quantization on mean occupied hours per week is less drastic as
for the retail data because the quantization step is only 5%.
In order to provide a more comprehensive analysis across all cities, the
following section 4.4.2 deals with the EMDs between data-driven schedules
and standard schedules, as well as potential energy simulation impacts
caused by these differences.
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Figure 4.7: Data-driven restaurant occupancy schedule for the Financial District
in San Francisco. The mean, the quantized mean, the median, and the
quantized median is shown. For the quantization a step of 5% is used
analog to the ASHRAE Restaurant standard schedule.
data-driven schedule
variant

FL
(h/w)

OH
(h/w)

MAX
(%)

MRU
(%/h)

MRD
(%/h)

∅ PT1
(hh)

∅ PV1
(%)

∅ PT2
(hh)

∅ PT2
(%)

mean

28.46

168

55

+12

-14

13.3

34

20.0

43

quantized mean (5%)

28.25

133

55

+15

-15

13.6

34

19.9

43

median

21.17

77

60

+20

-41

13.8

31

19.9

44

quantized median (5%)

20.85

77

60

+20

-40

13.9

31

19.9

44

Table 4.7: Energy-related features of the four variants of the data-driven, weekly
restaurant occupancy schedule for San Francisco. The data is depicted
in Fig. 4.7

4.4.2

Comparison of location-specific schedules to standard schedules

In this section, the EMD between data-driven and standard schedules is calculated to address research question 2 “How do the contextual, data-driven
schedules derived from LBS, compare to standard deterministic schedules,
such as from ASHRAE?”, and in part question 4 “What are potential implications of data-driven schedules district energy systems’ capacity and load
profile?” First, weekly data-driven schedules of all 13 cities are compared
to ASHRAE standard schedules of occupancy. Second, energy-related differences between the quantized mean data-driven schedules and standard
schedules are discussed for all locations.
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4.4.2.1

EMD between data-driven schedules and standard schedules

Fig. 4.8a shows the EMD between standard schedules of occupancy (ASHRAE
schedules 2013 [169]) and the four variants of data-driven retail schedules of
all 13 case study locations. The EMD for the week is calculated as the sum
of EMDs for each day of the week. Fig. 4.8b shows the same information
for the restaurant building use-type.
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Figure 4.8: Earth mover’s distance between the ASHRAE weekly standard schedule of retail (a) and restaurant (b) occupancy and the data-driven
schedules of 13 cities in the U.S.

On average for both use-types, the mean data is closer to the standard
schedules in terms of EMD. For retail, the range of values lies between
around 17,000 to 22,000 (mean) and between 20,000 to 28,000 (median),
corresponding to 8.4% to 13.8% of the maximum possible EMD between two
7x24-hour schedules. See Fig. 4.8a. For all four data-driven schedule variants,
the Miami data has the smallest difference to the standard occupancy
schedule. When taking the data mean, Seattle has the largest EMD. When
taking the median, Los Angeles has the largest EMD, closely followed by
Seattle. The impacts of quantization to 10% steps are marginal on the EMD
calculation. Although the relative ranking of locations is impacted, absolute
EMD values only change slightly, and the smallest, as well as the largest
differences, remain the same for the mean and the median of the data.
For restaurants, the range of values lies between 27,000 to 37,000 (mean)
and 36,000 to 46,000 (median), corresponding to 13.5% and 22.7% of the
maximum possible EMD between two 7x24-hour schedules. See Fig. 4.8b.
For all four data-driven schedule variants, the Las Vegas data has the
smallest difference to the standard occupancy schedule, and Houston data
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has the largest difference to the standard. The impacts of quantization to 5%
steps are marginal on the EMD calculation. The relative ranking of locations
is impacted only once, between quantized and non-quantized median data.
As an example of data-driven retail schedules, Fig. 4.9 shows the quantized mean popular times data for Miami (smallest EMD to the standard),
Seattle (largest EMD to the standard), and the ASHRAE standard schedule
of retail occupancy. Fig. 4.10 shows the same example for restaurant data
from Las Vegas (smallest EMD to standard), Houston (largest EMD to
standard), and the ASHRAE standard schedule of restaurant occupancy.
As can be understood from Fig. 4.9 and 4.10, the largest contribution
to the EMD stems from creating additional occupancy for the data-driven
schedules. For the retail data-driven schedule, occupancy has to be added on
weekdays and Saturday and removed on Sunday. For restaurants, occupancy
has to be created for all days of the week. Notably, the locations with the
smallest differences to the standard schedules (i.e. Miami for retail and Las
Vegas for restaurant) have larger cumulative occupancy when compared to
other locations.
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Figure 4.9: ASHRAE (2013) weekly standard schedule of retail occupancy (grey)
and data-driven retail schedules (10%-quantized mean) for Miami
(blue) and Seattle (orange).

4.4.2.2

Energy-related differences between data-driven schedules and standard
schedules

In this section, the comparisons between energy-related features of standard and data-driven occupancy schedules are presented to address the
potential implications of data-driven schedules on energy demand and
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Figure 4.10: ASHRAE (2013) weekly standard schedule of restaurant occupancy
(grey) and data-driven restaurant schedules (5%-quantized mean)
for Las Vegas (blue) and Houston (orange).

energy supply systems’ capacity and load profile. We compare ASHRAE
standard schedules to quantized mean data because the mean is closer in
terms of EMD, and non-quantized mean data has an unrealistically high
number of occupied hours per week.
Fig. 4.11 shows the different energy-related features of context-specific
data-driven retail schedules and the ASHRAE standard schedule for retail occupancy. Clear trends are visible: The standard schedules seem to
overestimate full-load hours, but underestimate occupied hours. In the
standard, maximum ramp-up gradients are slightly overestimated (+30%/h
vs. +20%/h), while maximum ramp-down gradients are significantly overestimated. The average time of the daily peak seems to be observed a bit
earlier than assumed, and the values are smaller than in the standard. The
weekly maximum observed in the mean data is a bit lower than estimated.
Fig. 4.12 shows the comparison of all energy-related features of datadriven restaurant schedules (5%-quantized mean) to the standard schedule
across all 13 case-study locations. The trends are mainly the same as for the
retail building use-type, except for the occupied hours.
In general, the number of occupied hours per week seems well estimated
by the standard restaurant schedule. The outliers are Albuquerque, with
lower occupied hours and Las Vegas, with higher occupied hours. In contrast, the cumulative occupancy measured in full load hours is much lower
in the data compared to the standard schedule. It is roughly half of the
full load hours assumed by ASHRAE for restaurants. The maximum value
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Figure 4.11: Lollipop and scatter plots of energy-related features of the standard
(ASHRAE 2013) retail occupancy schedule for one week (black) and
data-driven schedules (quantized mean) of the 13 case-study cities
for one week (colored). The individual graphs show the comparison
of full load hours (a), occupied hours (b), ramp gradients (c) and
(d), the average time and value of the daily peak (e), and the weekly
maximum value (f). Chicago has two peaks close to each other on
Tuesday, Wednesday, and Thursday around 14h and 17h. The average
peak time of those days was calculated as the average time between
the first and the second peak.

of occupancy, according to the standard schedule, is 90%. In the data, we
observe maxima of 50 to 60%.
The data-driven restaurant schedules have much smoother ramps. The
maximum ramp-up is +15%/h, compared to +45%/h in the standard schedule. Likewise, the maximum ramp down is -15%/h compared to -35%/h.
The timing of the two peaks around noon and evening is similar in the
standard schedule and the data-driven schedules. Generally, the noon peak
happens a bit later compared to the standard, while the evening peak
happens a bit earlier in the day. There are some exceptions, however the
differences in peak times are smaller than ±1 h.
4.4.3

Pairwise comparison of location-specific schedules

In this last results section, we are comparing data-driven schedules from
different locations to address research question 3: “How do the resulting
data-driven schedules compare to one another with respect to location
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Figure 4.12: Lollipop and scatter plots of energy-related features of the restaurant
standard (ASHRAE 2013) occupancy schedule for one week (black)
and data-driven schedules (quantized mean) of the 13 case-study
cities for one week (colored). The individual graphs show the comparison of full load hours (a), occupied hours (b), ramp gradients
(c) and (d), the average time and value of the daily peaks (e) and
(f), and the weekly maximum value (g). PHX and LA quantized
mean data does not have an evening peak on Sunday. ATL and MIN
quantized mean data does not have a noon peak on Saturday. For
those four cities, the average shown is the mean of the 6 other days
of the week.

and categorization of day types?” and the follow-up research question 4:
“What are the potential implications of data-driven schedules on district
energy systems’ capacity and load profile?”. First, we present a pairwise
comparison in terms of EMD and energy-related features between weekly
data-driven schedules for different locations. Second, we present a pairwise
comparison of daily data-driven schedules in terms of EMD between the
different days of the week for all locations.
4.4.3.1

Differences between data-driven schedules for different locations

Fig. 4.13a shows the pairwise EMD between weekly data-driven (mean)
retail schedules in the 13 case-study cities in the U.S. The values of EMD
range between around 1,400 to 8,200, corresponding to 0.7% to 4.1% of the
maximum possible EMD between two 7x24-hour schedules. The differences
between context-specific, data-driven retail schedules are around 3 to 12
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times smaller, as compared to the differences between standard and datadriven schedules, with values of around 17,000 to 22,000 (mean). See Fig.
4.8a above.
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Figure 4.13: Pairwise earth mover’s distances between weekly data-driven (mean)
retail occupancy schedules (a) and restaurant occupancy schedules
(b) of the 13 case-study cities in the U.S.

In Fig. 4.13a we can observe that for the retail building use-type, Miami
seems to experience a distinct behavior from other cities. Miami has the
largest differences to 9 out of 12 other cities. The exceptions are Las Vegas
(largest difference to Phoenix), Atlanta (largest difference to Seattle), and
Chicago (largest difference to Phoenix). The overall largest difference is
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observed between Miami and Seattle. The smallest difference is observed
between the mean behavior of Phoenix and Houston, followed by Baltimore
and Denver.
Fig. 4.13b shows the pairwise EMD between weekly data-driven (mean)
restaurant schedules for the 13 case-study cities in the U.S. The values of
EMD range from around 1,200 to 11,000, corresponding to 0.6% to 5.4% of
the maximum possible difference between two 7x24-hour schedules. The
differences between context-specific, data-driven restaurant schedules are
around 3 to 22 times smaller, as compared to the differences between datadriven and standard restaurant schedules, with values of around 27,000 to
37,000 (mean). See Fig. 4.8b above.
From Fig. 4.13b, we can observe that for the restaurant building use-type,
Las Vegas seems to experience a distinctly different behavior compared
to most other cities. Las Vegas has the largest EMD to 9 out of the 12
other cities. The exceptions are Los Angeles (largest difference to Houston),
Atlanta (largest difference to Albuquerque), and Miami (largest difference
to Albuquerque). The smallest difference is observed between Seattle and
San Francisco, followed by Baltimore and Denver, and Baltimore and Minneapolis.
Energy-related differences between data-driven schedules can be extracted from Fig. 4.11 and 4.12 above. See section 4.4.2 for additional details.
They are generally small, but there are some exceptions. For restaurants,
these exceptions are the difference in the number of occupied hours between Las Vegas and Albuquerque, the spread in full load hours among
the cities, and to some extent, the timing of the afternoon peak in Miami
when compared to other cities. The values of full load hours in the datadriven schedules (5%-quantized mean) range from 26.5 to 35.1 h/week,
corresponding to a factor of 1.32 between the smallest and the largest
value. Meaning that for example, using Las Vegas data to simulate Houston,
would lead to an overestimation of full load hours by 32%. The values of
occupied hours range from 122 to 163 h/week, corresponding to a factor of
1.34. Meaning that for example, when using Las Vegas data to simulate the
energy demand in Albuquerque, the number of occupied hours would be
overestimated by 34%.
Notably, this means that rather than the peak loads or the shape of
demand patterns, the annual energy demand prediction is likely to be most
affected by the differences between geographic locations.
For the retail building use-type, energy-related differences can be extracted from Fig. 4.11 in section 4.4.2.2 above. The data-driven schedules
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of different locations are very similar with regards to mean peak values,
peak times, and ramp gradients. However, full load hours range from 32.5
to 39.7 h/week, corresponding to a factor of 1.22 from the smallest to the
largest value. The values of occupied hours range from 102 to 127 h/week
(i.e. factor 1.25). Like for the restaurant use-type above, these differences
could translate to significant differences in annual energy demand in some
cases.
4.4.3.2

Differences between data-driven schedules of different days of the week

Fig.4.14ab shows the pairwise EMD between data-driven (mean) daily retail
schedules of the 13 case-study cities (color-coded) in the U.S. The weekdays
from Monday to Thursday are compared against each other in Fig. 4.14a.
In Fig. 4.14b, the data-driven Friday schedules are compared against every
other day of the week. The daily data-driven retail schedules have smaller
differences and a smaller spread among different cities from Monday to
Thursday. The Friday data has large differences to all other days of the week
and a larger spread among different cities.
Fig. 4.14cd shows the same comparison for restaurants. The weekdays
from Monday to Thursday are compared against each other in Fig. 4.14c. In
Fig. 4.14d, data-driven Friday schedules are compared to every other day of
the week. In Fig. 4.14c, we observe small differences between data-driven
schedules of adjacent weekdays from Monday to Thursday (e.g. Monday
vs. Tuesday, Tuesday vs. Wednesday, and Wednesday vs. Thursday). Larger
differences are observed between non-adjacent weekdays from Monday to
Thursday. In Fig. 4.14d, large differences between Friday data and other
days of the week are evident. For some locations, Friday is closer to Saturday
and Sunday than to other weekdays.
Fig. 4.15 shows two examples for the restaurant use-type of the best (a)
and worst (b) agreement between data-driven (mean) Friday schedules
and schedules of other weekdays. Left is the data of San Francisco for
Friday and Thursday, which is the smallest difference between Friday and
another weekday, observed in Fig. 4.14d. On the right is the data of Chicago
for Friday and Monday, which is the largest difference observed in the
same figure. In general, the data-driven daily full load hours and the peak
values are larger on Friday. This means that using average weekday data
to model Fridays, would likely lead to a misprediction of daily energy
demands sensitive to cumulative occupancy (e.g. via internal loads), as
well as a misprediction of energy demands sensitive to the evening peak of
occupancy.
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Figure 4.14: Pairwise EMDs between daily data-driven (mean) retail schedules
(top row). Comparison of weekdays from Monday to Thursday
(a) and Friday to all other days of the week (b). Pairwise EMDs
between daily data-driven (mean) restaurant schedules (bottom
row). Comparison of weekdays from Monday to Thursday (c) and
Friday to all other days (d). Different colors represent different cities.
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Figure 4.15: Examples of the smallest (a) and largest (b) differences between daily
data-driven (mean) restaurant occupancy schedules for Friday and
for other weekdays according to the EMD value. See Fig. 4.14d. Left
(a) is San Francisco Thursday and Friday data, right (b) is Chicago
Monday and Friday data.

4.5 discussion

4.5

discussion

In this work we are using LBS to collect data from places that can be
categorized as retail or restaurant building use-type. The data availability
is highly variable across the selected cities in areas of equal size. This is
due to parameters such as urban density, use mix of neighborhoods, and of
course, the geographical shape of the city (i.e. not every downtown fits into
a square area). Despite this, it seems possible to collect enough data from
large cities to run meaningful statistical analyses and compare locations to
one another. We assume that the reason for a place not displaying popular
times data is that there is insufficient visit data available. For a discussion
on the potential biases introduced by considering only places with available
data, we refer to the limitations in section 4.6. In this initial exploratory
analysis, we are interested in the representative data-driven schedule of
occupancy for each geographic location and use-type for direct comparison
with the status-quo of occupancy modeling, which especially on the districtand urban-scale use ASHRAE standard schedules [20, 177].
The choice of mean vs. median and quantization to 10% vs. 5% vs. no
quantization for the creation of data-driven schedules has an impact on the
comparison results. The examples in section 4.4.1 reveal that the largest
influences on energy-related features concern the number of full load hours,
occupied hours, and the ramp gradients. The results of these feature comparisons should therefore be investigated further for additional verification.
Regarding the use of EMD for the comparison between standard schedules
and data-driven schedules, we can observe that the creation of additional
occupancy dominates the value of EMD. The reason being that the datadriven cumulative mean or median occupancy is much lower than the
ASHRAE standard assumptions. These general findings agree with the
results in [20] who used mobile phone data to model building occupancy.
In general, ASHRAE standard schedules seem to overestimate features
that influence the annual and peak energy demand of buildings. On the
building level, this overestimation might be beneficial because it conservatively estimates energy demands for building HVAC system sizing, especially for cooling loads. For heating systems, the opposite is the case. If
occupancy-related internal gains are overestimated, the necessary heating
energy demand might be underestimated. On the building-scale, such an
underestimation of heating energy demand will not impact the heating
system sizing, because the winter design conditions assume zero occupancy
and other heat gains. See for example the design schedules in [167]. On the
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other hand, this overestimation of occupancy is potentially detrimental for
district energy infrastructure design and sizing, since the resulting over- or
underestimations of energy demands are cumulative.
Another interesting finding is that it seems that the standard assumptions
generally estimate the shape of the profile correctly: A triangle-shape for
the retail use-type with a peak in the afternoon, and a M-shape for the
restaurant use-type with a first peak at lunchtime and second one in the
evening. However, trends in the collected data did not corroborate the
breakfast peak introduced by ASHRAE in 2011/2013, see Fig. 4.1 and 4.3.
Using data-driven schedules instead of standard schedules of occupancy
for building and district energy demand simulations would result in two
main consequences. First, the large differences in full load hours would
impact the annual energy demand of applications, whose energy demand
are sensitive to occupancy, such as demand-controlled ventilation, heating,
and cooling. Second, the substantial differences in maximum occupancy
values would impact the peak power requirement prediction of those
energy demands and lead to different sizing of supply and distribution
systems. The relatively small differences in occupied hours mean that
occupant-presence controlled building systems, such as lighting systems
or ventilation systems with a constant operation, will result in similar
annual energy demand when simulated with data-driven schedules and
standard schedules. The shape of energy demand patterns of buildings and
districts would look relatively similar when simulated with data-driven
schedules and standard schedules, because the timing of the peaks is
generally well estimated in the standard schedules. However due of the
smaller ramps, they would look smoother. This smoother patterns will
influence the steepness of the load duration curve of occupancy-sensitive
energy demands.
Overall, EMD and other differences are much smaller when data-driven
schedules from different locations are compared as opposed to a comparison
with standard schedules. That can be interpreted in a positive way because
it might be possible the represent multiple locations with one updated
data-driven standard schedule.
However when comparing weekly data from different locations, we can
still find significant differences despite the general agreement. Notably,
those differences are found in full load hours and occupied hours, rather
than peak values and peak times. Meaning, that the annual energy demand of buildings is likely to be influenced by context-specific differences,
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while peak demands would remain relatively similar, given similar climatic
conditions.
Finally when comparing data-driven schedules from different days of
the week, it seems that Friday behavior is significantly different from other
weekdays for both considered use-types. The common categorization of
standard schedules into three day-types: Weekday, Saturday, and Sunday is
therefore questionable for these building use-types and should be further
investigated.
4.6

limitations

The process of conducting the novel research presented in this paper has
raised a number of additional considerations for future research mainly
related to the non-transparency of the data source. We found no publicly
available information on the data collection, data processing, and data
publishing processes. This suggests the possibility of skewed or biased
results and should be considered if raw data, or similar data from other
sources, becomes available in the future. With regards to data collection,
potential data biases include: A bias towards places with larger capacity
due to the higher probability of data collection, and a bias towards places
visited by a particular population demographic due to a higher probability
of cell phone ownership or higher penetration of location data collecting
applications.
The shares of users opting in or out of collecting their location history [220] is not known. However, we are not aware of potential reasons
that might significantly impact the shares among different demographics.
Overall it can be assumed that location data can be collected from a large
part of the population across all demographics, with a potential exception
of older people due to lower smartphone ownership (see section 4.1.4). LBS
data might, therefore, underestimate occupancy in places that cater to an
older demographic or underestimate occupancy at times when a significant
share of older people is visiting retail or restaurant buildings.
Verifying the data collected by location-based services is very challenging,
as it would require the setup of large scale data collection at many locations
over a long time, for example by exploiting data collected by building
management system (BMS), access controls systems, or video-based people counting systems. In addition to technical feasibility, this would raise
massive privacy concerns.
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With regards to data processing and publication the current identified
challenges are: The potential seasonal effects that might be or might not be
reflected in the published data, and the estimation of the of 100% popularity
or occupancy value, which is based solely on historic trends of recorded
visits and might be inconsistent with standard practices of occupant density
and capacity estimations. In ASHRAE and other standard schedules the
100% occupancy value corresponds to the number of people expected at
design conditions. According to the considered standard schedules in this
work, these design conditions are not expected to occur on a regular weekly
basis. The maximum occupancy in the retail and restaurant schedule is 80%
and 90% respectively. See Fig. 4.9 and Fig. 4.10. In the popular times data the
100% corresponds to actually observed typical peak occupancy conditions.
Google states that “the typical peak popularity for the business for the
week” is based on data which is collected “over the last several weeks” [193].
Therefore, it is likely that the 100% in popular times corresponds to the
situation where the standard schedules assume 80%–90% occupancy.
Additionally, with regards to our presented methodology, we are aware
that simply extracting the mean and median of the data aggregated into
use-type and day-type categories, does not necessarily account for the
potential diversity of patterns within these categories. To further refine the
method, additional categories could be formed by using classification and
clustering techniques on the LBS data directly. Such a method could be
based on the EMD approach proposed in this paper.
Finally as discussed in detail in early sections of the paper, the results of
the quantized mean of data are presented in comparison to the standard
schedules. However conceptually, the median could represent a better
choice as it can be understood as the actual behavior of the place in the
center of the sample. The issue with selecting the mean is not only that
outliers disproportionately influence the values, but also that it is unlikely
in terms of occupancy to observe hours with zero mean occupancy in a
large sample. This can be somewhat avoided by the quantization to 5% or
10% steps as in the comparison to the standard schedules.
4.7

summary and conclusions

Standard schedules of occupancy are a by-product of the development
of simulation-based building performance evaluation. Some schedules
still being used today are unchanged since as back as 1979 and were not
created from verifiable, observed data. Since then, schedules of occupancy
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have partly been updated, but have never been based on systematic data
collection. Notably despite newer modeling approaches, these unchanged
schedules are still pervasively used in practice.
In this work, we demonstrate that we can utilize LBS data to create contextual building occupancy schedules. We compare the data-driven schedules
to standard schedules from ASHRAE, introducing the earth mover’s distance as a suitable metric for comparison. The proposed methodology
allows identifying differences that might be related to contextual influences,
such as surroundings, cultural, or climatic influences. Furthermore, we
introduced energy-related features of occupancy schedules to estimate their
impacts on energy demand and supply systems design without extensive
simulations. We collected data for commercial building uses for 13 selected
cities in different U.S. climate zones and compared the retail and restaurant building use-type data-driven schedules to the respective ASHRAE
standard schedules and to one another.
Our main observations are:
• Differences between data-driven schedules and ASHRAE standard
schedules are large, especially when compared to differences among
context-specific data-driven schedules.
• Differences between data-driven schedules and standards are mainly
due to a general overprediction of occupancy in the standards. Other
significant differences were found in full load hours (i.e. cumulative
occupancy), peak values, and ramp gradients.
• The shape of standard schedules was generally well estimated, meaning that occupied hours and peak times were generally in good
agreement between standard and data-driven schedules.
• Despite the smaller differences between context-specific data-driven
schedules, comparisons between geographical locations on the level of
energy-related features revealed significant differences, especially in
occupied hours per week, and full load hours per week. Peak values,
peak times, and ramp gradients were generally similar.
• For both use-types and almost all locations, Friday data was significantly different from data of other weekdays. The current approach
of categorization into three day-types (weekday, Saturday, and Sunday) for occupancy models should be reconsidered, especially for the
use-types analyzed in this work (i.e. retail and restaurant).
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4.8

outlook

In addition to examining the greater diversity of profiles and the extraction
of typical patterns of occupancy based on observation data, the next logical
step of this research is to consider the potential implications of our findings
in the realm of energy simulations.
The focus of further work will be the application of data-based occupancy
schedules for commercial buildings in a real case study. In order to research
the impacts of using data-based schedules compared to the benchmark of
standard occupancy schedules on the district scale, extensive simulations
with an urban energy modeling tool are planned.
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5
I M PA C T S O F D I V E R S I T Y I N C O M M E R C I A L B U I L D I N G
O C C U PA N C Y P R O F I L E S O N D I S T R I C T E N E R G Y
D E M A N D A N D S U P P LY

Urban building energy models (UBEM) have the potential to become integral planning tools for district energy systems due to the dynamic, interactive and complex nature of temporal building energy demand patterns.
Although the demand patterns are related to the occupancy profiles of
buildings supplied by district energy systems, occupant behavior in current
UBEM approaches does not usually consider diversity in occupancy profiles
among buildings of the same use-type.
In this work, a novel method to create context-specific, data-driven commercial building occupancy profiles was used to generate diverse and nondiverse urban building occupant presence models (UBOP). Diverse UBOP
randomly assigned occupancy profiles to buildings. Non-diverse UBOP assigned the data-driven mean or median profile to all buildings. ASHRAE
standard profiles and occupant densities served as a baseline for comparison.
The impact of diverse vs. non-diverse UBOP was assessed by comparing
UBEM simulations for district energy efficiency benchmarking, renewable
energy integration potential, and district energy system design, using a case
study in Singapore. The results demonstrate that, because of the relationship
between occupant presence and building systems operation, occupancy
profiles are highly sensitive parameters for district energy demand predictions. For the case study, the energy demand estimation is significantly
influenced by the shape of occupancy profiles. In particular, the choice of
UBOP influences the cooling demand to the degree that district cooling
system design decisions might be impacted. Therefore, it is advisable to
use diverse UBOP and to run probabilistic UBEM simulations for district
energy system design.

Happle, G., Fonseca, J. A., & Schlueter, A. (2020). Impacts of diversity in commercial building
occupancy profiles on district energy demand and supply. Applied Energy 277, 115594.
doi:10.1016/j.apenergy.2020.115594
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5.1
5.1.1

introduction
Urban building energy models and occupant behavior

Urban building energy models (UBEM) [9] have the potential to become
integral planning tools for urban design and district energy systems [7, 8].
The first step of such bottom-up, physics-based models is the prediction of
the dynamic energy demands of individual buildings in the district. This energy demand prediction is dependent on the various modeling assumptions
related to building physics, building systems, and energy-related occupant
behavior, which are sensitive [221–223]. Especially occupant behavior and
occupancy-related building system control have a significant impact on
building energy demand. Previous research showed that building heating
and cooling energy demands can be impacted by up to 30% for an individual building when actual occupant behavior was considered instead of
standard assumptions [224]. And in a real-world experiment in an office
building in Singapore 7–52% cooling energy savings were demonstrated by
an improved control strategy based on measured occupancy as compared
to scheduled cooling operations [189]. Due to this sensitivity, it is still unclear to what extent and for what exact purposes UBEM will be suitable
decision-making tools for urban design and infrastructure planning. One
purpose of UBEM could be the planning of district heating systems (DHS)
and district cooling systems (DCS).
One main argument for DHS and DCS is the reduction in capital cost due
to the load diversity, which “can substantially reduce the total equipment
capacity requirement” [225]. What this means is that the “total heating and
cooling capacities do not need to be as large as the sum of capacities that
would occur in individual buildings, because peak demands will not all
occur at the same time” [226]. This effect has to do with the diversity of
building geometries, construction properties, and building use-types within
a district. This diversity leads to differences in the temporal energy demand
patterns of buildings, which can also be beneficial for achieving renewable
energy supply targets in the district [22]. Current UBEM approaches are
able to consider differences in geometry and construction. However, they
mostly rely on standard assumptions regarding the occupant behavior of
specific building use-types, which are then applied for all buildings of
the same use-type [177]. The usual approach for urban building occupant
presence modeling (UBOP) consists of typical occupant density values
and relative occupancy profiles, which are multiplied with the buildings’
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floor area to obtain the number of people present at any given hour of the
year. Relative occupancy profiles are defined as hourly percentage values
with respect to the full occupancy determined by the occupant density of
the space. Such typical values and profiles are published by professional
associations like the American Society of Heating, Refrigerating and AirConditioning Engineers (ASHRAE) for example [16, 169] or the Swiss
Society of Engineers and Architects (SIA) [227]. While these approaches
consider differences between use-types, the variability within use-types is often
neglected. This simplification could affect the UBEM simulation results,
especially in mixed-use districts with a considerable share of commercial
buildings. Such buildings, for example restaurants and retail buildings, can
have highly variable occupancy profiles.
Fig. 5.1 introduces some of the causes that could lead to variability
in occupancy profiles within buildings of the same use-type. We use the
terminology diversity, stochasticity, and seasonality to describe them. Diversity
is used to describe fundamental differences between buildings of the same
use-type. E.g., a clothing store vs. a grocery store or a fast-food restaurant
vs. a fine dining restaurant. Stochasticity is used to describe the random
variations in regular daily profiles of a specific building. E.g., the timing and
height of the regular Monday lunchtime peak in a restaurant might vary
randomly from week to week within certain bounds. Finally, seasonality
is used to describe underlying behavioral trends influencing all types of
buildings, such as the weather or holidays. E.g., people might generally
spend more time outdoors during pleasant weather, which might reduce
the overall occupancy of shopping malls. Diversity was selected as the focus
of this work because to date, 1) this critical aspect has not been addressed in
the literature, and 2) because due to new methods context-specific, diverse
occupancy profiles for commercial buildings can be collected at a sufficient
scale [228].
In the next section, existing modeling approaches dealing with variability
in occupancy profiles on the district- and urban-scales are introduced. On
the building-scale, occupant behaviour is extensively studied in the context
of the International Energy Agency (IEA) Annex 66 [229] and its follow-up
Annex 79 [230] that is working on “dynamic, stochastic, agent-based, and
data-driven” occupant models [14].
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Figure 5.1: Possible causes and examples of variability in building occupancy
profiles on the district and urban scale.

5.1.2

Advanced urban-scale occupant behavior models

Currently, there are few publications focused on advanced occupant behavior modeling approaches in district or urban energy simulations [177]. So far,
approaches that consider stochasticity and/or diversity in occupant presence profiles focused on mono-functional residential or office districts. The
models in the literature considered residential end-use energy consumption
in Japan [124–126], residential heating energy demand in Germany [120,
121], residential heating demand in Switzerland [41], residential heating
demand in the UK [60], residential electricity demand in Belgium [91],
residential cooling loads in China [42], office cooling, heating and electricity demand in Japan [114, 122, 123], and total energy consumption in
Greece [127]. Most of these advanced approaches constitute adaptions of
building-scale approaches, which are in turn based on residential time-use
survey (TUS) data, e.g. [51], or observed data in offices, e.g. [78]. Additionally more recently, novel approaches that couple urban mobility models
with UBEM have been addressed in the literature [20]. For more detail on
the previously mentioned approaches, please refer to the literature review
by Happle et al. [177].
In the following subsections, advanced approaches for UBOP that consider stochasticity and/or diversity are introduced, and the categories of
space-based and person-based approaches from [177] are used to describe
them. To our knowledge, the only approach that considers seasonality is
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the SIA standard that contains monthly multiplication factors to adjust the
occupancy profiles throughout the year [227].
5.1.2.1

Space-based approaches that add stochasticity to regular profiles

Stochasticity can be added to otherwise regular profiles with the concept
of Monte-Carlo Markov-Chains (MCMC), as proposed by Page et al. [78]
and Richardson et al. [51]. DELORES, for example, is a tool that uses the
MCMC approach to generate stochastic occupancy profiles, energy use for
appliances and lights, and thermal comfort settings in buildings [231]. The
MCMC concept has recently been applied on the district-scale in Ref. [24]
to compare different modeling approaches.
A different approach was used in Ref. [232]. In Switzerland, a building
stock modeling tool introduced stochasticity into yearly standard schedules
of occupancy from SIA via random vertical variability and horizontal variability. In the context of that work, vertical variability stands for randomly
perturbing each hourly value around its nominal value. Horizontal variability stands for the creation of blocks of hourly periods, and within these
blocks shuffling the nominal schedules values with each other [232].
5.1.2.2

Person-based approaches with single building interactions

Diversity and stochasticity in person-based approaches can be achieved
by considering different categories of occupants in buildings. This kind of
diversity is usually based on statistical data. For example, for residential
buildings in the context of Europe, StROBe [91] has the ability to generate
stochastic occupant behavior profiles based on the number of household
members and their employment status (‘minor’, ‘full-time employed’, ‘parttime employed’, ‘unemployed’ or ‘retired’). The approach is data-driven,
relying on statistical data from TUS, Household Budget Surveys, and Qualitative House Registration Surveys. Another example is SOB by [42] for
stochastic behavior modeling of residents in China. For typical households,
e.g., ‘two office workers, one student, and one retiree’, the occupant presence, appliance use, window operation, and air-conditioning (AC) use are
modeled by combining different probabilistic models from the literature.
Typical household compositions and behavior patterns were based on a
large-scale questionnaire survey. Other parameter values were assumed.
In [83], various models from the literature are integrated into a room-level
stochastic occupancy simulator for office buildings. For a category of occupant, e.g., a ‘researcher’, arrival and departure events from the office
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buildings, random movements between different rooms, and meeting events
are stochastically generated based on probability distributions and transition probability matrices, which are input data. Such input data could be
based on measurements or assumptions.
5.1.2.3

Person-based approaches with multiple building interactions

Recently, some studies have integrated agent-based urban mobility models
with UBEM. In [20], an urban mobility model for Boston based on mobile
phone data was used to infer building occupancy. The urban mobility model
simulates the daily individual trajectories of 3.54 million people, including
2.10 million ‘workers’ and 1.44 million ‘non-workers’ in Boston. Each trajectory consists of a series of stay point coordinates that are characterized
as ‘home’, ‘work’, or ‘other’. The buildings in Boston were classified as
’residential’, ’commercial’, or ‘industrial’. Stay points of people were then
probabilistically mapped to buildings to infer building occupancy, whereas
‘home’ was mapped to ‘residential’, ‘work’ was mapped to ‘commercial’
or ‘industrial’, and ‘other’ was mapped to ‘commercial’. In an UBEM, this
occupancy is then used to simulate energy demands for one representative
day in each season for 1266 buildings.
The integration of agent-based urban mobility models and UBEM is
promising for applications in existing neighborhoods. However, a spacebased, data-driven UBOP might be a suitable and more straightforward
alternative for applications in the early design stage of a district. UBOP and
urban mobility models could share data sources, instead of full integration
of the models.
5.1.3

Data sources for urban building occupant presence models

Space-based building occupancy models usually require two input parameters, the occupant density and the relative occupancy profiles of buildings.
In previous work, it was demonstrated that context-specific occupancy
profiles can be created from location-based services (LBS) data [228]. While
individual buildings’ occupant densities constitute valuable information, it
is difficult to obtain them on a large scale due to the limitations associated
with determining the absolute number of people from LBS data [177]. An
alternative is to obtain data on the total occupancy of a neighbourhood
instead of individual buildings. Urban mobility modellers are already extensively relying on such totals in their data-driven models. For example
in [233], the absolute number of people performing certain activities in a
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district was estimated from a combination of public transport passenger
data and TUS data. In [234], similar information was obtained from mobile
phone data. A data-driven UBOP could use these totals as an input and
model the occupant presence in buildings in a way that satisfies the total
district occupancy as well as the relative occupancy profiles of buildings.
For new developments, the total district occupancy could be approximated
by using data of existing districts with similar characteristics.
5.1.4

Objective and research questions

Previous work up to this point did not address the diversity of occupancy
found in groups of buildings of the same use-type. This research gap makes
it difficult to evaluate the impact of occupancy on the energy demand and
supply of districts. The objective of this work has been to better understand
the possible impacts of diversity in commercial building occupancy profiles
on simulated district energy demand patterns. Furthermore, the potential
impacts on district energy supply systems planning and design decisions
have been explored using a case study in the cooling-dominated climate of
Singapore. For this purpose, a space-based, data-driven UBOP approach
to generate diverse commercial building occupancy patterns has been employed for a high-density, mixed-use, future district of Waterfront Tanjong
Pagar. A UBEM tool was then used to simulate end-use energy demand
patterns for different choices of UBOP. These demand patterns were then
analyzed in relation to the following main research question:
(Q1) How relevant is it to consider diversity in commercial building
occupancy profiles for UBEM simulations?
In order to address this high level research question, the following concrete questions regarding the UBEM modeling purpose, the UBOP approach,
and the context will be addressed using a case study:
(Q2) What are the impacts of diversity in commercial building occupancy
profiles on different phases of the energy system analysis process? (Q3) Is
diversity in commercial building occupancy profiles relevant in a district
dominated by buildings with regular operational patterns? (Q4) What are
the appropriate UBOP modeling approaches for different UBEM simulation
purposes and contexts?
In terms of broader impact, urban planners and energy systems planners
could make use of this information to choose appropriate UBOP approaches
for their context and purpose of UBEM simulation.
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To address (Q2), UBEM simulation results of a case study have been produced in sequential order: District occupancy, district demand, renewable
energy integration potential, and supply systems design. To address (Q3),
the simulation results have been analysed separately for different aggregations of buildings in the district. We considered the aggregation of only
commercial buildings in the district and the aggregation of all buildings in
the district, including a large share of office and residential buildings with
assumed regular operation patterns. To address (Q4), different UBOP have
been be developed. They entail a model representing the status-quo and
multiple data-driven models. Probabilistic diverse models and deterministic
uniform models have been created based on data. Comparing the results
of these different UBOP highlights under what circumstances diversity
can be neglected and diverse profiles can be substituted with a uniform
mean or median profile per building use-type. Such comparisons also
provide insight on situations where diversity is highly influential on the
results. In these contexts, multiple probabilistic simulations are necessary
because single simulation based deductions would present too high levels
of uncertainty to be effectively useful.
This paper is organized as follows: Section 5.2 introduces the methods
used for data-driven UBOP, the UBEM tool, and the methods for demand
pattern analysis. Section 5.3 introduces the case study. The results are presented in section 5.4 in four subsections ordered according to the sequential
UBEM simulation results: District occupancy, district demand, renewable
energy integration potential, and supply system design. The discussion in
section 5.5 is followed by the assessed limitations in section 5.6 and the
conclusions in section 5.7. Furthermore, B.1 details the occupancy modeling
and B.2 urban building energy modeling. B.3 provides reference comparison
of the models to statistical data.
5.2

methods

The methods used in this work are comprised of three parts. They are: (1)
data-driven urban occupant presence modeling for commercial buildings,
(2) urban building energy simulation with a UBEM tool, and (3) the analysis
of the district energy potentials and demand patterns. The three parts are
introduced in the next sections.

5.2 methods

5.2.1

Data-driven urban building occupant presence modeling

The data-driven UBOP in this work is based on location-based services
data that serve as a proxy for real measured occupant presence data. In the
following sections, the data collection, the occupant presence models, and
the relationship of occupancy to internal building loads are described. The
methods for data collection and processing are based mainly on previous
work in Ref. [228].
5.2.1.1

Data collection and processing

The workflow of [228] was used to collect data in an area of 4 km by 4 km
around the Downtown Core in Singapore, an area immediately adjacent
to the proposed development used as the case study. See Fig. 5.2. Popular
times data was collected for commercial buildings from Google Maps [21].
The popular times data was collected in mid-August 2019. Opening hours
and place-type information was obtained from the Google Places API [207].
The collected popular times data was categorized into the two use-types,
restaurant and retail, based on the place-type information and filtered for
seven days of data availability based on the opening hours information.
Meaning that places without popular times data during closed days were
included, and places with missing data during open days were excluded.
The categorization into restaurant and retail was based on the count of
place-type list entries that can be associated with the two building usetypes. More details on the categorization are provided in [228] and the list
of Google place-types can be found in [208]. With this procedure, 567 weekly
retail occupancy profiles and 1767 weekly restaurant occupancy profiles for
the Singapore Downtown and its neighboring areas were obtained. These
diverse weekly relative profiles can be directly used as a proxy for measured
relative occupancy data in UBEM tools. For example the profiles could be
used to replace standard schedules of occupancy.
The occupant behavior model in this work generates the inputs for the
UBEM simulation in a two-step process. First, the number of people in each
building is determined with a UBOP. Second, occupant-building interactions, such as metabolic heat gains, required ventilation rates, appliance,
lights, and hot water use, are calculated based on the number of people in
each building. The different UBOP are introduced next.
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Figure 5.2: Data collection site (red) and case study site (green) in Downtown
Singapore. Background map from [235].

5.2.1.2

Occupant presence modeling

In total, we compared ten space-based UBOP. See Fig. 5.3. On the left
a baseline model is illustrated (Fig. 5.3 left) and is based on standard
assumptions. On the right nine different data-driven models are shown (Fig.
5.3 right). All of the models consist of a distinct combination of (a) profiles
of relative building occupancy with (b) values of use-type occupant density.
District-occupancy constraints derived from the baseline, determined the
occupant density in the data-driven UBOP.
All ten UBOP are defined according to Eq. 5.1:
Npeople,b (t) = AGFA,b /Du ∗ pb (t)

(5.1)

where Npeople,b (t) in pers. is the count of people in building b at hour t
of the week, AGFA,b in m2 is the gross floor area of the building b, Du in
m2 /pers. is the occupant density of the building use-type u, and pb (t) in
% is the relative occupancy of the building b at hour t of the week. Each
relative occupancy profile pb = ( pb (1) . . . pb (t) . . . pb (168)) is one week
long and consists of 168 hourly values in %.
Next, the reasoning leading to ten different UBOP and the terminology used to describe the models is introduced here. The base model
was based on standard assumptions for profiles and occupant density
by ASHRAE [169]. It serves as a baseline throughout this work to which all
UBEM simulation results were compared. Details and parameter values are
provided in B.1.
We compare different categories of data-driven UBOP: One category
with diversity in building occupancy profiles, and another category with
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Figure 5.3: Definition of the different UBOP approaches used in this study. Each
model with the standard approach (left) or the data-driven approach
(right) consists of a combination of occupancy profile assignment and
occupant density parameter values. The occupant density values for
the data-driven approaches are based on the constraints derived from
the results of the base model.

single, non-diverse or uniform profiles. The models with diversity were using
randomly chosen subsamples of profiles from the collected data sample.
Individual profiles were applied to each of the buildings belonging to the
use-type. For the non-diverse models, we considered the hourly mean or
the median of the entire data sample as a single profile in accordance with
the research question (Q4). This single profile was then applied uniformly
to all buildings of the use-type.
Furthermore, we varied the occupant density in the data-driven UBOP
in order to better characterize the building to district interaction. When
the standard occupant densities and profiles of the base model are applied
to a district consisting of a group of buildings, the number of people in
each building, as well as the number of people in the district, are obtained.
By substituting the standard profiles with data-driven profiles, which tend
to feature an overall lower occupancy [20, 228], the resulting total occupancy in the district may be significantly lower. The cumulative district
occupancy may be lower due to the overall lower profiles, and the district
peak occupancy may be lower due to lower peaks or diversity in peak time.
To compare data-driven UBOP to the base model, we propose three mutually exclusive assumptions in line with the considerations introduced in
section 5.1.3. First, we assume that the ASHRAE default occupant densities
are good estimates for full occupancy in individual buildings. Second, the
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ASHRAE standard assumptions are good estimates for the district peak
occupancy, which is the maximum hourly count of people during the week
within a group of buildings. Third, the ASHRAE standard assumptions are
good estimates for the cumulative district occupancy, which is the sum of
hourly people counts of the week within a group of buildings.
Additionally, all three assumptions presented are relevant because they
highlight varied aspects of district occupancy of interest to different stakeholders involved in building and district planning.
The three assumptions in this work have been translated into modeling
constraints that can be fixed as an anchor at the district-level. There is no
direct physical basis for the values of the constraints. They are used to
ensure a fair comparison to the status-quo of the base model by keeping
individual energy-related features such as the cumulative occupancy or
peak occupancy constant at the district level. These constraints can be met
either by scaling the occupant density or by scaling the relative occupancy
profiles. Since the occupancy profiles and their diversity are the focus of
this work, the occupant density was treated as a variable.
The cap (capacity) constraint fixes the total space capacity (the full occupancy values) of all buildings in the district belonging to one use-type
Capu in pers.. See Eq. 5.2:
Bu

Capu =

∑ AGFA,b /Du ∗ 100% = Const.

(5.2)

b =1

where b ∈ {1 . . . Bu } are the buildings in the use-type u. The cap constraint
is straightforward to meet and does not require adjustments of the occupant
density because it is independent of the buildings’ relative occupancy
profile.
The peak constraint fixes the weekly maximum hourly count of all people
in all buildings of a certain use-type Peak u in pers. See Eq. 5.3.
Bu

∑ AGFA,b /Du ∗ pb (t) = Const.
1≤t≤168

Peak u = max

(5.3)

b =1

where t ∈ {1 . . . 168} are all hourly time steps in a week. The peak constraint requires scaling the occupant density of the use-type depending on
the relative occupancy profiles.
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The sum constraint fixes the weekly sum of hourly counts of all people
in all buildings of a certain use-type Sumu in pers. See Eq. 5.4.
168 Bu

Sumu =

∑ ∑ AGFA,b /Du ∗ pb (t) = Const.

(5.4)

t =1 b =1

The sum constraint requires scaling the occupant density of the use-type
depending on the relative occupancy profiles. The peak and sum constraint
can be met with one iteration of scaling occupant density. After relative
profiles are assigned to each building with an initial guess for occupant
density, the number of people in each building can be recalculated using a
linear scaling factor so that the chosen constraint is met.
Resulting from the combinations of profiles and constraints, we considered nine data-driven UBOP in this work in addition to the base model.
Each model is named according to its combination of profile and constraint.
See Fig. 5.3.
Three data-driven div (diverse) models were created and consist of random subsamples of context-specific profiles in combination with the three
constraints. These models are referenced as div-cap, div-peak, and div-sum
according to the specific constraint they meet.
In addition, six uniform data-driven models were created and consist of
the combinations of the mean and med (median) profiles with the three
constraints. These models are referenced as mean-cap, mean-peak, meansum, med-cap, med-peak, and med-sum according to their combination of
profile and constraint.
All div models are probabilistic because of the random choice of profiles
from the collected data. Each of these three models can be executed N times
so that N probabilistic UBEM simulation results are generated that can be
statistically analyzed. The single profile base, mean, and med models generate one deterministic simulation result each. The values of the constraints
are derived from the results of the base model.
In the next section, the models for relationships between occupant presence in buildings and energy-related occupant behavior are introduced.
5.2.1.3

Occupant-building-interaction modeling

The second step of the occupant behavior model calculates the passive and
active energy-related interactions of occupants with buildings required for
the UBEM simulations. Occupants interact with the building systems in
various ways. The extent of these interactions depends on the building
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use-type. While residents control almost all systems in their houses, retail
customers’ interactions with the building are mostly passive. Which of
those interactions can be considered also depends on the choice of UBEM
(introduced in the next section below).
In our case, occupant behavior is a UBEM simulation input consisting of
the following yearly vectors with hourly values: Occupants have metabolic
activity. Their presence causes sensible heat gains Qs in Whth /h and latent
heat gains X in gwater /h. Occupants’ presence also impacts the indoor air
quality, which necessitates a fresh air flow rate Ve in l/s. Their activities
in buildings directly or indirectly cause electricity consumption due to the
use of lights El in Whel /h and appliances Ea in Whel /h, and the flow rate
of hot water Vww in l/h. Occupants might also impact heating, ventilation,
and air-conditioning (HVAC) system operation schedules, in the form of
the cooling system set-point temperature Tcs schedule for each hour of the
week in ◦ C or the fresh air flow rate.
Our modeling approach for restaurant and retail buildings used rulebased algorithms to calculate the quantities mentioned above from the
values of absolute and relative occupancy and the respective nominal values, i.e., the lighting and appliance power density of buildings, and the
per-person hourly heat gains, ventilation requirements, and water use.
These rule-based algorithms were designed to emulate the implicit relationships between occupant presence and occupant behavior, as presented
in the ASHRAE standard schedules [16, 169]. They are described in detail in B.1. Noteworthy is the algorithm determining the cooling set-point
temperature and the required ventilation flow rate, which was assumed
to be presence-controlled. This means that the mechanical ventilation and
space cooling systems in commercial buildings are operating during the
time when occupants are present (i.e., during the retail and restaurant
buildings’ opening hours). The required ventilation rate was modeled after
a context-specific building code that mandates minimum flow rates per
person as well as per area [236]. This results in high Ve(t) even during
periods of low occupancy. During zero-occupancy, ventilation systems are
switched off, and cooling systems are set-back to a higher temperature of
30◦ C. Another point to keep in mind is that in our approach, the electricity
consumption for lights and appliances in commercial buildings was not
directly related to the absolute number of people in the building. We used
only the relative value of occupancy to determine the electricity consumption for lights and appliances. Meaning that changes in occupant density
do not influence these electricity demands. All other quantities depend on
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the absolute number of occupants in the space. See B.1. Based on one week
of occupant presence generated with the UBOP, yearly vectors of occupant
behavior for each building in the district were generated and input into the
UBEM simulation.
5.2.2

Urban building energy modeling

The City Energy Analyst (CEA) tool [8] was used for the UBEM simulations
in this work. The CEA is a python open-source urban energy simulation
toolbox, including functionality to simulate urban solar radiation, building
energy demand forecasting, energy potential assessment, and thermal
network and supply systems simulation and optimization. All simulations
were carried out with CEA version 2.29 [237]. The next two subsections
introduce the building energy demand and solar potential features used in
this work.
5.2.2.1

District energy demand

The CEA UBEM uses a building-by-building simulation approach. Each
building in the district is modeled using its real location and geometry with
typical construction properties defined per building use-type. The building
energy demand model of the CEA is based on an hourly single-zone
resistance-capacitance model based on ISO standards [29]. The solar heat
gains of buildings are calculated with the DAYSIM simulation engine [238],
which is integrated in CEA and takes mutual shading between buildings
into account. The infiltration airflow is modeled using a constant rate
based on the envelope leakage [239]. Inputs are the building geometry,
defined by the building footprint and the height, the building construction
properties, such as the window-to-wall ratio, the window, wall, and roof
thermal properties, the envelope leakage, the building system properties,
and the occupant-building-interactions mentioned above in section 5.2.1.3.
The outputs are the hourly end-use energy demands for sensible and
latent space heating and cooling, the flow rates and supply and return
temperatures of the space heating and cooling systems, the thermal energy
demand for water heating, and the electricity consumption of auxiliary
systems, such as fans and pumps. The outputs also include the estimated
final electricity or fuel consumption of decentralized heating and cooling
supply systems.
The typical building and construction properties used in this work were
based on context-specific literature and introduced in detail in B.2. The
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weather file used for the simulations is the typical meteorological year for
Singapore [240]. A comparison to average energy consumption data in
Singapore for all considered building use-types is provided in B.3.
From the CEA demand simulation outputs the yearly vectors for each
building of hourly thermal demands for space cooling systems QCsys,b
and water heating Qwwsys,b in kWhth /h and the electrical demands for
appliances Ea,b , lights El,b , and auxiliary systems Eaux,b in kWhel /h were
analyzed. These demands were aggregated when electric end-use demands
were considered. CEA also converts space cooling and water heating to
electric loads Ecs,b , Eww,b in kWhel /h assuming default conversion systems.
The average COP values for this conversion are provided in Table B.7 in
the B.2. These outputs were added to electric end-uses when all-electric,
decentralized building supply systems were considered.
5.2.2.2

District solar potential

The solar potential analysis tool of the CEA [8] was used to calculate
the district’s renewable energy potential. The tool uses the outputs of
the DAYSIM engine, which are the hourly solar radiation values onto
incremental facade and roof surfaces, taking into account mutual shading
from buildings. The inputs into the tool are the selection of pre-defined
photovoltaics (PV) technology from the CEA database and the annual
radiation threshold in kWhsol /m2 /yr to select roof and facades to install
PV panels. The output is the hourly electricity yield from all PV panels
installed on the roofs and facades on each building in the district EPV,gen,b
in kWhel /h. The method of PV yield calculation is documented in the
literature [8, 241].
We used a generic monocrystalline PV technology from the CEA database
(CEA PV1) with panels installed on every roof and wall surface with annual
irradiation of more than 250 kWhsol /m2 /yr. The threshold was based on
life cycle assessment data and was selected so that the panels receiving
this value of annual irradiation are yielding electricity with greenhouse gas
(GHG) emission intensity parity with the Singaporean national electricity
grid supply mix [26].
The next section introduces the methods for the post-processing of the
hourly UBEM simulation results.

5.2 methods

5.2.3

District demand and potentials analysis

The UBOP produces annual hourly district occupancy patterns. The UBEM
simulation results deliver the annual hourly energy end-use patterns and
annual peak demands. The total all-electric energy demand of all buildings,
assuming electric decentralized space cooling and hot water supply systems,
is an output of the CEA as well. For the analysis of district occupancy
and total energy demand, there was, therefore, no post-processing of the
results required. The next two sections introduce the additional metrics
calculated to assess the district’s potential to integrate on-site renewable
energy generation and the metrics used to assess the potential to construct
a centralized DCS.
5.2.3.1

District renewable energy potential assessment

The potential to integrate decentralized renewable electricity from stochastic
sources, such as PV electricity, depends on the expected demand patterns.
The self-consumption potential determines how much of the generated electricity can be consumed instantaneously on-site. The self-sufficiency potential
determines how much of the electricity demand can be instantaneously
produced on-site.
We used the hourly electricity yield from all the PV panels in the district
EPV,gen,district to calculate the district’s solar self-consumption SCPV and
self-sufficiency SSPV potentials assuming no storage with Eq. 5.5 and Eq.
5.6. We calculated the potential of overall renewable energy share RESPV ,
assuming perfect storage, in the district with Eq. 5.7.
SCPV =

SSPV =

∑8760
t=1 min( EPV,gen,district ( t ), ED,district ( t ))
∑8760
t=1 EPV,gen,district ( t )
∑8760
t=1 min( EPV,gen,district ( t ), ED,district ( t ))
∑8760
t=1 ED,district ( t )
RESPV =

∑8760
t=1 EPV,gen,district ( t )
∑8760
t=1 ED,district ( t )

(5.5)

(5.6)

(5.7)

where t ∈ {1 . . . 8760} are all hourly time steps in a year and ED,district is
the electrical energy demand considered in the district. We used two different electrical energy demands for the renewable energy potential assessment. The electrical end-use demands were calculated either as ED,el,district
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with Eq. 5.8, or if all-electric decentralized building supply systems were
considered, as ED,el,district with Eq. 5.9.
Bdistrict

ED,el,district =

∑

Bdistrict

Ea,b +

b =1

∑

Bdistrict

El,b +

b =1
Bdistrict

ED,all,district = ED,el,district +

∑

∑

Eaux,b

(5.8)

b =1
Bdistrict

Ecs,b +

b =1

∑

Eww,b

(5.9)

b =1

where b ∈ {1 . . . Bdistrict } are all buildings in the case study district.
5.2.3.2

Thermal district supply system design metrics

We analyzed the district’s thermal cooling demand in order to assess the
potential impacts of the different UBOP onto DCS design. We aggregated
the thermal space-cooling demand of buildings in the district to create the
annual load duration curves. We then analyzed these load duration curves
with the design of a hypothetical centralized DCS in mind.
We compared the peak power demand as a proxy for the investment
cost and the annual energy demand as a proxy for the operation costs. The
peak power demand directly impacts the DCS plant size, i.e. the number
of chillers that have to be purchased. The annual energy demand directly
impacts the fuel or electricity consumption of the chillers, which constitutes
a major part of the annual operation costs. We also calculated the diversity
factor and the capacity factor of the space cooling demand. The diversity
factor DFcool quantifies the ratio of the aggregated peak demand in the
district to the sum of individual peak demands in the buildings [242]. It
provides indications on the potential savings on investment costs when
considering a DCS as compared to a decentralized supply system. We then
sized a hypothetical centralized cooling plant according to the peak demand
in the district. The capacity factor CFcool of that plant quantifies the ratio
of the energy provided by the system to its supply capacity. It provides
indications on whether the installed capacity is underutilized. In [242]
the authors minimized the fluctuation index f = 1 − CFcool to optimize the
building-mix served by a DCS to maximize the plant utilization for a shorter
payback period of investment costs. The value of CFcool might also influence
the system choice directly. A low capacity factor might cause engineers to
propose a DCS design with lower installed cooling generation capacity and
a thermal energy storage (TES) instead.

5.3 case study

We used Eq. 5.10 and Eq. 5.11 to calculate DFcool and CFcool for three
options of connected buildings. We were considering all commercial podiums
connected, all commercial podiums and office towers connected, and all
buildings in the district connected in order to address research question
(Q3).
B

DFcool =

max1≤t≤8760 ∑b=DCS
1 QCsys,b ( t )
B

∑b=DCS
1 max1≤t≤8760 QCsys,b ( t )

(5.10)

where b ∈ {1 . . . BDCS } are all buildings b connected to the DCS and
t ∈ {1 . . . 8760} are all hourly time steps in a year.
B

CFcool =

DCS
∑8760
t=1 ∑b=1 QCsys,b ( t )

B

max1≤t≤8760 ∑b=DCS
1 QCsys,b ( t ) ∗ 8760h

(5.11)

In the next section, the mixed-use high-density case study district in
Singapore is introduced.
5.3

case study

Our case study is a proposed urban re-development in Singapore, neighboring the existing central business district. As part of a future large urban
transformation, called the Greater Southern Waterfront, shipping port terminals will be converted into high-density mixed-use urban districts. The
overall project comprises around 2000 ha of land [243–245]. The Waterfront
Tanjong Pagar Project at the Future Cities Laboratory (FCL) looked specifically at the re-development of the port’s City Terminals. A transdisciplinary
team proposed a phasing plan, including 21 precincts, to be developed over
the next 50 years [246]. Different precincts have different urban design and
follow a phasing strategy based on predicted space demand in Singapore.
For our case study, we selected Precinct 1.1, which is planned to be built
first and will be the direct extension of Singapore’s central business district.
5.3.1

Urban geometry and population

Two sets of planning information were obtained from the design team: A 3D
representation of the district, including the footprints of the selected ’tower
& podium’ block typology, and the design requirements of the district
in terms of total GFA, the total population of residents, and the number
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of office jobs. See Table 5.1. The geometry was simplified by removing
intermediate roof-gardens and other details, such as the setbacks with
increasing tower height. In the simplified geometry, all towers were assumed
to be straight without setback. The land-use allocation was not provided.
Based on the total GFA requirements, the district’s population, and the
typical occupant density for office buildings in Singapore [247], the building
heights were determined. The towers were assumed to be office use or
residential use, whereas the podiums were assumed to be commercial
(retail and restaurant). Large podiums were split into smaller buildings
in order to assign specific occupancy profiles and vary the share between
retail and restaurant use flexibly between different urban design scenarios.
The final case study geometry consisted of a total of 145 buildings. They
were 29 residential towers and 12 office towers with between 17 to 44
floors and 104 commercial buildings with five floors each. See Fig. 5.4. The
overall use-mix in terms of GFA was 63% residential, 21% office, and 16%
commercial. The different UBOP only modified the occupancy of the 104
commercial buildings. The residential and office buildings were modeled
with uniform occupant behavior based on literature. The case study’s final
design characteristics and original design goals are given in Table 5.1. The
detailed UBEM parameters are provided in B.2.

Figure 5.4: 3D representation of the case study geometry. Retail podium parts
are colored in dark green, restaurants in purple. Office towers are
light blue and residential towers are khaki.

5.3 case study

parameter

simplified geometry

original design

total GFA (m2 )

1,333,861

1,333,300

no. jobs ( pers.)

27,700

27,700

office occupant density (m2 /pers.)
office GFA

( m2 )

no. residents ( pers.)
residential GFA (m2 )
residential occupant density

(m2 /pers.)

commercial GFA (m2 )

10.0a

n/a

277,000

n/a

24,000

24,000

845,040b

n/a

34.6c

n/a

211,821d

n/a

a

10 (m2 /pers.) is the occupant density of the benchmark large office building developed by researchers of the Singapore-Berkeley Building Efficiency and Sustainability in
the Tropics (SinBerBEST) program together with the Singaporean Building Construction
Authority (BCA) [247].
b The residential GFA is the GFA of all remaining towers after 12 office towers with a
total of 277,000 (m2 ) have been selected via linear optimization.
c This is the result of dividing the total GFA of residential towers by the number of
residents.
d The commercial GFA is the total area of all podiums.
Table 5.1: Case study characteristics of Precinct 1.1 - comparison of the simplified
geometry used in this work and the original design by FCL.

5.3.2

Land-use and occupancy of commercial buildings

The case study design did not include the share of use-types in the commercial podiums. For our experiments, we assumed an urban design scenario
based on typical Singaporean shopping malls. Due to the increase in online
commerce, shopping malls in Singapore are retrofitting to substitute some
of the retail space with more food & beverage space. Experts cited in a
newspaper article estimate that in the future, restaurants could take up
to 40% of the area in malls, as compared to 20–30% in the past [248]. In
this work a near-future land-use scenario with 35% restaurant space and
65% retail space was considered. Linear optimization was used to assign
commercial podium buildings to the restaurant or retail use-type in a way
that matched the desired land-use ratio in terms of GFA.
In this way, 37 out of 104 commercial buildings were selected as restaurant
use-type, and 67 were retail buildings. They are indicated in Fig. 5.4. In a
single div UBOP simulation, 37 relative restaurant occupancy profiles and
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67 retail profiles were chosen randomly from the collected data (see section
5.2) to calculate the number of people in each commercial building.
The next section presents the results of the district occupancy and UBEM
simulations for the case study with all different UBOP.
5.4

results

5.4.1

District occupancy

In this section, the cumulative results of the different UBOP on restaurant
and retail buildings in the case study are presented first. Then, the impacts
on the total district occupancy, including all buildings in the case study, are
shown.
5.4.1.1

Occupancy in commercial buildings

Fig. 5.5 and Fig. 5.6 show the results of the different UBOP for commercial
buildings. The lines in Fig. 5.5 indicate the number of people in restaurants
obtained with the mean and med models under the three constraints cap
(a), peak (b), sum (c). The colored shaded area is the range obtained with
the div models. The grey shaded area is the number of people obtained
with the base model. Fig. 5.6 shows the same information for the retail
buildings in the district.
Comparing Fig. 5.5 and Fig. 5.6 shows that the impact of UBOP choice on
restaurants was more pronounced than on retail. While restaurants represent only around 5.5% of the district’s land-use, they hosted around 150,000
people in the most extreme case (med-sum). Comparing the different models, it can be observed that the med were below the div results during low
occupancy, i.e., in the early morning, the late evening, and in the afternoon
valley between the peaks. At the same time the med-sum during high
occupancy was above the div-sum. The mean models were in the middle of
the div range, as expected. The mean and med occupancy were relatively
close. Differences occured mainly at very low occupancy (morning and
evening) and during peak hours. For restaurants, the data-driven models’
peak occupancy usually occured on Friday night. However, peaks can also
be observed at other times, especially under the peak constraint. The differences in models for retail buildings are less drastic than for restaurants. The
difference in peaks between the different constraints was less than 10,000
people. The data-driven occupancy for retail is generally lower on weekdays
and generally higher on Sundays as compared to standard schedules.
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Figure 5.5: Weekly absolute occupancy in restaurant buildings in the case study
district. mean and med model results are represented by lines. div
model results (N=50) are given as colored areas between the minimum
and maximum of hourly values. The three graphs show approaches
under different occupant density constraints: cap (a), peak (b), and
sum (c). All graphs contain the base occupancy as grey shaded areas.

5.4.1.2

Total district occupancy

Fig. 5.7 depicts the resulting total weekly district occupancy patterns obtained with the different UBOP. For visualization purposes, only the days
from Thursday to Sunday are shown. Monday to Wednesday is identical
to Thursday and Friday for the base model and similar to Thursday for
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Figure 5.6: Weekly absolute occupancy in retail buildings in the case study district. mean and med model results are represented by lines. div model
results (N=50) are given as colored areas between the minimum and
maximum of hourly values. The three graphs show approaches under
different occupant density constraints: cap (a), peak (b), and sum (c).
All graphs contain the base occupancy as grey shaded areas.

data-driven models. See Fig. 5.5 and Fig. 5.6. The base occupancy for the
entire district is shown in Fig. 5.7(a), the data-driven occupancy for the cap
constraint is shown in Fig. 5.7(b), (c) shows peak, and (d) shows sum.
In the base model, the regular weekly peak of 93 thousand people occured
at 1 PM every weekday from Monday to Friday. When data-driven models
were used, the peak was shifted to Friday or Saturday evening. The tallest
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Figure 5.7: Total district occupancy with different UBOP. The base(a) indicates
the composition of the district occupancy in terms of building usetypes. Data-driven UBOP with different constraints cap(b), peak(c),
and sum(d) indicate the range of probabilistic div results as colored
areas and mean and med profiles as lines. Graphs (b,c,d) also show
the base occupancy as shaded area for comparison.

peak in all models (med-sum) was 186 thousand people. The smallest was
around 69 thousand people (minimum of div-cap).
Fig. 5.8 shows the district’s weekly cumulative occupancy (a) and weekly
peak occupancy (b) for all data-driven models relative to the base. Deterministic results are indicated with markers. Probabilistic results are presented
as boxplots. The whiskers of all boxplots in this paper show the entire range
of div results of N=50 simulations. The interquartile range is shaded in the
graphs to serve as a visual aid.
Models using the cap constraint resulted in 24–32% lower cumulative
occupancy and 7–26% lower peak occupancy compared to the base occupancy. This was due to the overall lower data-driven profiles compared
to the standard profiles. See Fig. 5.5 and Fig. 5.6. The peak constraint resulted in similar peaks compared to the base, as expected. However, the
cumulative occupancy was 9–28% lower. Only models with the sum constraint, as intended, matched the sum of the base. However, those models
resulted in 21–100% higher peaks. The med-sum model produced the most
pronounced result. For all constraints, the mean results were, as expected,
in the middle of the interquartile range of the div models. The med results
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Figure 5.8: Total district cumulative occupancy (a) and peak occupancy (b) of
data-driven UBOP relative to the base. The whiskers of the boxplots
indicate the minimum and maximum of N=50 div simulation results
each.

were below the minimum of cumulative occupancy or above the maximum
of peak occupancy in some cases.
5.4.2

District energy demand

In this section, the UBEM energy demand simulation results for commercial
buildings in the district are presented first, and the relationship between
occupancy and energy demands in commercial buildings are addressed to
uncover the modeling mechanisms leading to differences in simulation results. Then, the total energy demand simulation results of the case study for
all UBOP, assuming decentralized all-electric supply systems, are presented.
5.4.2.1

Energy demand of commercial buildings

Fig. 5.9 shows the annual energy demand (a) and peak power demand (b)
for the retail buildings in the district. Fig. 5.10 shows the annual energy
demand (a) and peak power demand (b) for restaurant buildings in the
district.
Comparing Fig. 5.9 to Fig. 5.10 shows that the impacts of UBOP choice
on energy demand were more pronounced for restaurants as compared
to retail buildings. Aggregated annual demands in retail buildings of div
and med models were 13–24% lower compared to the base. mean results
were 2–4% higher. The peak power demand in retail buildings was similar
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Figure 5.9: Annual all-electric energy demand (a) and peak power demand (b) for
all retail buildings in the district obtained with different data-driven
UBOP. All results are normalized to the results of the base model.
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Figure 5.10: Annual all-electric energy demand (a) and peak power demand (b)
for all restaurant buildings in the district obtained with different
data-driven UBOP. All results are normalized to the results of the
base model.

for all models. div models resulted in maximum 15% lower peak power
demands. mean and med models tended to result in higher peaks compared
to the interquartile range of div models. Aggregated annual demands in
restaurant buildings of div and med models were 15–51% lower compared
to the base. mean results were above the range of div results. At the same
time, mean results were between 20% lower to 6% higher compared to
the base. The peak power demand in restaurant buildings was highly
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variable. The data-driven models covered a range of 28% lower to 109%
higher compared to the base case. The extreme value was obtained with the
med-sum model, which was also much higher than the div-sum results.
To understand this behavior, the 2D histograms of occupancy and energy
demand in commercial buildings are presented in Fig. 5.11 and 5.12.
Fig. 5.11 shows the relationship between occupancy in retail buildings
and the space cooling energy demand for different models under the
peak constraint as an example. Fig. 5.12 shows the same information for
restaurant buildings. Colors indicate the frequency of occurrence of specific
situations in the district. Please note that the color scale is not linear for
better visualization. In Fig. 5.11 (a), (b), and (c), as compared to the div
models in (d), it can be observed that models using single uniform profiles
frequently generated situations with relatively high cooling demands during
relatively low occupancy. This effect was especially pronounced for mean
models. See Fig. 5.11 (b). During low district occupancy in div models, the
people were distributed to few buildings. In contrast, the uniform profiles
in the base, mean, and med models distributed a similar total number
of people to all buildings in the district. This caused more buildings to
operate ventilation and cooling systems and therefore resulted in more
space cooling energy demand. The behavior in restaurant buildings was
similar. See Fig. 5.12.
5.4.2.2

Total District Energy Demand

In this section, the impacts of UBOP choice for commercial buildings onto
the demand of the entire mixed-use district are presented. In this analysis,
all building energy demands of the district, with its predominant office and
residential land-use, are aggregated. Fig. 5.13 shows the annual all-electric,
decentralized energy demand (a) and peak power demand (b) of the case
study district for the different UBOP relative to the base occupancy.
The trends in the results were not very different when compared to commercial buildings only (see above). However, the magnitude of differences
was lower. Regarding annual demand, results of div models were 8–20%
lower compared to the base. They were lower even when the sum constraint
was met. The mean results were close (-6% to +3%) to the base. However,
they were far above the range of results of the div models. Regarding the
district’s peak power demand, all data-driven model results were from 14%
lower to 13% higher compared to the base. Mean and med results were
within the range of the respective div models.
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Figure 5.11: 2D histogram of hourly retail district occupancy (no. of people) vs.
hourly space cooling demand in retail buildings. Results of the base
(a) and the data-driven models under the peak constraint are shown.
The plots show the mean-peak (b), med-peak, and the average of
N=50 div-peak simulations. The colors indicate the frequency of the
situations. Please note that the color scale is not linear. One pixel is
1,200 people wide and 0.333 MW high.

5.4.3

District renewable energy potential

In this section, the potential to integrate decentralized renewable electricity
generation on the district level is analyzed.
The results obtained with the different UBOP for the overall solar energy
share, the solar self-sufficiency, and the self-consumption for two options in
terms of demands are compared.
Fig. 5.14 shows the district’s potentials for overall solar energy share
(a,b), solar self-sufficiency (c,d), and self-consumption (e,f) obtained with
different UBOP. The figure shows two different options in terms of district
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Figure 5.12: 2D histogram of hourly restaurant district occupancy (no. of people)
vs. hourly space cooling demand in restaurant buildings. Results of
the base (a) and the data-driven models under the peak constraint
are shown. The plots show the mean-peak (b), med-peak, and the
average of N=50 div-peak simulations. The colors indicate the frequency of the situations. Please note that the color scale is not linear.
One pixel is 4,000 people wide and 0.5 MW high.

energy demands considered. The left column (a,c,e) assumes the total allelectric energy demand of the district, including decentralized space cooling
and hot water supply systems. The right column (b,d,f) considers only the
electric end-use energy demands in the district (appliances, lights, and
auxiliary electricity). The results are presented in absolute terms.
For both cases, UBOP approaches with data-driven profiles lead to simulation results that suggest higher renewable energy share, higher selfsufficiency, and lower self-consumption as compared to the base standard
assumptions. Although the absolute differences were relatively small. While
the occupant density and the choice of uniform (mean, med) occupancy
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Figure 5.13: Annual all-electric energy demand (a) and peak power demand (b)
for the entire district obtained with different data-driven UBOP. All
results are normalized to the results of the base model.

profile had a considerable impact, the diversity of profiles did not lead to
a significant spread in results. In general, compared to probabilistic div
simulations, the mean was underestimating self-sufficiency and overestimating self-consumption. Whereas the med models displayed the opposite
behavior for self-consumption. However, all results remained in a relatively
narrow range. The total spread in data-driven results was never significantly
larger than ±1.5%-points. The largest differences between the base and
data-driven models for any of the metrics did not exceed ±3%-points. The
self-consumption was around 96–100%, which can be expected for a district
of this density. However, it is important to note that the spread in results
of the div models was smaller than the difference between mean and med
models. In general, none of the mean or med model results were within
the interquartile range of results of their div counterparts.
5.4.4

Cooling demand analysis for district infrastructure design

In this section, the district’s space cooling demand patterns with respect
to the design of a centralized DCS are analyzed. Three options of building
interconnections were considered to address the research question (Q3): All
commercial buildings are connected to a DCS, all commercial and office
buildings are connected, and the entire district (all commercial, office, and
residential buildings) is connected.
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Figure 5.14: District potential of solar energy share (top row, a, b), district potential of solar self-consumption (middle row, c, d) and solar selfsufficiency (bottom row, e, f), for the case when all demands are
converted to electricity (left column, a, c, e) and for the case when
only electric end-use energy for lights, appliances, and auxiliary
systems is considered (right column, b, d, f).

Fig. 5.15 shows the annual cooling energy demand (top row) and the
peak cooling power demand (bottom row) for the three options from left
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(only the commercial buildings are connected) to right (all buildings in
the district are connected). The results are presented relative to the results
obtained with the base model.
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Figure 5.15: Annual district cooling energy demand (top row, a, b, c) and peak
power demand (bottom row, c, d, e) with different occupancy models
and different combinations of cooling demands. Demands of all
commercial buildings (left, a, d), all commercial and office buildings
(center, b, e), and all commercial, office, and residential buildings
(right, c, f). All values are shown relative to the base results.

From Fig. 5.15 (d) it can be observed that the peak cooling power demand experienced a huge spread when considering only the commercial
buildings in the district. The spread reached from -20% to +83% compared
to the results of the base model. This variation became smaller when all
use-types in the district were considered. See Fig. 5.15 (e, f). One interesting
observation is that when commercial buildings’ demand patterns were combined with office demand patterns, the mean-cap and mean-peak models
resulted in higher peaks, outside of the range, compared to the respective
div-cap and div-peak results. See Fig. 5.15 (d, e).
The annual cooling demand was generally smaller than the base when
modeled with any of the div or med models. For div and med models it
was -18% to -42% smaller when only commercial buildings were considered
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and -11% to -25% smaller when all buildings in the district were considered.
However, mean models resulted in a up to 9% higher annual cooling energy
demand compared to the base. Also, for the annual energy demand, the
differences in results became smaller when more use-types were considered.
See Fig. 5.15 (a, b, c).
Fig. 5.16 shows the diversity factor (top row) and the capacity factor
(bottom row) of the district cooling demand for the three options from left
(only the commercial buildings are connected) to right (all buildings in
the district are connected). The results are presented in absolute terms. As
can be expected, the diversity in commercial building occupancy profiles
directly impacted the diversity factor of the peak space cooling power
demand for commercial buildings in the district. See Fig. 5.16 (a). The
diversity factor was between 59–78% with div models compared to around
92–97% with the uniform base, mean, and med models. When more usetypes were considered, the diversity factor became smaller, and the range
of simulation results became narrower. All non-diverse models, in all cases,
resulted in higher diversity factors as compared to the div models.
The capacity factor estimation with different UBOP was highly variable
when only the commercial buildings in the district were considered. See Fig.
5.16 (d). mean models resulted in higher capacity factors and med models in
rather lower capacity factors, when compared to the respective probabilistic
div results. When offices were included in the DCS, the med model results
fell within the range of div results. When office and residential buildings
were included, the base model and the div models produced similar results.
In order to better understand these differences in capacity factors, the
district’s cooling load duration curves are presented here.
Fig. 5.17 shows the case study district’s cumulative load duration curve
for space cooling simulated with different occupancy models. The top
graph includes the loads of all commercial buildings. The middle graph
includes the loads of all office and commercial buildings. The bottom graph
includes the loads of all residential, office, and commercial buildings. All
load duration curves are presented normalized to the respective peak power
demand.
The similarity of the different models’ load duration curves can be assessed qualitatively in terms of duration. All div models generated similar
load characteristics. When considering only the commercial buildings in the
district, the mean results showed the same characteristics compared to the
div results for around 3000 hours. See Fig. 5.17(a). The med curves were similar to the div for around 4500 hours. All uniform UBOP (base,mean,med)
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Figure 5.16: DCS diversity factors (top row, a, b, c) and capacity factors (bottom
row, d, e, f) with different UBOP and different combinations of
cooling demands: Demands of all commercial buildings (left, a, d),
all commercial and office buildings (center, b, e), and all commercial,
office, and residential buildings (right, c, f). All values are shown in
absolute terms.

were resulting in very different low-load demand patterns compared to
the div models. The base and mean models generated higher loads for
3000–4000 hours of the year. The med models generated lower loads for
around 4000 hours of the year.
When all buildings in the district were considered, all models were
generating similar thermal load characteristics. See Fig. 5.17(c).
5.5

discussion

In this section, the results presented above are discussed in the same
sequence of district occupancy, demand, energy potentials, and supply
systems metrics. At the end of this section, the findings are summarized to
answer the research questions.
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Figure 5.17: Normalized cooling load duration curves of the case study district for different UBOP and different building aggregations. Graph
(a) aggregates the space cooling loads of all commercial buildings.
Graph (b) aggregates the loads of all office and commercial buildings. And graph (c) aggregates the loads of all residential, office,
and commercial buildings.

5.5.1

Occupant presence

In general, all UBOP produced expected district occupancy results. The different constraints used for the data-driven models reveal that the occupant
density in commercial buildings is a very sensitive parameter for occupant
presence prediction. This is not surprising, given that the assumed densities,

5.5 discussion

especially for restaurants, are very high compared to other use-types. Under the sum constraint, unrealistically high district occupancy peaks were
predicted. The med-sum model generated an extreme peak value of more
than 186,000 people in the district on Friday evenings, including around
150,000 people in restaurants. We consider this to be unrealistic in relation
to the district’s residential population of 24,000 people and office-working
population of 27,000 people, which will likely have some overlaps. Meaning
that the residents of the district might probably will hold some of the
office jobs. However, it is not possible to completely rule out one or the
other model, because the future district might attract many people from
other districts or even tourists from outside the country. This highlights
one of the drawbacks of space-based occupancy modeling approaches for
UBEM — more buildings (more GFA) automatically ‘attract’ more people,
irrespective of the surrounding context. In this work a way to overcome
this limitation by imposing constraints on the number of people on the
district-level was proposed. Our data-driven UBOP adjusted the occupant
density of buildings according to the selected constraints. In this work,
the constraints were based on standard values for occupant density and
profiles for comparison. However, it will be difficult to determine realistic
values for the constraints for a non-existing development without having
access to data from similar, existing neighborhoods in the same context.
Such data could be obtained from mobile phone companies that determine
the dynamic number of customers in each cell of their network. This kind
of data is increasingly used as input for urban mobility models [234].
5.5.2

Energy demand

The district energy demand prediction of the UBEM depends on the underlying modeling mechanisms that couple occupant presence to energy
demand. In this work, a conservative approach was employed, mimicking as
much as possible the implicit relationships between occupant presence and
light use, appliance use, water use, fresh air requirements, and cooling setpoint temperatures as found in standards [16, 169, 236] and literature [247].
The observed differences in energy demand of our case study were primarily due to the assumed presence-controlled HVAC systems operation
in commercial buildings. This assumption is considered to be valid because, in commercial buildings, occupant presence should correspond to
the operating or opening hours. The models based on the med profiles
provided better estimations for probabilistic results from div models. This
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is likely due to the more realistic building operating hours compared to the
mean or base models. The models based on mean profiles generated high
demands during low commercial district occupancy because all buildings
were occupied and air-conditioned in early mornings and late evenings. Interestingly, these unrealistic building operation patterns generated the only
results close to the base model. This strong influence of occupant presence
and operating hours on space cooling energy demand was most likely a
climate-specific effect, related to the year-round need for air-conditioning
in Singapore. More research in other contexts could reveal the interplay
of different climates and diversity in occupancy profiles on district energy
demand. However, this also highlights the importance of realistic occupantbuilding-interaction models for commercial building use-types in UBEM,
such as restaurant and retail buildings. For example, if an HVAC system
operation schedule independent of occupant presence was assumed, the
results and differences between the models would look very different.
5.5.3

Energy potentials

The urban renewable energy potential assessment is related to occupancy
via the UBEM demand pattern simulation. The overprediction of the energy
demand with mean compared to div occupancy profiles translated directly
to a higher PV self-consumption potential and a lower self-sufficiency. In
general, our data-driven UBOP predicted a higher renewable energy share
potential from PV compared to the base model. This could potentially have
implications on electricity supply system considerations and GHG emission
benchmarking of districts. However, in our particular case study, due to
the high urban density of the district, all UBOP resulted in similar absolute
values. Especially because the self-consumption of PV electricity was very
close to 100%, the impact of diversity in occupancy profiles is negligible
in this case. This could change if districts with lower urban density, for
example, suburban districts, or districts with different urban forms and
use-mix were modeled.
5.5.4

Centralized cooling supply system design

The relevant outputs of the UBEM for the design of a centralized DCS were
analyzed. The annual peak space cooling power demand, the space cooling
energy demand, the diversity factor, the capacity factor, and the annual load
duration curve serve as indicators for system design decisions, as well as
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investment and operation costs. The peak cooling power demand serves as a
proxy for capital investment costs for the district cooling system. It directly
impacts the plant size and pipe size. The annual cooling energy demand
serves as a proxy for operational cost and GHG emissions of the district
system. If only the commercial buildings in our case study are considered,
the different data-driven UBOP yielded peak cooling power demands in a
range of around -20% to +80% compared to the base model. At the same
time, the cooling energy demand results were in a range of around -40%
to +10% compared to the base. These are both very large ranges of results,
especially considering that usually buildings of similar types are connected
in DCS. The spread of energy demand and peak power demand among
all models became much smaller when the entire district demand was
aggregated. It was around 30% (-25% to +5% relative to base) for both,
the energy demand and the peak power demand. This is still considerable,
given that the buildings affected by the choice of UBOP constitute only 16%
of the GFA in our case study. This trend indicates that diversity within usetypes becomes less significant if the district is highly mixed, meaning that it
contains buildings of multiple use-type categories with distinct occupancy
and operation profiles. In [249], a DCS for a mixed-use district in Hong
Kong was designed based on the cooling load profiles of typical buildings.
The chiller plant capacity was sized to be 20% higher than the predicted
peak cooling load to account for uncertainties in climate and system design.
Later the authors designed the same system under uncertainty using a
UBEM with variable parameters for demand prediction [250, 251]. They
considered uncertainty in weather, building construction, and internal gain
densities (occupant density, equipment and lighting density, and ventilation
rate), but not in temporal building occupancy and operation profiles. Their
results predicted peak cooling loads of -21% to +9% compared to the
reference case. The occupant density and ventilation rate were identified
to be the most important variables for annual cooling demand and peak
prediction [251]. The range of the peak power demand predictions run here
is comparable. However, in this study only two parameters (i.e. occupancy
profiles and occupant densities) of 16% of the district’s GFA were modified.
The spread within div models under occupant density constraints was
around ±5% (div-cap) to ±10% (div-sum) of the peak power demand
for the entire district. Meaning that without modifying the most sensitive
variables according to [251] and only by shuffling occupancy profiles of a
minor use in the district, the uncertainty in peak power demand prediction
can become as large as the safety factor for chiller plant sizing [249]. This
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highlights once more the need for UBEM to adequately model the energy
demands of commercial buildings in terms of operation and occupant
behavior, even if they do not constitute the major use-types in the district.
However, the exact land-use mix among commercial buildings, such as
restaurants, retail, and other services, will be unknown for green-field and
brown-field developments, which adds additional complexity.
The diversity factor of the peak cooling power demand is an important
metric to argue in favor of or against a DCS. A lower diversity factor
translates to higher potential savings in equipment investment costs due
to the overall lower capacity requirement. Diversity factors for district
cooling system design are often based on the experience of operators.
For example, [252–254] all mention a value of 0.8 based on experience.
For a district cooling application in Hong Kong, the diversity factor was
determined as 0.81 in a district comprised of 12 building use-types (45%
retail GFA) with uniform load profiles [255, 256]. With the presented div
UBOP, diversity factors were below 0.8 when considering only the two
commercial building use-types. This suggests that uniform load profiles
for commercial buildings will result in a too high diversity factor estimate.
This might ultimately result in decision-makers disregarding the option of
a centralized DCS. However, it is important to note that we did not consider
any diversity in terms of construction and building system properties. When
all four use-types in our case study were considered, the diversity factor
reached values of 0.5 and lower with div models. Uniform models still
predicted higher values in this case, but the med models were relatively
close to the upper range of div results.
The capacity factor relates the annual energy demand to the installed
capacity. In [242], the building use-type mix in a district in Hong Kong was
optimized to maximize the capacity factor of a DCS plant. Five use-types
with uniform load profiles were considered. The maximum achievable
capacity factors ranged from 0.4 to 0.45. In the Singapore case study, when
only commercial demands were aggregated, the capacity factor results
ranged from around 0.2 to 0.6. This range became narrower to 0.4 to
0.5 when office and residential buildings were connected. Base and med
model results were both within the range of div results. mean models
predicted higher values. A broad range of values are interpreted in these
models, especially for commercial buildings, as potentially influencing the
technology choice for a DCS. A high capacity factor of 0.6 indicates that a
system with a large cooling generation capacity (close to the peak demand)
will be the appropriate system choice. Whereas, a low capacity factor
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of 0.2, might shift the decision towards a system consisting of a smaller
cooling generation capacity and a TES. The higher capacity factors of mean
models were caused by the much higher energy demand predictions at
part-load conditions. At the same time, the peak power demands were
comparable to the other models. This can be seen from the differences
in the relative load duration curves. These differences in part-load and
low-load energy demand will not impact system design decisions based
on peak power demands. However, DCS design and sizing methods using
optimization for plant size and storage size [257] or network [258] might
produce significantly different results when one or the other UBOP is used.
For this reason, methods that design DCS under uncertainty might be
better-suited [250, 251] to be integrated with UBEM.
5.5.5

Summary

Fig. 5.18 summarizes the most important case-study-specific results in
relation to the stated research questions (Q1–Q4). The range of UBEM
results obtained with different data-driven UBOP is provided in the form of
a matrix. Columns represent different UBOP and rows represent different
UBEM simulation purposes. The values in each cell indicate the range
of results relative to the average of div simulations (N=50) for a given
occupant density constraint.
Green colored cells represent simulation results within a range of less
than ±10% of the respective average of div results (N = 50). This range was
chosen in accordance with the safety factor for DCS plant sizing in [249].
Broader ranges of results fall outside of this safety factor and are indicated
with yellow and red colors. The results matrix, for a given occupant density
constraint, allows the following three possible interpretations: (a) Diversity
in occupancy profiles is not relevant if div cells are green and mean or med
cells are green as well. In this case, any of the green models can be used. This
also means that probabilistic simulations are not necessary. (b) Diversity is
relevant, but probabilistic simulations are not necessary if div cells are green
and mean or med are not. And (c) diversity is relevant, and probabilistic
simulations should be considered if div cells are not green. In this way, we
observe that diversity can be relevant for DCS planning purposes. Moreover,
especially in high occupant density situations, probabilistic simulations
should be considered for DCS design.
It is also observable in Fig. 5.18 that diversity in profiles tends to be more
important when occupant densities are higher (cap < peak < sum). In the

135

136

Figure 5.18: Range of UBEM results for different simulation purposes obtained
with three different data-driven UBOP for three occupant density
constraints. Columns represent different UBOP and rows represent
different UBEM simulation purposes. The values in each cell indicate
the range of results relative to the average results of N = 50 div
simulations for a given occupant density constraint. Cells are colorcoded according to their value.

same way, it is noticeable that diversity tends to become less important
if more building use-types are considered. Furthermore, mean occupancy
profiles often result in large deviations of energy simulation results when
compared to div models. This is somewhat counterintuitive, given that
the total district occupancy of mean models is much closer to average div
occupancy as compared to the med models, as described in section 5.4.1.
This means that in our case study, realistic building operating hours were
more important than realistic district occupancy patterns, and therefore
mean profiles are not suitable for district energy demand benchmarking.
However, this finding is specific to our modeling assumptions of occupantbuilding-interactions.
5.6

limitations

In this study, only the variability of commercial building occupancy profiles due to diversity within two building use-types was considered. Many
other factors are contributing to variability in UBEM simulation results. For
example, occupant density itself is also a potentially diverse parameter on
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the building level. Nevertheless, we decided to use one value per use-type.
Future studies could treat these parameter values as probabilistic as well.
As described in the introduction, other effects such as seasonality could
influence the building occupancy profiles. The data used for this study
were collected at a specific date. It might therefore not be representative
of the whole year. However, as the weather throughout the year in Singapore is relatively uniform and major holidays are observed in the other
half of the year, around New Year and Lunar New Year, we don’t expect
any significant seasonal influence on the building occupancy. Also, we
only considered one option of envelope properties, building systems and
controls per use-type. Notably, future buildings might have new types of
cooling systems and control systems that could be considered together
with different UBOP. Furthermore, we did not consider any variability in
the behavior of office occupants and residents. It can be argued that office
buildings behave according to more regular schedules and that residential
energy consumption in a mixed-use district in Singapore is not dominant.
Also, residences will probably not be connected to DCS. Nonetheless, variability in these buildings should be included in future UBOP. We also did
not consider variability in climate and weather, and we only considered
one exemplary PV technology to assess the renewable energy potential
for the district. The uncertainty in climate combined with variability in
UBOP might have significant impacts on other renewable energy potentials, such as solar thermal technologies. Another limitation of the current
study is the focus on the development phase of a single precinct as part
of a larger urban development project. A holistic district energy system
planning process should also consider possible interconnections with neighboring precincts that might be built later. One would need to consider,
however, that boundary conditions such as building systems, energy supply
technologies, and climatic and economic conditions might change. At the
same time, buildings in the case study district might adapt their use-type
and their technology. Future studies should take such effects on district
energy demand and supply into account and set them in relation to the
impacts of diversity in building occupancy patterns presented here.
5.7

conclusion

In this paper, the impacts of urban building occupant presence model
(UBOP) choice onto the simulation results of urban building energy models
(UBEM) were assessed. The main research question was to investigate the
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relevance of diversity in occupancy profiles among commercial buildings of
the same use-type for different UBEM simulation purposes and contexts. To
address this question, space-based occupant presence models for retail and
restaurant buildings were generated. The baseline (base) model represents
the status-quo and is based on occupant densities and relative occupancy
profiles from ASHRAE [169]. Next, data-driven models with diversity (div)
and without diversity (mean, med) in building occupancy profiles were
created. Diversity was based on the random choice of weekly profiles based
on LBS data from Singapore downtown. For that purpose, popular times
profiles from more than 500 retail places and 1700 restaurants from Google
Maps [21] were collected.
The models were applied to a case study of a future district in Singapore
where retail and restaurant buildings constitute 16% of the total gross floor
area (GFA). The two primary building use-types were residential and office.
Using the district occupancy of the base model as a baseline, we imposed
constraints on the data-driven models to keep either the occupant capacity
(cap), the occupancy peak, or the occupancy sum constant in the district.
The combination of data-driven profiles and constraints produced three
diverse probabilistic UBOP and six non-diverse deterministic UBOP.
The City Energy Analyst was used as our UBEM tool to simulate the
district’s energy demand and PV potential using the ten UBOP. The district
energy demand patterns were analyzed to compare relevant metrics for
centralized district cooling systems (DCS) design and operation.
From this case study, several conclusions can be drawn. First in general,
occupant density and occupancy profiles are both highly sensitive parameters for district occupancy and district energy demand predictions. Second,
the research findings suggests that standard assumptions are conservative.
All data-driven UBOP produce lower peaks and lower demands unless the
cumulative sum of occupants is kept constant, resulting in unrealistic, but
not impossible, extreme values of peak occupancy. Third, the interactions
between occupant presence and building systems operation are mainly responsible for the differences in energy demand caused by the UBOP choice.
In this work, the occupant presence in commercial buildings was assumed
to coincide with opening hours and determined the operation patterns
of HVAC systems. The major difference between diverse and non-diverse
UBOP is the distribution of occupants to buildings in the district. Models
with single profiles, such as the base, mean, and med models, generate
people in all buildings in the district. In contrast, div models with diverse
building occupancy profiles can generate a similar total number of people in
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fewer buildings. This effect was especially pronounced in the mean model
where periods of very low occupancy resulted in more than 20% higher
annual energy demand in commercial buildings compared to div and med
models. This means that greenhouse gas emission estimates could be off by
20% just due to the shape of relative occupancy profiles.
Forth, in the considered climatic context, differences in cooling energy
demand are mainly responsible for the differences in annual energy demand.
The choice of UBOP influences the cooling demand to such a degree that
system design decisions might be impacted. The peak cooling demand
in the entire case study district was influenced by up to 30% by varying
occupant profiles and density in only the commercial buildings (16% of
the total GFA). The diversity factor of the cooling load varied in a range
that might impact the technology choice and sizing of chillers and thermal
energy storage systems.
Fifth, the PV energy potential assessment results are influenced by the
choice of UBOP. However, due to the high demand density in our particular
case study, the absolute range of results was not significant.
To summarize, the findings suggest that diversity should be considered
for DCS design and probabilistic demand simulations should be conducted
for high occupant densities.
5.8

outlook

Our results highlight the need for further research on UBOP as well as
on building energy modeling of all use-types in cities. Especially retail
and restaurant buildings are highly influential on the energy demand and
supply in mixed-use districts.
To improve UBOP and to calibrate the very sensitive occupant density
parameter, novel data sources could be explored. Such data could come
from telco companies that know the temporal patterns of absolute numbers
of people in districts.
Furthermore, our results are specific to the climate and case study. Further
research on the interplay between occupancy, climate, and urban design is
needed. For this purpose, UBEM should consider different building systems
and control strategies, and explore uncertainties in construction, building
systems, and control parameters together with diversity in occupant behavior.
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6
CONCLUSION

6.1

summary

This thesis was based on the hypothesis that current occupant presence
and behavior modeling approaches in building energy models for the
district and urban scale might not be suitable to address questions of
strategic energy supply system planning and energy-driven urban design.
In order to test this hypothesis, I first presented the current state-of-the-art
of occupant behavior modeling approaches in UBEM. Then I explored data
sources with the potential to inform novel models for occupant presence
and occupant behavior and presented methods to process and analyze
this data. Finally, I tested a data-driven modeling approach for occupant
presence in an urban transformation project in Singapore as a case study.
I quantified the impacts of diversity in commercial building occupancy
profiles on energy demand and supply simulations. In the next paragraphs,
the content of the individual chapters is summarized and the four research
questions are addressed.
Chapter 1 introduced the motivation, background, and driving research
questions of this thesis. The main objective of this thesis was to provide
insights on what might be the most appropriate approach to model occupant
presence and behavior in UBEM for the purpose of strategic energy supply
system planning and energy-driven urban design.
Chapter 2 reviewed the literature on occupant behavior modeling approaches for UBEM and building stock models. A categorization of modeling approaches was established. This chapter addressed the first research
question:
1. What are existing and potential options to model occupant presence
and behavior in UBEM?
Three main categories of modeling approaches were defined based on
the reviewed literature: category one, a space-based deterministic approach;
category two, a space-based stochastic approach; and category three, a
person-based stochastic approach. The space-based approach considers
spaces as entities in the model. It directly models the number of people
in buildings and their cumulative interactions with building systems. The
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person-based approach considers persons as entities in the model. It models
the movement and actions of individuals to determine the cumulative
occupant presence in buildings and the interactions with building systems.
Deterministic models generate exactly one simulation result. Probabilistic
models’ outcome varies from one simulation to another. Furthermore, three
strategies to incorporate behavioral diversity in model entities — spaces or
persons — by means of setting parameter values were identified: Strategy
one, determining parameter values of individual entities based on measured
data; strategy two, applying parameter values for a number of distinct subtypes of the same general type of entity; and strategy three, sampling
parameter values from distributions. The review concluded that the typical
approach to model occupant behavior in UBEM was deterministic, spacebased, and non-diverse. Using standardized assumptions per building
use-type was often the only viable approach, mainly because advanced
models were only available for office and residential buildings and were
often highly specific to the context for which they were developed.
Chapter 3 studied the use of IoT data for urban-scale occupant behavior
modeling. As part of a national-scale experiment in Singapore, thousands
of school students carried wearable IoT sensors for one week each. The
sensors measured, among other things, the air temperature, the relative
humidity, and the air pressure. This chapter addressed the second research
question:
2. How can data from multiple portable environmental sensors be processed and analyzed to infer occupants’ exposure to different climatic
environments?
A method to determine the AC exposure of portable devices was developed
using cluster analysis. A clustering approach was applied across measurements taken by different sensors roughly at the same time. Under the
hypothesis that there are two basic states of the environment in Singapore
— natural/non-conditioned (higher temperature, higher humidity) and airconditioned (lower temperature, lower humidity), the data were clustered
to a two-component GMM on the psychrometric chart. The clustering algorithm calculated the probabilities of each individual sensor to be a member
of each one of the two clusters. In this way, the hourly probabilities of AC
exposure of Singaporean students on weekdays were determined. Although
the particular data was representative of students and weekdays only, it
was demonstrated that this general type of data from wearables could be
used to inform data-driven urban occupant behavior models.

6.1 summary

Chapter 4 studied the use of LBS data for urban scale occupant presence
modeling. LBS data indicating the popularity of retail and restaurant buildings was collected from Google Maps [21] in the downtown neighborhoods
of different U.S. cities. These popular times have the same data structure as
the space-based standard schedules of occupancy. This chapter addressed
the third research question:
3. How can aggregated location data from mobile devices be processed
to create context-specific building occupancy profiles and what methods are suitable to compare these data-driven profiles to standard
assumptions and among each other?
The Earth Mover’s Distance approach and different energy-related features
of occupancy profiles, such as the number of occupied hours, the full-load
hours, and the height and time of the peak occupancy, were introduced to
compare variants of data-driven context-specific average occupancy profiles.
The profiles were compared to ASHRAE standard assumptions as well
as to one another. It was found that standard assumptions significantly
overestimate building occupancy. It was also found that occupancy profiles
are context-specific. These context-specific differences could significantly
impact the building energy demand simulation results even though the differences between different cities were smaller as compared to the differences
between data-driven and standard profiles.
Finally, In chapter 5 the impacts of diversity in commercial building
occupancy profiles on the energy demand and supply on the district scale
were studied. Context-specific, data-driven diverse and non-diverse urban
occupant presence models were developed using the same data as in chapter
4. The City Energy Analyst UBEM software was used to simulate the
energy demand of a future mixed-use district in Singapore. Energy demand
patterns, generated with different urban occupant presence models, were
analyzed to determine the potential of renewable energy integration and
to obtain the cooling demand features relevant for district cooling system
design. This chapter addressed the fourth research question:
4. How does diversity in building occupancy profiles influence the
energy demand and supply at the district scale?
It was found that diversity in occupancy profiles can be relevant for district
cooling system design with UBEM, and should, therefore, be included in
urban occupant presence models. Furthermore, it was demonstrated that
for certain UBEM simulation purposes, the variability in results due to
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diversity in occupancy profiles is substantial. In such cases, this variability
can be captured by multiple energy demand simulations, in which different
diverse profiles are probabilistically assigned to individual buildings.
6.2

limitations

Currently, the use of UBEM is proposed for different purposes. The necessary level of detail for occupant behavior models is strongly dependent on
the simulation purpose. Besides the limitations described in the individual chapters, I consider the following points to be the limitations of this
research:
• The impacts of data-driven occupant presence models on the design of district
energy systems was not investigated.
The data studied in chapter 4 demonstrated context-specificity of
commercial building occupant presence profiles. The models created
in chapter 5 are able to generate multiple spatio-temporal energy
demand patterns for the same case study. Although the significant
influence of occupancy profiles on metrics relevant for the sizing of
energy supply system components was demonstrated, it is unclear
whether more fundamental design decisions regarding the choices of
technologies or the layout of the distribution grid could be impacted
as well. Future studies could use optimization algorithms for district
energy system design and compare their outcomes.
• The interdependencies between the spatial resolution of UBEM and the level
of detail of occupant behavior models were not investigated.
BEM and UBEM can have various spatial resolutions (thermal zones)
from a single zone per building to the room level. There is evidence
in the literature that the thermal zoning method [259] used to process
the building geometry of UBEM impacts the simulation results [112].
Another challenge is the choice of level of detail and complexity of
occupant behavior model in case that the spatial resolution and level
of detail of the building energy model is already defined. Gaetani
developed a strategy for the selection of “fit-for-purpose” occupant
behavior models on the building-scale [260]. Such considerations
were beyond the scope of this thesis. In order to study such effects,
room-level or thermal-zone-level UBEM and the respective occupant
behavior models would have to be developed first for all building
use-types of interest.

6.3 conclusions

• The simulation time step of one hour might be inadequate for certain purposes.
Dynamic BEM and UBEM traditionally use a simulation time step
of one hour. Standard calculation procedures, such as the one implemented in the CEA [29], are defined using hourly time steps. For
certain applications, namely the dimensioning of electricity grids and
the controls of energy systems, sub-hourly time steps are needed.
This limits the UBEM simulation purposes of the occupancy models presented here to strategic energy supply system planning and
energy-driven urban design.
• It is very challenging to validate urban-scale models and simulation results.
Regarding the data analysis, large-scale survey or measurement campaigns would be necessary to find the real air-conditioning usage patterns and occupancy patterns in cities. Such campaigns were beyond
the scope of this thesis. Regarding the energy demand simulations in
the early stage of new developments, it is impossible to make accurate
predictions due to the long timescale involved in urban planning
projects. The only option is to model different scenarios, compare
different models, and treat influential parameters probabilistically to
estimate the possible range of outcomes. The research in chapter 5
provided awareness that occupancy profiles and occupant density
belong to these influential parameters in UBEM.
• Data of the present and the past might not be representative of future
developments.
This is a general drawback of many models aiming at predicting
future trends. However, such models are needed for informed decision
making and planning. For the specific application case of occupant
presence modeling in UBEM for an urban area to be developed, this
general limitation could be overcome by modeling multiple scenarios
based on data from existing contexts similar to the target urban design
characteristics.
6.3

conclusions

I arrived at four main conclusions based on the research presented in this
thesis:
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1. For most building use-types, the state-of-the-art occupant presence and
behavior modeling approach in UBEM consists of standardized profiles of
occupancy and behavior.
This is a limitation because mixed-use districts are particularly promising for the integration of low-carbon district energy supply systems.
Currently, researchers are aiming to find optimal combinations of
diversified building energy demand patterns in a district using occupancy models that do not consider individual characteristics of
buildings sufficiently.
2. Big data sources are promising pathways to advanced urban occupant behavior models.
Data collected from mobile devices and wearable sensors can be used
to model occupant presence and behavior on the urban scale. They
also allow for the modeling of diversity among people or spaces.
However, appropriate methods to analyze and process this data for
the use in UBEM have to be established first. The methods introduced
in this thesis are initial proposals for the use of such data.
3. Occupant behavior is context-specific.
Weekly, average occupant presence profiles of commercial buildings in
different U.S. cities are significantly different. A data-based update of
standard profiles will not be sufficient for the modeling of mixed-use
districts with UBEM. To account for the differences, context-specific
occupancy data would need to be collected.
4. Diversity in commercial building occupant presence profiles can be relevant
for district energy system planning.
The design and optimization of district energy systems are some of
the many proposed applications of UBEM. The significant impact of
diversity on the peak space cooling demand, the cooling energy demand, the diversity factor, and the capacity factor was demonstrated
for a mixed-use district in Singapore. Deterministic simulations with
one uniform profile for each building use-type might not be appropriate in certain contexts for district demand pattern predictions.
However, it was also found that simplified approaches are satisfactory
for other simulation purposes, like GHG emission benchmarking of
urban designs or renewable energy integration potentials.

6.4 outlook

6.4

outlook

A lot more research is needed in the field of urban occupant behavior. For
example in the following areas:
More data sources could be used. Especially data from mobile network
operators are promising. Mobile phone network operators have data on
the temporal patterns of people counts in their cellular networks. Having
access to this data would allow for a data-driven, hybrid bottom-up and
top-down modeling approach of district occupant presence.
More applications of data-driven urban occupant behavior models should
be tested. The experiments in this thesis are limited to the high-density,
mixed-use, tropical context of Singapore. The findings of chapter 5 can
therefore not be directly translated to other contexts. More experiments
in different climates, with different building use-types, and with different
construction and building system properties should be performed.
More occupant behaviors should be included in models. Occupant presence is only the first step in modeling urban occupant behavior. Various
adaptive and non-adaptive occupant-building-interactions can follow. Such
models are needed to determine the necessary granularity and level of
detail in occupant behavior models for UBEM in different contexts, building use-types, and climates. However, much more individual behavioral
data would have to be collected on a large scale for such endeavors. Ultimately, to strike the appropriate balance between the simplified space-based
approaches and the very detailed person-based approaches is essential.
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a.1

method details of chapter 4

Table A.1 provides the list of all place types supported in the Google
Places API search queries [208]. Table A.2 provides an example of the data
structure of the raw data collected with the populartimes script [206].
accounting

airport

amusement_park

aquarium

art_gallery

atm

bakery

bank

bar

beauty_salon

bicycle_store

book_store

bowling_alley

bus_station

cafe

campground

car_dealer

car_rental

car_repair

car_wash

casino

cemetery

church

city_hall

clothing_store

convenience_store

courthouse

dentist

department_store

doctor

drugstore

electrician

electronics_store

embassy

fire_station

florist

funeral_home

furniture_store

gas_station

grocery_or_supermarket

gym

hair_care

hardware_store

hindu_temple

home_goods_store

hospital

insurance_agency

jewelry_store

laundry

lawyer

library

light_rail_station

liquor_store

local_government_office

locksmith

lodging

meal_delivery

meal_takeaway

mosque

movie_rental

movie_theater

moving_company

museum

night_club

painter

park

parking

pet_store

pharmacy

physiotherapist

plumber

police

post_office

primary_school

real_estate_agency

restaurant

roofing_contractor

rv_park

school

secondary_school

shoe_store

shopping_mall

spa

stadium

storage

store

subway_station

supermarket

synagogue

taxi_stand

tourist_attraction

train_station

transit_station

travel_agency

university

veterinary_care

zoo

Table A.1: List of Google place-types supported by the API nearby search functionality [208].
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Attribute

Example Data

Origin

place id

"ChIJTxXE6Nd_j4qgulV36kcAvD9"

Google Places API

name

"Joshuas"

Google Places API

address

"855 Brannan Street, San Francisco"

Google Places API

place types

["night_club", "bar", "restaurant",
"point_of_interest","food","establishment"]

Google Places API

coordinates

{lat: 37.771900; lng: -122.403268}

Google Places API

popular times

[{name: "Monday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 7,
10, 12, 10,0,10, 22, 38, 39, 24, 0, 0, 0]};
{name: "Tuesday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 17,
22, 21, 16, 0, 17, 35, 58, 65, 48, 0, 0, 0]};
{name: "Wednesday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 3,
25, 30, 6, 0, 14, 40, 80, 100, 75, 0, 0, 0]};
{name: "Thursday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 18,
42, 43, 20, 0, 15, 40, 72, 87, 70, 37, 0, 0]};
{name: "Friday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 21,
30, 30, 22, 0, 18, 38, 65, 77, 62, 33, 0, 0]};
{name: "Saturday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1,
4, 7, 10, 0, 17, 32, 51, 58, 47, 30, 0, 0]};
{name: "Sunday", data: [0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 3,
4, 4, 3, 0, 0, 0, 0, 0, 0, 0, 0, 0]}]

obtained using
populartimes [206]

Table A.2: Example of a raw data set (not a real place) obtained with populartimes [206]. The place in this example is categorized as restaurant
based on the place-type information according to the method introduced in this paper.

B
A P P E N D I X : C H A P T E R 5 M E T H O D D E TA I L S

b.1

occupant-building interaction modeling details

Occupant-building-interactions are modeled according to ASHRAE standards [16, 169] and context-specific building codes [236] Sensible and latent
heat gains as well as ventilation air flow requirements were obtained by
multiplication of per-person values with the number of occupants in the
buildings. The Singapore Standard 553 also requires a minimum fresh
air flow rate per area [236]. The AC systems are assumed to be presencecontrolled. See Table B.1 and Table B.2. For the other two use-types in the
case study district (office and residential) assumptions and schedules were
based on literature and standards. They are introduced as part of B.2.
Regarding the relative energy use of lights, appliances, and hot water in
commercial buildings, we think that, conceptually, it is important to depict
the bandwidth between minimal base load and peak load. Therefore we
create rule-based algorithms that can be adjusted without compromising
this bandwidth. All algorithms follow the same concept: The minimum
load share is fixed according to the minimum observed in the respective
standard schedules. The maximum load share is fixed according to the
peak defined in the standard schedules. Rules define, when the minimum
and maximum occur, based on the current relative value of occupancy,
and for water use in restaurants, based on past values of occupancy. For
occupancy values in between minimum and maximum consumption, either
a linear relationship or a fixed part-load is considered. The algorithms are
introduced below in sections B.1.1 and B.1.2.
b.1.1

Restaurant

According to [169] the minimum lighting use in restaurants is 15%, and the
maximum is 90% of the installed power density. 15% is observed during
zero occupancy. The peak of 90% can be observed for occupancy values
≥20%.
For our model we implement a simple 3-step control, independent of time
of the day and day of the week emulating the general behavior of ASHRAE.
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I.e., 15% during no occupancy, 40% during intermediate occupancy, and
90% during peak occupancy. See Alg. 1
Algorithm 1 Relative light power use in restaurants l (t) based on the
relative occupancy value o (t).
for all t do
if o (t) = 0 then
l (t) ← 0.15
else if 0 < o (t) < 0.2 then
l (t) ← 0.4
else if o (t) ≥ 0.2 then
l (t) ← 0.9
end if
end for

. small consumption when not occupied
. intermediate consumption during low occupancy
. peak consumption during high occupancy

According to ASHRAE [169] the minimum appliance use in restaurants
is 2% and the maximum is 29%. The schedule is identical for all types of
days. The peak of appliance use is reached at 50% occupancy. Between zero
and 50% occupancy the relationship is more or less linear. We translate this
to our model to Alg. 2
Algorithm 2 Relative appliance use in restaurants a(t) based on the relative
occupancy value o (t).
for all t do
if 0 ≤ o (t) < 0.5 then
a(t) ← 0.02 + o (t) ∗ 0.27/0.5
else if o (t) ≤ 0.5 then
a(t) ← 0.29
end if
end for

. linear relationship with minimum use
. peak consumption during high occupancy

According to [16] the water use in restaurants is 0% when the building
is not occupied and 15–60% when the building is occupied. The peak is
reached twice per day: The first peak occurs immediately after opening
during low occupancy, the second peak occurs when 80% occupancy is
reached. It seems that a further increase in occupancy does not impact the
water consumption (e.g., 90% occupancy on Saturday coincides with 55%
water use). During other times the water consumption is more or less linear.
We translate this behavior to Alg. 3
Based on the cooling system temperature schedule in [169] the HVAC
system operation is approximated with a presence-based set-point, set-back
control. The ventilation system provides the minimum fresh air flow rate
based on the larger value of the per-person or per-area requirement. During
zero occupancy the ventilation system is switched off. Table B.1 provides
all model parameters for the restaurant use-type.

B.1 occupant-building interaction modeling details

Algorithm 3 Hourly relative hot water consumption w(t) for restaurant-use
based on the hourly relative value of occupancy o (t).
for all t do
if o (t) = 0 then
w(t) ← 0
. no consumption when not occupied
else if o (t) > 0.0 ∧ ((o (t − 4) = o (t − 3) = o (t − 2) = o (t − 1) = 0) ∨ (o (t − 4) = o (t − 3) = o (t − 2) =
0 ∧ o (t − 1) > 0)) then
w(t) ← 0.6 . peak consumption during first two hours after minimum of 4 hours closing period
else if 0 < o (t) < 0.8 ∧ ¬((o (t − 4) = o (t − 3) = o (t − 2) = o (t − 1) = 0) ∨ (o (t − 4) = o (t − 3) =
o (t − 2) = 0 ∧ o (t − 1) > 0)) then
w(t) = 0.2 + 0.5 ∗ o (t)
. linear behavior during off-peak hours
else if o (t) ≥ 0.8 then
w(t) ← 0.6
. peak consumption during peak occupancy
end if
end for

parameter

value
2

remarks

source

default occupant density

1.11 m /pers

average of fast-food and
family dining

[169]

ventilation rate

larger value of 5.1 l/s/pers
or 3.4 l/s/m2

Singapore standard

[236]

sensible heat gains

80.6 W/pers

latent heat gains

130.1 gwater /h/pers

cooling set point temperature

24◦ C

[169]

cooling set back temperature

30◦ C

[169]

appliance power density

64.6 W/m2

light power density

15.1 W/m2

ASHRAE Standard 90.12016 PRM value

[261]

maximum hot water use

2 l/pers/h

calculated from BTU value,
assuming water has to be
heated by ∆T = 50◦ C

[16]

[169]
calculated from energy
value

[169]

[169]

Table B.1: UBEM occupant behavior model parameters for the restaurant usetype.

b.1.2

Retail

According to [169] lighting use in retail-use buildings is minimum 5% and
maximum 90%. 5% is observed during non-occupied hours. 90% is observed
during more than 50% relative occupancy. During off peak hours light-use
is somewhere in between.
We translate this into a 3-step light control algorithm for retail-use. See
Alg. 4.
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Algorithm 4 Algorithm to determine relative light use in retail buildings
l (t) based on the relative value of occupancy o (t).
for all t do
if o (t) = 0 then
l (t) ← 0.05
else if 0 < o (t) < 0.5 then
l (t) ← 0.4
else if o (t) ≥ 0.5 then
l (t) ← 0.9
end if
end for

. light during zero occupancy
. part load during low occupancy
. peak load during high occupancy

According to [169] the minimum appliance use in retail buildings is
20%, the maximum is 90%. The peak is reached at 50% relative occupancy.
Between zero occupancy and 50% the relationship is relatively linear. We
translate this into Alg. 5.
Algorithm 5 Algorithm to determine relative appliance use in retail buildings a(t) based on the relative value of occupancy o (t).
for all t do
if 0 ≤ o (t) < 0.5 then
a(t) ← 0.2 + o (t) ∗ 0.7/0.5
else if o (t) ≥ 0.5 then
a(t) ← 0.9
end if
end for

. linear relationship with minimum load
. peak during high occupancy

According to [16] the minimum water consumption in retail buildings
is 4% and the maximum is 62%. The peak consumption is reached at 70%
of occupancy. Between zero and 70% the water consumption is relatively
linear.
We translate these observations into Alg. 6.
Algorithm 6 Rules to determine relative water use in retail buildings w(t)
based on the relative value of occupancy o (t).
for all t do
if 0 ≤ o (t) < 0.7 then
w(t) ← 0.04 + o (t) ∗ 0.58/0.7
else if o (t) ≥ 0.7 then
w(t) ← 0.62
end if
end for

. linear relationship with minimum use
. peak during high occupancy

The HVAC systems follow the same control as in the restaurant buildings.
Table B.2 provides all model parameters for the retail use-type.

B.2 ubem modeling details

parameter

value

remarks

source

Singapore Standard

[236]

2

default occupant density

6.22 m /pers

ventilation rate

larger value of 5.5 l/s/pers
or 1.1 l/s/m2 during
occupancy

sensible heat gains

73.3 W/pers

latent heat gains

94.6 gwater /h/pers

cooling set point temperature

24◦ C

[169]

cooling set back temperature

30◦ C

[169]

appliance power density

3.23 W/m2

light power density

16.1 W/m2

ASHRAE Standard 90.12016 PRM value

[261]

maximum hot water use

0.7 l/pers/h

calculated from BTU value,
assuming water has to be
heated by ∆T = 50◦ C

[16]

[169]

[169]
calculated from energy
value

[169]

[169]

Table B.2: UBEM occupant behavior model parameters for the retail use-type.

b.2

ubem modeling details

Important building energy model parameters used in the UBEM are provided here. They are based on context-specific literature. Office towers
and commercial podiums (retail and restaurant buildings) share the same
construction properties. They are provided in B.2.1. The same section also
contains the sources of the occupant behavior parameters for office buildings. The model parameters for residential towers are introduced in B.2.2.
All parameters that are not explicitly mentioned are default parameters in
the CEA databases for Singapore as of version 2.29 [237].
b.2.1

Office towers building energy modeling parameters

The office building models are inspired by the benchmark model for an
energy efficient office in Singapore by [247]. The model was created for
Energy Plus, some adjustments for the use in CEA had to be made. The
original model is a 20 storey building with a naturally ventilated car park on
storey 1-3 and office space on storey 4-20. For this work we did not consider
the car park. We also did not consider exterior lighting, facade lighting, and
electricity consumption from lifts. Table B.3 provides the construction and
systems properties. For the commercial podiums the same construction and
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system properties as for office towers were assumed. Table B.4 provides the
office use-type occupant behavior parameters.
parameter

value

remarks

source

construction type

CEA T2

medium construction

assumption

envelope leakiness

CEA T1

highly tight, benchmark
model has 0.2 ACH at
peak time

[247]

roof U-value

0.6 W/m2 /K

-

[247]

wall U-value

0.4 W/m2 /K

-

[247]

window U-value

2.2 W/m2 /K

double glazed on all facades, benchmark model
has single glazed windows
on south and north facade

[247]

window g-value

0.22

SHGC = g-value, double
glazed on all facades,
benchmark model has
single glazed windows on
south and north facade

[247]

WWR

0.59

-

[247]

shading system

CEA T1

-

assumption

HVAC system

CEA T3, CEA T1

central AC and mechanical
ventilation with demand
control, similar to office
Benchmark

[247]

fraction of conditioned GFA

1.0

-

[247]

Table B.3: UBEM building model construction and systems properties for office,
retail, and restaurant use-type buildings. Most values are based on the
SinBerBest benchmark BEM [247].

b.2.2

Residential towers building energy modeling parameters

Residential tower construction and systems properties are modeled after
the Singapore public housing archetype described in [151]. Ranges of typical values for wall and window construction, window-to-wall ratio and
light power density are provided. For our model we assume the lowest
U-values, projecting some improvement in average future construction. See
Table B.5. Residential schedules for occupancy, lights, and appliances are
taken from [169]. Values and schedules relating to hot water were taken
from [262]. The use of AC systems was modeled after the assumptions
in [151], which generally agree with the results of a household survey
in [149]. The assumptions are: AC use during sleeping, i.e., from 22 PM -

B.2 ubem modeling details

parameter

value
2

remarks

source

occupant density

10 m /pers

used to calculate GFA of
case study

[247]

occupancy schedule

benchmark schedule

see Fig. 3 in [247] Appendix

[247]

lights schedules

benchmark schedules

see Fig. 5 and Fig. 6
in [247] Appendix

[247]

lights power density

14.4 W/m2

composed of office, toilet,
and staircase

[247]

appliance schedule

benchmark schedule

see Fig. 7 in [247] Appendix

[247]

benchmark model starts at
7.30 with 50% operation,
see Fig. 1 and 2 in [247]
Appendix

[247]

appliance power density

14 W/m2

HVAC system operation

weekdays 7am–6pm,
Saturdays 7am–1pm

ventilation rate

larger value of 5.5 l/s/pers
or 0.6 l/s/m2

[247]

Table B.4: UBEM office use-type occupant behavior and system operation parameters.

7 AM. The air-conditioned area is 33% of the GFA, based on [263]. We are
assuming that in the new district, all residential flats will be equipped with
AC systems, which is a conservative overestimation. See Table B.6.
parameter

value

remarks

source

construction type

CEA T2

medium construction

assumption

envelope leakiness

CEA T3

medium

assumption

Wall U-value

1.2 W/m2 /K

Window U-value

2.2 W/m2 /K

Window g-value

0.22

same window as commercial/office

assumption

fraction of conditioned GFA

0.33

-

[263]

WWR

0.35

average of range in literature

[151]

HVAC system

CEA T2 + CEA T0

mini split-unit and window ventilation

assumption

[151]
[151]

Table B.5: UBEM building model construction and systems properties for residential use-type buildings.
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parameter

value

remarks

source

maximum hot water
use

3.1 l/h/pers

standard assumption of
8.6 l/pers/h adjusted to
match EUI

[261]

hot water schedule

COMNET Residential

-

[262]

cooling set point

24◦ C

-

[151]

cooling schedule

ON during the night
from 22PM–7AM

every day of the week

[149, 151]

light schedule

ASHRAE schedule D

-

[169]

light power density

1.1 W/m2

initial guess of
2.7W/m2 [151] adjusted
to match EUI

assumption

occupancy schedule

ASHRAE schedule D

-

[169]

occupant sensible heat
gain

73.3 W/pers

from ASHRAE BTU value

[169]

occupant latent heat
gain

94.6 gwater /pers/h

from ASHRAE BTU value

[169]

appliance schedule

ASHRAE schedule D

-

[169]

occupant density

34.6 m2 /pers

from case study design

see section 5.3

appliance power
density

6.2 W/m2

fitted to EUI statistics,
ASHRAE value is 6.7
W/m2

assumption

Ventilation rate

0.3 l/s/m2

based on ASHRAE

[169]

Table B.6: UBEM residential use-type occupant behavior and system operation
parameters.

b.2.3

Average COP of different building use-types

CEA dynamically calculates the COP of decentralized cooling supply systems based on the outdoor air temperature [8, 237]. For reference the
average COP values for different building use-types are provided in Table
B.7 based on a back calculation of annual thermal cooling energy demand
divided by annual electrical cooling energy demand.
building use-type

COP

restaurant

3.2–3.4

retail

3.2–3.3

office

3.3

residential

3.7

Table B.7: Average COP of decentralized cooling supply systems.

B.3 comparison of ubem eui to statistics and literature

b.3

comparison of ubem eui to statistics and literature

This section aims at adding credibility to the UBEM energy demand simulation. Retail and restaurant buildings are compared to statistical data for
energy efficient buildings in Singapore.
b.3.1

Retail and restaurant building EUI comparison

Singapore’s Building and Construction Authority (BCA) publishes building
energy benchmarking reports based on building energy consumption reported by building owners [264]. The published energy use intensity (EUI)
data for retail and mixed developments for the year 2018 are provided in
Table B.8. There is no specific data available for restaurants.
building type

Top 10% EUI
(kWh/m2 /yr )

Top Quartile
EUI
(kWh/m2 /yr )

2nd Quartile
EUI
(kWh/m2 /yr )

3rd Quartile
EUI
(kWh/m2 /yr )

Bottom
Quartile
EUI
(kWh/m2 /yr )

Large Retail

≤164

≤236

236–422

422–515

>515

Small Retail

≤147

≤238

238–370

370–478

>478

Mixed Development

≤135

≤201

201–269

269–345

>345

Table B.8: Reported EUI of retail buildings and mixed developments in Singapore [264].

Table B.9 provides the average EUI of commercial buildings in the case
study obtained with different UBOP. Retail buildings’ EUI is in the range
of 140–190 kWh/m2 /yr, which is in the top quartile of the reported EUI in
Table B.8. Restaurant buildings separately are around 360–790 kWh/m2 /yr.
When the commercial use-mix is considered as a whole, the EUI is in
the range of 220–400 kWh/m2 /yr. This is within the likely range of large
and small retail buildings in Singapore. The BCA report only includes
electricity in the EUI values. Gas use in kitchens of restaurants might
result in higher EUI in reality in Singapore as reported here. Therefore
we consider our UBEM values realistic for energy efficient commercial
buildings in Singapore.
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UBOP

retail EUI
(kWh/m2 /yr )

restaurant EUI
(kWh/m2 /yr )

commercial use-mix EUI
(kWh/m2 /yr )

base

183

742

378

mean-cap

186

600

331

med-cap

145

403

235

div-cap

138–153

360–437

221–248

mean-peak

189

649

350

med-peak

146

424

243

div-peak

143–159

387–531

231–284

mean-sum

190

786

399

med-sum

149

632

318

div-sum

142–158

536–606

283–311

Table B.9: Average EUI of retail and restaurant building energy models for different occupancy models.

b.3.2

Office towers EUI comparison

The simulation results for the office towers obtained from CEA match well
with the results of the SinBerBest benchmark model [247]. See Table B.10
demand

CEA model
(kWh/m2 /yr )

Benchmark
model
(kWh/m2 /yr )

remarks

total EUI

131

131

excluding
carpark, exterior lights, and
lifts

EUI cooling electricity

59

63

EUI lights and appliances

72

68

share cooling

46%

47%

Table B.10: Comparison of case study office building model to SinBerBest benchmark building model.

b.3.3

Residential EUI comparison

We estimated the average EUI of residential buildings in Singapore via
statistical data of household energy consumption [265], housing type statistics [266], and approximate flat sizes of public [267] and private housing [268]. The EUI of residential towers in Singapore (public and private

B.4 result details

housing, but excluding landed properties) is roughly 50–65 kWh/m2 /yr
electricity, plus 6–7 kWh/m2 /yr gas (depending on the assumed average
flat sizes). The target EUI for our, all-electric residential building model is
therefore somewhere between 56–72 kWh/m2 /yr. The shares of different
energy end-uses (cooling, appliances, lights, and hot water) was estimated
based on household energy consumption studies in 2012 and 2017 [269,
270]. Table B.11 shows the EUI of residential buildings in the case study
district simulated with the CEA.
demand

CEA building model
(kWh/m2 /yr )

SG statistical
(kWh/m2 /yr )

remarks

total EUI electric

64.4

56–72

statistical data incl.
gas

EUI lights

3.1

2–4

6–4% of electricity
consumption
39-61% of electric EUI

EUI appliances

31.3

20–40 (26–47 incl. gas)

EUI water heating

14.2

6–14 (only electric)

11–21% of electric EUI

EUI cooling

15.8

12–23

24-36% of electric EUI

Table B.11: Comparison of case study residential building model EUI to Singapore statistical data.

b.4

result details

This appendix contains detailed results of the UBEM simulations with the
different UBOP. Table B.12 shows the weekly occupancy peaks in the district.
Table B.13 shows the weekly cumulative district occupancy. Table B.14 shows
the annual energy demand of the district and the annual potential for solar
energy yield. Table B.15 shows the decentralized and centralized peak
cooling power demand in all commercial buildings in the district and Table
B.16 shows the same information for the entire case-study district. Table
B.17 shows the district cooling energy demand of the case study.
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UBOP

weekly peak of
people in restaurants
( people)

weekly peak of
people in retail
( people)

weekly peak of
people in district
( people)

base

59,849

17,699

93,074

mean-cap

43,886

14,373

75,821

med-cap

49,213

15,922

81,372

div-cap

36,367–54,788

13,035–16,120

68,701–86,151

mean-peak

59,851

17„696

94,091

med-peak

59,850

17,695

93,148

div-peak

59,844–59,853

17,695–17,704

91,434–96,951

mean-sum

100,647

19,674

136,251

med-sum

149,883

22,738

186,402

div-sum

74,947–122,122

17,510–22,488

112,726–156,196

Table B.12: Peak occupancy in the district obtained with different UBOP.

UBOP

weekly sum of
people in restaurants
( people ∗ h)

weekly sum of
people in retail
( people ∗ h)

weekly sum of
people in district
( people ∗ h)

base

3,777,287

1,024,124

8,875,763

mean-cap

1,647,091

748,209

6,469,652

med-cap

1,240,244

717,091

6,031,687

div-cap

1,484,784–1,881,622

677,509–816,019

6,279,666–6,713,483

mean-peak

2,246,234

921,451

7,242,037

med-peak

1,508,314

797,108

6,379,774

div-peak

1,784,790–3,111,986

847,998–1,009,129

6,748,831–8,084,693

mean-sum

3,777,306

1,024,002

8,875,660

med-sum

3,777,286

1,024,289

8,875,927

div-sum

3,777,207–3,777,361

1,023,739–1,024,224

8,875,362–8,875,894

Table B.13: Cumulative occupancy in the district obtained with different UBOP.
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UBOP

annual energy demand all-electric
( GWh/yr )

annual energy demand electric end-use
( GWh/yr )

annual PV yield
( GWh/yr )

base

170.50

77.93

20.21

mean-cap

160.50

71.65

20.21

med-cap

140.12

67.62

20.21

div-cap

137.09–142.78

67.90–69.35

20.21

mean-peak

164.47

71.66

20.21

med-peak

141.82

67.62

20.21

div-peak

139.34–150.53

67.89–69.75

20.21

mean-sum

174.83

71.68

20.21

med-sum

157.70

67.66

20.21

div-sum

150.18–156.26

67.84–69.83

20.21

Table B.14: Detailed district solar potential results.

UBOP

decentralized peak
restaurant
only
( MW )

centralized peak
restaurant
only
( MW )

decentralized peak
retail only
( MW )

centralized peak
retail only
( MW )

decentralized peak
restaurant
and retail
( MW )

centralized peak
restaurant
and retail
( MW )

base

22.5

22.5

13.7

13.7

36.2

33.2

mean-cap

17.6

17.6

12.3

12.3

29.9

28.9

med-cap

18.5

18.5

14.0

14.0

32.5

30.1

div-cap

24.2–24.9

16.3–21.2

14.4–15.2

11.8–12.9

39.0–39.8

26.6–30.6

mean-peak

21.4

21.4

12.6

12.6

34.0

32.2

med-peak

21.9

21.9

14.1

14.1

35.9

32.9

div-peak

27.8–40.4

22.1–23.7

14.4–15.2

12.1–12.9

42.6–55.1

31.3–34.4

mean-sum

34.1

34.1

12.8

12.8

46.8

45.0

med-sum

49.5

49.5

14.2

14.2

63.7

60.9

div-sum

44.2–57.7

27.9–41.5

14.6–15.9

12.1–13.6

58.9–73.0

39.2–51.1

Table B.15: Decentralized and centralized peak cooling power demand of the
commercial buildings in the case study obtained with different UBOP.
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UBOP

decentralized
peak restaurant
and retail and
office
( MW )

centralized peak
restaurant and
retail and office
( MW )

decentralized
peak restaurant
and retail and
office and residential
( MW )

centralized peak
restaurant and
retail and office
and residential
( MW )

base

64.9

59.2

93.5

59.2

mean-cap

58.7

55.2

87.2

55.3

med-cap

61.3

48.4

89.8

48.4

div-cap

67.8–68.5

43.9–48.7

96.3–97.1

43.9–48.7

mean-peak

62.8

55.3

91.3

56.4

med-peak

64.7

48.8

93.2

48.8

div-peak

71.4–83.9

45.1–53.1

99.9–112.4

45.6–53.1

mean-sum

75.6

55.5

104.1

58.8

med-sum

92.5

60.9

121.0

60.9

div-sum

87.7–101.7

50.7–62.0

116.2–130.3

51.1–62.0

Table B.16: Decentralized and centralized peak cooling power demand of the
entire case study district obtained with different UBOP.

UBOP

restaurant cooling
demand
( GWh/yr )

retail cooling
demand
( GWh/yr )

office cooling
demand
( GWh/yr )

residential cooling demand
( GWh/yr )

base
mean-cap

102.3

47.3

50.9

48.4

93.7

54.7

50.9

48.4

med-cap

55.9

40.1

50.9

48.4

div-cap

48.6–59.5

37.0–41.5

50.9

48.4

mean-peak

96.7

55.7

50.9

48.4

med-peak

57.4

40.5

50.9

48.4

div-peak

51.4–69.1

38.3–43.2

50.9

48.4

mean-sum

107.4

56.2

50.9

48.4

med-sum

77.5

41.7

50.9

48.4

div-sum

71.5–79.6

38.4–43.0

50.9

48.4

Table B.17: District cooling energy demand of the case study obtained with
different UBOP.

C
R E S E A R C H D ATA

The raw data and post-processing scripts of Chapter 4 and Chapter 5 are
available on the GitHub repository of the Chair of Architecture and Building
Systems at ETH Zurich. Please contact the person in charge at the chair to
get access to the following two repositories:
• github.com/architecture-building-systems/analyze-populartimes
• github.com/architecture-building-systems/occupancy-diversity
The raw data of Chapter 3 is owned by the National Research Foundation
of Singapore (NRF) and the Singapore University of Technology and Design
(SUTD). More information can be found on the website of the National
Science Experiment (NSE): www.nse.sg
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